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Abstract 

Hyperspectral imaging offers fine spectral measurements of target surfaces, finding utility in various 

fields. However, traditional hyperspectral systems grapple with high-cost issues. On the other hand, 

conventional RGB cameras, which provide relatively coarse measurements of surface spectra, are 

widely accessible. Consequently, the recovery of spectral information from RGB images has 

emerged as a popular approach for low-cost hyperspectral imaging, a venture also known as single-

image spectral super-resolution. Yet, existing methods, mostly rooted in deep convolutional neural 

networks, tend to suffer from limited interpretability. 

In our research, we propose an explainable method for single-image spectral super-resolution. This 

method relies on the RGBPQR colour space, a low-dimensional spectral data model representing 

the spectrum. Leveraging the RGBPQR spectral model, we can transform the spectral 

reconstruction task into a regression problem. To tackle the metamerism issue, we analysed existing 

spectral super-resolution networks and discovered that these networks often depend on local 

textural information as context to mitigate metamerism. Informed by this insight, we utilized features 

extracted from multiscale local binary patterns as contextual information to design our explainable 

method. 

Furthermore, in this study, we discussed the error measurements and loss functions employed in 

this research area and proposed a new error measurement that can represent performance more 

accurately. We also endeavoured to put forward a method for quantitatively measuring the ability to 

resolve metamerism, a critical problem in spectral super-resolution. Through our research, we 

offered a simple, low-dimensional, and explainable spectral super-resolution solution.  
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Chapter 1. Low-cost Hyperspectral Imaging 

1.1. Hyperspectral Imaging 

The reflectance of a material surface is defined as its effectiveness in reflecting radiant energy. It is 

the fraction of the reflected electromagnetic power over the incident power and is a function of the 

wavelength. The spectral reflectance represents many of the intrinsic features of the object, which 

are independent of both the illumination and the sensor's responses. Human eyes are sensitive to 

spectral reflectance in three bands, with three types of cones (long, medium, and short wavelengths, 

roughly corresponding to the perception of red, green, and blue hues, respectively). Conventional 

RGB cameras, which are designed to capture colour scenes for human visualization, also separate 

the visible range into three spectral bands: red, green, and blue.  

However, all colour (spectral) imaging encounters a key challenge: capturing data with one spectral 

dimension and two spatial dimensions using a 2D sensor. This problem occurs because each pixel 

in commercial camera sensors can only provide intensity measurements in one channel. Camera 

sensors have a finite number of pixels, which need to be allocated for capturing either spectral or 

spatial information. Increasing spectral resolution often requires dividing the sensor into more 

spectral bands, which in turn reduces the number of pixels available for each band. This can result 

in lower spatial resolution, as fewer pixels are used to capture the spatial details of the scene. 

Therefore, there is always a trade-off between spectral resolution and spatial resolution. For 

example, RGB cameras commonly use a Bayer filter, which groups the pixels into 2 × 2 blocks, with 

one red, two green, and one blue colour filter in each block. To generate a full-colour image, a 

process called demosaicing is used. During this process, the missing colour channels for each pixel 

are estimated using the information from neighbouring pixels. Various interpolation algorithms can 

be used to perform this task, with different levels of complexity and quality.  

However, three broadband filters cannot provide a precise measurement of spectral reflectance in 

many applications (Sowmya et al., 2019). Precise measurement of spectral reflectance is necessary 

to capture the physical and chemical properties of various materials, such as human skin, plant 
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canopies, and art paintings, in a non-destructive manner. To accomplish this, a hyperspectral or 

multispectral device is typically required. 

In contrast to the human eye and conventional RGB cameras, spectral imaging separates incoming 

light into a considerably larger number of bands. The difference between multispectral and 

hyperspectral imaging is the number of channels (bands) captured (Oh et al., 2016). Multispectral 

imaging generally captures a small number of channels (less than 10) usually of quite wide 

bandwidth in the visible and near-infrared range, while hyperspectral imaging usually records tens 

to hundreds of spectral bands in the visible and near-infrared ranges (Adão et al., 2017). Figure 1 

compares the spectral resolution of RGB, multispectral and hyperspectral cameras.  

 

Figure 1. Sketch of spectral resolution for RGB, multispectral and hyperspectral camera. 

(https://commons.wikimedia.org/wiki/File:Spectral_sampling_RGB_multispectral_hyperspectral_imaging.svg) 

The goal of multispectral and hyperspectral imaging (HSI) is to record the radiance or reflectance 

spectrum at each pixel in a scene of interest (Valero et al., 2007). The measured pixel intensities of 

a camera at one spatial position 𝑖𝑘 can be modelled as the product of the spectral reflectance of the 

point 𝑠(𝜆), the spectral power distribution of the illuminant 𝑙(𝜆), and the camera spectral sensitivities 

𝑐𝑘(𝜆), where 𝑘 is the channel number, integrating over the spectral range. 

 𝑖𝑘 = ∫𝑐𝑘(𝜆)𝑙(𝜆)𝑠(𝜆)𝑑𝜆 1-1 

For an RGB camera, 𝑘 is in {1, 2, 3} for the red, green and blue channel. For a hyperspectral camera, 

with 10 nm spectral resolution as an example, the visible range (400 nm to 700 nm) would have 31 

bands. With the additional bands, hyperspectral cameras can provide a more precise measurement 

of the spectrum. Generally, the collected spectral data is represented as a 3D data cube, expressed 

in 𝑥  ×  𝑦  ×  𝜆 , where 𝑥 × 𝑦  represents the 2D spatial coordinates and 𝜆  represents 1D spectral 

dimension. However, capturing such high spectral resolution with a 2D sensor makes the 

hyperspectral system complex, and there is always a trade-off between spectral resolution, spatial 

resolution and frame rate. Section 1.2 provides an overview of the current approaches utilized for 

hyperspectral imaging. 
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1.2. Direct Approach for Hyperspectral Imaging 

The classic (direct) hyperspectral approach, as opposed to computational techniques, uses optical 

elements to measure spectral radiance in each band. The major approaches can be classified into 

four categories, as demonstrated in Figure 2, which shows how these methods capture spatial and 

spectral information. All measured results from the direct methods should be further reshaped into 

the 3D hyperspectral data cube. The four categories are:  

• Point Scanning 

This technique captures the spectral reflectance of a single pixel at a time and reconstructs 

the entire spatial scene by scanning the point of interest in 2 dimensions through the scene. 

The advantage of point scanning is that it can achieve high spectral resolution. However, 

the disadvantage of this method is that achieving high spatial resolution requires a huge 

amount of time and effort during the operation (Kamruzzaman & Sun, 2016) (Lodhi et al., 

2019) (Lu & Fei, 2014) (Willett et al., 2013).  

• Line Scanning 

Compared to the point scanning approach, the line scanning approach measures a line of 

pixels (1 spatial dimension) at a time. By spreading the spectra, the spectral dimension is 

mapped to the second dimension of a 2D sensor. To obtain a 2D spatial measurement, the 

line scanning device still requires line-by-line scanning through the target scene (Lodhi et 

al., 2019) which still takes time to operate.  

• Spectral Scanning 

Spectral scanning measures one spectral channel of an image scene at a time. The spectral 

resolution is obtained by shifting a series of spectral filters in front of the image sensor. 

Compared to the previous two approaches, spectral scanning typically offers higher spatial 

resolution but a lower spectral resolution (Nieves, 2020). 

• Snapshot 

Also known as single-shot multi-point spectrometry, the snapshot sensor can capture the 

full spectrum of an image scene without multiple operations. It works by applying multiple 

prisms for image division and wavelength discrimination before the light reaches the sensor. 

Like a single-chip colour camera, each pixel only captures a single wavelength. Snapshot 

sensors aim for higher frame rates, but the spatial and spectral resolution are commonly 

lower than the other techniques (Hagen & Kudenov, 2013) (Adão et al., 2013). 
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Figure 2. How different direct hyperspectral methods capture spatial and spectral information. 

(https://commons.wikimedia.org/wiki/File:Multispectral_imaging_approaches.svg) 

However, compared to conventional RGB imaging, all direct hyperspectral approaches are relatively 

complex and hard to build (Cao et al., 2011) (Gao et al., 2010). Due to their complexity, HSI devices 

typically cost tens of thousands of dollars (CBRNE Tech Index Webpage). In addition to the financial 

cost, the huge amount of data provided by HSI also requires high computation and memory costs.  

Meanwhile, there is an increasing requirement for hyperspectral data in many applications. 

Hyperspectral imaging is a useful tool that enables a deep analysis of the physical properties of a 

scene in a non-destructive manner. HSI has been used extensively in remote sensing for agricultural 

(Muñoz-Huerta et al., 2013) (Adão et al., 2017) and environmental applications (Gardner & Sharp, 

2010). As a non-destructive technique, HSI has been applied in medical science for cancer detection 

(Lu & Fei, 2014) (Halicek et al., 2019), as well as in fields such as food science (D. G. Kim et al., 

2009) (Kamruzzaman & Sun, 2016), and history and cultural heritage (Akhtar et al., 2014). 

Given the increasing need for hyperspectral data and the high cost of existing HSI devices, the goal 

of achieving low-cost and easy-operational hyperspectral imaging has become a popular research 

topic in recent years. RGB sensors, which have red, green, and blue channels in the visible range, 

are common devices found in consumer cameras, webcams, and smartphones. Compared to HSI 

sensors, RGB sensors are cheaper and easier to operate. Therefore, obtaining low-cost 

hyperspectral images via RGB sensors has become a popular research topic. However, recovering 

the missing spectral data when using an RGB sensor requires additional sources of information. In 

the next section, we will introduce the approaches used to obtain hyperspectral images using an 

RGB sensor and explain where the additional spectral information comes from.  

https://commons.wikimedia.org/wiki/File:Multispectral_imaging_approaches.svg
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1.3. Using an RGB Sensor to Obtain Spectral Images 

Compared to the direct approach, using an RGB sensor reduces the number of spectral 

measurements, offering a lower-cost solution. Given that a single RGB sensor can only provide wide 

and overlapping spectral measurements in the visible range, additional measurements are needed 

to recover the missing spectral details. Depending on the source of this extra information, RGB 

sensor based low-cost HSI approaches can be categorized into the following groups.  

The first approach works by applying a sequence of spectral filters in front of the RGB sensor. 

Valero et al. (2007) presented a low-cost hyperspectral solution with a conventional RGB digital 

camera with up to 3 colour filters to recover the spectral data of natural scenes. However, like the 

spectral scanning HSI method, this requires multiple shots of the same scene, so it is limited mostly 

to controlled environments and static targets. Imai et al. (2002) discussed filter selection when 

measuring spectral reflectance. They compared narrowband and wideband filtering for multispectral 

imaging and showed that although the narrow band is theoretically more robust, in some cases good 

results are provided by a wideband filter set.  

The second approach uses multiple sets of illumination to provide extra information for the RGB 

sensor to recover the spectral features. Chi et al. (2010) presented a novel active imaging approach 

that uses optimized wideband filtered illumination to obtain multispectral reflectance information. 

They used filters to model an additional light source with a known spectrum and improved the ability 

to recover material reflectance information. This is different from filter-based spectral imaging 

because the authors put the filter in front of the additional light source rather than the sensor. 

However, this method has its limitations. This restricts its use in an indoor environment. The ambient 

illumination cannot be too intense compared to the additional light source; otherwise, changes in the 

radiometric response to adding a light source would be too small to detect. 

The third approach uses multiple RGB sensors to provide extra information to recover the 

reflectance/radiance spectrum of the target. The idea is to use the different spectral responses from 

different RGB sensors to increase the effective number of spectral bands captured. Oh et al. (2016) 

provided a framework for reconstructing hyperspectral images by using multiple consumer-level 

digital cameras. In particular, due to the differences in spectral sensitivities of the cameras, different 

cameras yield different RGB measurements for the same spectral signal. They introduced an 

algorithm that can combine and convert these different RGB measurements into a single 

hyperspectral image for both indoor and outdoor scenes. In this method, three cameras with known 

spectral responses were used. However, this approach also has its limitations, as the spectral 

response difference between any two consumer RGB cameras is typically quite small, which limits 

the amount of information that can be provided by adding each extra camera. There is also the 

difficulty of registering the images captured by cameras from slightly different locations. 
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In today's world, there is a growing availability of hyperspectral datasets, leading researchers to 

develop computational spectral reconstruction models that use existing spectral data to recover 

missing spectral information from RGB input. As machine learning and deep learning algorithms 

continue to advance, more reconstruction models have been proposed. This cost-effective and data-

driven approach to hyperspectral solutions is commonly referred to as spectral super-resolution. The 

remainder of the thesis will focus on spectral super-resolution.  

1.4. Spectral Super-Resolution (SSR) 

Spectral super-resolution refers to a technique that aims to enhance the spectral resolution of a 

given image or data beyond the capabilities of the original sensor or system. In this research, we 

limit the discussion of single-image spectral super-resolution to methods that use algorithms or 

computational methods to estimate and reconstruct high-resolution spectral information in the visible 

range from an RGB image. This can be achieved through various approaches, such as statistical 

methods, machine learning, or deep learning. However, this problem is ill-posed because many 

possible high-resolution spectra could give rise to the same RGB (metamerism), and there is not 

enough information in the RGB to uniquely determine the high-resolution spectrum. In mathematics, 

inverting equation 1-1 with 3 equations from the RGB channels is under-determined. Therefore, 

before delving into the existing spectral super-resolution methods, it is necessary to explain why it 

is possible to recover spectral information from an RGB input and what factors limit the accuracy of 

the reconstruction.  

1.4.1. Why Single Image Spectral Super-Resolution is Possible? 

To better understand why single image spectral super-resolution is possible, it is necessary to first 

study the intrinsic dimensionality of natural spectral data. Figure 3 shows the spectral reflectance of 

a point on a flower (indicated by the red point on the left) from the NTIRE 2022 dataset (Arad et al., 

2022). It is clear that in the visible range, the spectrum of the flower appears relatively smooth. Not 

only the flower but also the spectral reflectance of most natural materials are usually smooth, with a 

high correlation between neighbouring wavelengths (Burns, 2020). The smoothness and correlation 

between neighbouring bands often result in measured hyperspectral data that contain large 

redundancy, which enables it to be represented in a low-dimensional manner.  
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Figure 3. Spectra of flower from the NTIRE 2022 HSI dataset. 

Two commonly used methods for reducing the dimensionality of hyperspectral data are feature 

selection and feature extraction. Feature selection aims to identify a subset of wavebands that 

contain the most information while minimizing redundancy. However, selecting a limited number of 

wavebands will unavoidably result in some information loss, no matter how carefully the wavebands 

are chosen. 

Compared to feature selection, feature extraction is a more popular method. Principal Component 

Analysis (PCA) is the most famous and commonly used feature extraction method. It allows the 

hyperspectral data to be represented in a lower-dimensional space while preserving the most 

important information (Sowmya et al., 2019).  

PCA is defined as an orthogonal linear transformation that transforms the data to a new coordinate 

system such that the greatest variance of the data lies on the first coordinate (called the first principal 

component), the second greatest variance on the second coordinate, and so on. Consider 𝑛 

samples, each of 𝑝 measured feature values, arranged as an 𝑛 × 𝑝 data matrix, 𝑋, in which the 

sample mean of each column has been shifted to zero. Mathematically, the transformation is defined 

by a set of 𝑙 of 𝑝-dimensional unit basis vectors 𝐵, where 𝑙 ≤ 𝑝. These map each sample to a new 

vector of principal component weights (or scores) 𝑊 given by: 

 𝑊 = 𝑋𝐵 1-2 

in such a way that the individual components of 𝑊 (considered over the data set) successively 

inherit the maximum possible variance from 𝑋 . Since 𝑋𝑇𝑋  is a positive semidefinite matrix the 

transform vectors 𝐵  are given from the eigenvectors of 𝑋𝑇𝑋  corresponding to the 𝑙  largest 

eigenvalues.  
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Utilizing the principal components results in the minimum squared error for any linear transformation 

of a given dimensionality, which explains the widespread use of PCA in various applications. PCA 

effectively retains the most essential information while minimizing the reconstruction error, making 

PCA a popular choice for tasks such as data compression, noise reduction, and feature extraction. 

Cohen (1964) used PCA to determine the sufficient dimensionality required to represent spectral 

reflectance data. The data set consisted of 433 chips from the Munsell Book of Colour, which were 

measured using a spectrophotometer with a 10 nm resolution from 380 nm to 770 nm. After PCA, 

the first three components were found to be sufficient to model the spectral reflectance. Component 

one extracted 92.25% of the cumulative variance, while the first two extracted 97.72% and the first 

three extracted 99.68%.  

However, as 433 different spectral reflectance are not sufficient to represent all types of reflectance, 

Maloney (1986) extended Cohen's work by including the Munsell colour samples and an additional 

337 spectral reflectances. After analysing this larger set, Maloney found that using 5 to 7 

components provided an accurate representation of the spectral data. However, the Munsell colour 

samples only contain limited types of spectra. In recent years, after analysing published natural 

hyperspectral databases, a dimensionality of 8-10 is commonly considered sufficient to represent 

spectral data (Khodr & Younes, 2011).  

We applied PCA to the newest and biggest hyperspectral dataset, NTIRE 2022 (Arad et al., 2022), 

until the time of this report. We randomly selected 1000 samples from each of the 900 hyperspectral 

images, resulting in a total of 900,000 samples. After applying PCA, we found that the first 

component alone could explain 88% of the total variance, while the first three components could 

explain over 95% of the total variance. Figure 4 shows the error in the represented spectra measured 

by root mean square error (RMSE) as a function of the number of components from PCA. When 

more than 6 components are used, the RMSE is less than 0.004. 

PCA is a widely used linear dimensionality reduction method for hyperspectral data analysis due to 

its speed and efficiency (Farrel & Mersereau, 2005) . However, there are cases where PCA is not 

suitable for feature extraction from hyperspectral images (Cheriyadat & Bruce, 2003). For example, 

Galliani et al. (2017) showed that PCA-based methods perform poorly in hyperspectral image-based 

remote sensing river detection since the PCA is not suitable to cover the underlying non-linear space 

of the spectral data. In addition to, PCA, there are several other linear and nonlinear dimensionality 

reduction methods, such as Locally Linear Embedding (Roweis & Saul, 2000), Kernel PCA (Vapnik, 

1999), and Stochastic Neighbour Embedding (Lafon & Lee, 2006). A detailed review of these 

methods can be found in review papers by Khodr (Khodr & Younes, 2011) and Silva & Melo-Pinto 

(2021). In recent years, methods such as t-SNE and UMAP have also been used to visualize the 

data structure of high-dimensional data (Devassy & George, 2020) (Vermeulen et al., 2021). 
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Figure 4. Error in the represented spectra decreases with the number of components from PCA. 

In many applications, the large data size of hyperspectral imaging can pose computational and 

memory challenges during processing. High-dimensional hyperspectral data can create problems 

for data analysis, parameter estimation, and classification. This is known as Hughes's phenomenon 

(Hughes, 1968) (Pal & Foody, 2010), whereas the dimensionality of the data increases, the volume 

of the space increases exponentially, leading to data becoming sparse. This sparsity makes it 

difficult for algorithms to identify meaningful patterns, and it often results in a decrease in the 

performance of the learning algorithm. One approach to address this challenge is to apply data 

dimensionality reduction techniques to the hyperspectral data before processing.  

Chakrabarti and Zickler (2011) conducted a statistical analysis of spectral data in a patch manner. 

The authors found that 20 PCA components could account for 99% of the total variance in 8 × 8  

spectral patches collected from over 50 hyperspectral images. By using Gaussian mixture models, 

they found that 8 dimensions could accurately describe the high-frequency spatial and spectral 

information. Therefore, if a group of spectral reflectance values from image patches can be well 

represented by an 8-dimensional model, then it is reasonable to assume that the spectral reflectance 

of each pixel can also be represented by an 8 or less-dimensional model. 

The spectral reflectance of an object often exhibits a smooth and redundant nature, allowing it to be 

well represented in a lower-dimensional manner. This characteristic makes the task of 

reconstructing spectral reflectance from RGB values less daunting and more feasible. Despite the 

lower-dimensional representation capturing the majority of the spectral information, a big challenge 

persists in estimating the missing spectral detail from RGB images. This challenge is known as 

metamerism, a phenomenon where different spectra produce identical RGB values under a specific 
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illuminant. This makes it challenging to distinguish and accurately recover the true spectral 

reflectance without incorporating additional or contextual information. The following section 

introduces the metamerism problem.  

1.4.2. What limits the Spectral Super-Resolution? 

Metamerism is defined as different spectral reflectance producing equal camera sensor responses 

under the same illuminant. This phenomenon occurs because the 3 channels of the consumer 

camera are insufficient to represent all the degrees of freedom needed to specify different spectra. 

In Figure 5, an example of metamers is shown, where the blue line in the plot corresponds to the 

spectra of a green man-made painting, while the red line corresponds to the spectra of green plant 

leaves. Although the spectra of these two surfaces have different distributions in the visible range, 

from a human perceptual (CIE 1964) standpoint, they are perceived as the same colour.   

 

Figure 5. Example of metamers. 

Foster and Amano (2006) analysed the frequency of metameric surfaces. After testing 50 

hyperspectral images, the researchers announced that the frequency when the surface becomes 

undistinguishable under one light source is about 1% to 10%, which is sufficiently large to affect 

visual inferences about material identity. However, when under a second light source, the frequency 

of undistinguishable pairs reduces to between 0.001%  and 0.1% (Kulappurath & Shamey, 2021). 

For spectral super-resolution, since additional illumination is usually not available, metamerism is 

not a problem that can be ignored. 
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Due to metamerism, there is no one-to-one mapping from RGB values to spectra. Instead, for a 

given RGB value, there may be multiple possible spectra corresponding to it. As a result, spectral 

super-resolution becomes a complex non-linear problem, whereas, without metamerism, it can be 

simply solved for example through a lookup table-based method. Previous research has shown that 

accurate recovery of surface spectral reflectance is usually impossible exclusively with conventional 

RGB cameras without additional measurements or relevant prior knowledge (Park et al., 2007). 

Data-driven approaches to spectral super-resolution rely on this prior knowledge derived through 

training.  

1.5. Summary  

High spectral resolution can provide more detailed information about the composition and 

characteristics of the observed materials in a scene. This enhanced spectral information can lead to 

more accurate and precise classification, identification, and quantification of materials. However, 

acquiring high-resolution hyperspectral imagery can be expensive, as it often requires specialized 

sensors and platforms. Therefore, spectral super-resolution, which can help reduce costs by 

generating high-resolution spectral data from more readily available RGB images, has become a 

popular research topic.  

In this thesis, we will analyse existing single-image spectral super-resolution methods, identify their 

limitations, and propose a novel approach that addresses these limitations. Through a 

comprehensive examination of current techniques, we will uncover areas of potential improvement 

and leverage these insights to develop an innovative method for spectral super-resolution. The rest 

of this thesis is organized as follows:  

In Chapter 2, we provide a comprehensive review of existing methods that reconstruct spectral 

reflectance from RGB values, highlighting their key principles, advantages, and limitations. We also 

discuss the underlying concepts, such as evaluation metrics, optimization techniques, and machine 

learning approaches employed in these methods. At the end of Chapter 2 after reviewing existing 

methods detailed research goals are identified.  

In Chapter 3, we initially integrate the RGBPQR spectral model into the spectral super-resolution 

task, offering a detailed explanation as to why this model is particularly suitable for resolving spectral 

reconstruction tasks.  

In Chapter 4, we explore the potential of utilizing local spatial information as context for addressing 

the metamerism problem, by examining how incorporating spatial context can contribute to resolving 

spectral ambiguities that arise due to metamerism.  
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In Chapter 5, we analyse how spatial information is utilized by deep learning methods from two 

perspectives and how the spatial information can be used in a more explainable manner. 

In Chapter 6, we present a novel single image spectral super-resolution model based on previous 

Chapters. The results of our proposed method are compared against the baseline methods. We 

discuss the strengths and weaknesses of our approach, along with the implications of our findings. 

Finally, we conclude the thesis by summarizing our findings, discussing the contributions of our 

research, and outlining potential avenues for future work in the field of single-image spectral super-

resolution.  
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Chapter 2. Recovering Spectral Information from RGB 

Images 

With the increasing computational capabilities and more powerful machine learning and deep 

learning, models have been developed and shown great potential in solving regression and 

classification tasks. Meanwhile, there has been a dramatic increase in the number of accessible 

hyperspectral databases. Consequently, recovering spectral information using trained machine 

learning or deep learning models has become feasible. Several deep-learning research groups have 

concentrated on this topic and achieved remarkable reconstruction accuracy. This chapter aims to 

review the current state-of-the-art computational methods used to reconstruct hyperspectral images 

from RGB images. Before reviewing the state of the art, it is necessary to introduce the performance 

evaluation metrics and the existing datasets. 

2.1. What is a Good Reconstruction? 

It is important to be able to quantify the quality of the spectral reconstruction. This section reviews 

the commonly used error measurements when comparing the reconstructed and original spectral 

reflectance. These error measurements are also used as loss functions when training convolutional 

neural networks to recover spectral information.  

2.1.1. Evaluation Metrics in Spectral Super-Resolution 

• Root Mean Square Error (RMSE) 

Mean square error (MSE) is a statistical measure used to quantify the differences between a set of 

predicted values and their corresponding actual values. It represents the power of the error signal 

between the reconstructed spectral reflectance and the original spectral (ground truth), and is 

defined as: 



 
 
Chapter 2. Recovering Spectral Information from RGB Images 

14 
 

 𝑀𝑆𝐸 =
∑ (𝑃𝑔𝑡𝑖𝑐 − 𝑃𝑟𝑒𝑐𝑖𝑐)

2

𝑖,𝑐

|𝑃𝑔𝑡|
 2-1 

where the 𝑃𝑔𝑡𝑖𝑐  and 𝑃𝑟𝑒𝑐𝑖𝑐  refer to the value of the 𝑖-th pixel on the 𝑐 spectral channel in the ground 

truth and the reconstructed image respectively, and the |𝑃𝑔𝑡| is the volume of the data cube (the 

number of pixels times the number of spectral channels). 

The root mean square error (RMSE) represents the error in terms of amplitude rather than power: 

 𝑅𝑀𝑆𝐸 = √
∑ (𝑃𝑔𝑡𝑖𝑐 − 𝑃𝑟𝑒𝑐𝑖𝑐)

2

𝑖,𝑐

|𝑃𝑔𝑡|
 2-2 

A related error measurement based on the RMSE is Peak Signal to Noise Ratio (PSNR):  

 𝑃𝑆𝑁𝑅 = 10log10 (
𝑝𝑒𝑎𝑘2

𝑀𝑆𝐸
) 2-3 

Peak Signal-to-Noise Ratio is defined as the ratio between the maximum possible signal value of 

the reconstructed spectrum (e.g., 255 for 8 bits) and the power of noise or error. Since many ratios 

have a wide dynamic range, PSNR is usually expressed in terms of the logarithmic decibel scale.  

• Mean Relative Absolute Error (MRAE) 

The Absolute Error is defined as the absolute difference between the original spectrum and the 

reconstructed spectrum.  

 𝑀𝐴𝐸 =
∑ |𝑃𝑔𝑡𝑖𝑐 − 𝑃𝑟𝑒𝑐𝑖𝑐|𝑖,𝑐

|𝑃𝑔𝑡|
 2-4 

While the Relative Absolute Error (RAE) is defined by the ratio between the Absolute Error and the 

magnitude of the original spectrum. The Mean Relative Absolute Error (MRAE) measures the 

average RAE of the whole image scene. MRAE was chosen to rank the results for the NTIRE (Arad, 

et.al., 2018; 2020; 2022) spectral recovery competitions. The MRAE is commonly used as the loss 

function when training deep neural networks to recover spectral information (Lin & Finlayson, 2021).  
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𝑀𝑅𝐴𝐸 =

∑
|𝑃𝑔𝑡𝑖𝑐 − 𝑃𝑟𝑒𝑐𝑖𝑐 |

𝑃𝑔𝑡𝑖𝑐
𝑖,𝑐

|𝑃𝑔𝑡|
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When multiplied by 100% the MRAE gives the mean absolute percentage error.  

• Spectral Angle Mapper (SAM) 

Spectral Angle Mapper (SAM) determines the differences between the original spectrum and the 

recovered spectrum by treating them as two vectors and calculating the angle between them: 

 𝑆𝐴𝑀 = cos−1

(

 
∑ 𝑃𝑔𝑡𝑐𝑃𝑟𝑒𝑐𝑐𝑐

√∑ 𝑃𝑔𝑡𝑐
2

𝑐 √∑ 𝑃𝑟𝑒𝑐𝑐
2

𝑐 )

  2-6 

where the 𝑃𝑔𝑡𝑐 and 𝑃𝑟𝑒𝑐𝑐  refer to the value of the 𝑐-th spectral channel of the ground truth and the 

reconstructed pixel respectively. The mean of SAM from the whole image scene can be used as a 

general error evaluation. SAM is independent of the exposure when the image was taken, and it is 

commonly used in hyperspectral image classification (Murphy et al., 2012) (Ayhan & Kwan, 2017).  

• CIE Delta E (∆𝑬) 

The CIE Delta E measures the difference between two spectra from an aspect of human perception. 

The reconstructed and original spectra first need to be converted into a colourimetric value with the 

same camera spectral response function and illumination. Then the colourimetric value needs to be 

converted into CIELAB colour space, which implies specifying a white point (illuminant/camera). 

Here we use (𝐿𝑔𝑡 , 𝑎𝑔𝑡 , 𝑏𝑔𝑡) and (𝐿𝑟𝑒𝑐 , 𝑎𝑟𝑒𝑐 , 𝑏𝑟𝑒𝑐) to represent the converted LAB value for the original 

and reconstructed spectrum. The ∆𝐸 1964 is defined as: 

 ∆𝐸 = √(𝐿𝑔𝑡 − 𝐿𝑟𝑒𝑐)
2
+ (𝑎𝑔𝑡 − 𝑏𝑟𝑒𝑐)

2
+ (𝑏𝑔𝑡 − 𝑏𝑟𝑒𝑐)

2
 2-7 

There are two updates for ∆𝐸 1964 addressed to perceptual non-uniformities in 1994 and 2000 

prospectively. ∆𝐸  is measured on a scale from 0 to 100, where 0 refers to the same colour. 

Commonly, when ∆𝐸 less than 1 the colour difference is not noticeable from a human perceptual 

standpoint; while when ∆𝐸 is between 1 and 2, the colour difference could be noticed with a close 

observation; when ∆𝐸 is less than 10 the difference could be observed from a glance; while when 

∆𝐸 is larger than 50, the colours are more opposite than similar (Lee & Powers, 2005). 
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2.1.2. Comparison Between Evaluation Metrics  

The RMSE and MRAE both focus on the difference in intensity between the recovered spectrum 

and the reference spectrum at one or multiple wavelengths. They share similarities, such as not 

being concerned with the direction of the error and having a negative orientation, which means that 

lower values indicate a smaller error. However, there are also differences between them. 

Because errors are squared before averaging, the RMSE is a natural loss function for regressions 

that minimizes least squares error. In some cases, the RMSE can be easily optimized with linear 

approaches due to its least square characteristic. The RMSE gives a relatively high weight to large 

errors, which means it is more sensitive to outliers than the MRAE. When larger errors are 

undesirable for an application, the RMSE would be a useful error measurement.  

From an interpretive perspective, the MRAE is a better choice since it provides a straightforward 

average error metric. Additionally, the MRAE has an advantage over the MAE and RMSE in that it 

is insensitive to scaling, which can occur due to exposure. When both the original spectrum 𝑃𝑔𝑡 and 

the recovered spectrum 𝑃𝑟𝑒𝑐  are scaled by a factor of 𝑠 , the RMSE is also scaled by 𝑠  as 

𝑅𝑀𝑆𝐸(𝑠𝑃𝑔𝑡 , 𝑠𝑃𝑟𝑒𝑐) = 𝑠 ∗ 𝑅𝑀𝑆𝐸(𝑃𝑔𝑡 , 𝑃𝑟𝑒𝑐), as is the MAE. However, the MRAE will remain the same 

as 𝑀𝑅𝐴𝐸(𝑠𝑃𝑔𝑡 , 𝑠𝑃𝑟𝑒𝑐) = 𝑀𝑅𝐴𝐸(𝑃𝑔𝑡 , 𝑃𝑟𝑒𝑐). In this case, a factor of 𝑠 in RMSE might not represent a 

big difference in the spectrum and can disproportionately influence the error. However, when the 

original and recovered spectrum have different scaling, both RMSE and MRAE will be affected. The 

RMSE is also sensitive to outliers because it squares the error terms. This can lead to a greater 

emphasis on larger errors and may not be desirable if the goal is to focus on the overall error 

distribution rather than the extreme cases. These reasons explain why the current CNN-based 

spectral super-resolution methods chose MRAE as the loss function. 

However, MRAE has two disadvantages. First, it produces infinite or undefined values for zero or 

close to zero values (Kim & Kim, 2016). This gives more weight to wavelength (channels) where the 

ground truth spectrum is close to 0. Second, and more importantly, when using the relative model 

as a loss function, the system will systematically give predictions that are lower than the ground truth 

(Kolassa & Martin, 2011). Let 𝑃𝑔𝑡𝑖𝑐1
 and 𝑃𝑔𝑡𝑖𝑐2

 represent the intensity of the ground truth spectrum at 

𝑖th pixel at 𝑐1th spectral channel and 𝑐2th spectral channel respectively, and 𝑃𝑔𝑡𝑖𝑐1
≫ 𝑃𝑔𝑡𝑖𝑐2

. Here, 

we assume both spectral channels have the same error 𝑒. When measuring the relative error, the 

error in the 𝑐2th the channel would appear higher. As a result, the measured error is biased. When 

performing spectral reconstruction, using MRAE as the loss function would give high weights to low-

intensity spectral channels. In spectral imaging, information is typically encoded in the spectral 

content or distribution across different wavelengths. Since wavelengths with higher intensity play an 

important role in determining the distribution of a spectrum, giving high weight to channels with low 
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intensity would be inadvisable in some cases. Additionally, some applications may prioritize specific 

wavelengths, such as the red edge near 680 nm which is used to estimate the chlorophyll content 

of plant leaves. In these cases, a weighted error measurement that emphasizes those wavelengths 

would be more appropriate. Overall, the choice of error measurement in spectral super-resolution 

should be based on the specific application and its priorities. 

Although ∆E is based on human perception and relates to colour differences, it cannot directly 

quantify differences between corresponding spectra. This limitation becomes particularly 

pronounced when dealing with spectral samples affected by metamerism. Even if they appear 

similarly coloured to the human eye, the shapes of their spectra could differ significantly.  

For applications that primarily focus on the shape of the spectrum, such as classification, spectra in 

the same shape but different scales should be normalized to the same magnitude. In such cases, 

the SAM, which is not affected by scaling effects, would be a better choice. 

2.1.3. Using 95% Error Instead of Mean Error Measurement  

The error metrics we've discussed earlier all utilize an aggregate measurement—specifically the 

mean—across samples to evaluate the accuracy of reconstructed spectra relative to the original 

spectra. Nevertheless, employing mean error as a representative gauge of spectral similarity comes 

with several inherent drawbacks. These include sensitivity to outliers—where even a single aberrant 

point can significantly skew the average error. Moreover, the mean error fails to account for 

skewness: if the error distribution is lopsided, the mean may not be the most representative indicator 

of central tendency, contrary to expectations. 

Consider Figure 6, which depicts the distribution of SAM error when using 5 (distribution 1) and 6 

(distribution 2) PCA components, as introduced in the previous section, to represent spectral data. 

For spectral data, the reconstruction or representation error isn't likely to follow a Gaussian 

distribution; instead, it typically exhibits a skewed distribution with a long tail, characterized by 

outliers. Consequently, the average error fails to provide a comprehensive depiction of the error 

distribution in spectral data reconstruction or representation. 

A further limitation of using average error to gauge the performance of spectral data reconstruction 

or representation is the difficulty of defining a significant difference. Frequently, a newly proposed 

method might report an improvement in reconstruction accuracy of as little as 0.001 in the MRAE. 

However, it's challenging to ascertain whether such a marginal improvement is genuinely significant 

or simply due to an enhanced reconstruction of a specific outlier. 
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To overcome these limitations, we propose a comprehensive analysis of the error measurement 

distribution when comparing reconstruction performances. Consider Figure 6, for example, the mean 

errors when using 5 and 6 PCA components are relatively close, offering limited insight. Yet, when 

we present the error distribution, it becomes evident that incorporating the 6th component increases 

the likelihood of a lower SAM error for a larger number of samples. In addition to analysing the error 

distribution, we suggest using the 95th percentile error as an overall error measurement in this study. 

The 95% error is defined as the threshold below which 95th percentile of samples' errors fall. 

Compared with the average error, the 95th percentile error is less influenced by a few outliers and 

also accounts for the skewness of the error distribution. Moreover, the 95th percentile error can 

differentiate the performance of different reconstructions more distinctly, as shown in Figure 6 (b). 

 

(a) 

 

(b) 

Figure 6. The distribution of SAM when using 5 and 6 PCA components to represent spectral data. Dot lines 

in (a) show the mean of SAM while (b) show the 95th percentile (95%) error. 
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Hence, in this research, we opt for using the error distribution and the 95th percentile error instead 

of the average error when analysing the performance of reconstruction methods. It's critical for other 

researchers in the field of spectral reconstruction to consider the limitations we've highlighted in 

existing error measurements.  

2.2. Hyperspectral Databases 

This section provides a review of existing open-source hyperspectral databases. Table 1 summaries 

these databases, while the detailed information for each dataset follows the table. Early databases, 

such as CAVE, are relatively small. However, in recent years, competitions like NTIRE have made 

more hyperspectral data available. Having an overview of these datasets is crucial, as they will be 

involved in subsequent discussions.  

Table 1. Overview of the existing open-source hyperspectral dataset. 

 Number of 

images 

Spatial 

resolution 

Spectral 

resolution 

Spectral 

range 

Number of 

bands 

Scenes 

CAVE 

(Yasuma et 

al., 2010) 

32 512×512 10 nm 
400-700 

nm 
31 

Objects, colour 

checker 

ICVL 

(Arad & Ben-

Shahar, 2016) 

203 

1392×1300 

& 

1392×1100 

10 nm 
400-700 

nm 
31 

urban, rural, 

indoor, objects, 

plant 

NTIRE 2018 

(Arad et al., 

2018) 

286 

1392×1300 

& 

1392×1100 

10 nm 
400-700 

nm 
31 

urban, rural, 

indoor, objects, 

plant 

NTIRE 2020 

(Arad et al., 

2020) 

510 512×482 10 nm 
400-700 

nm 
31 

urban, rural, 

indoor, objects, 

plant 

NTIRE 2022 

(Arad et al., 

2022) 

1000 512×482 10 nm 
400-700 

nm 
31 

urban, rural, 

indoor, objects, 

plant 

The CAVE database images were captured in indoor settings under CIE Standard Illuminant D65 

lighting conditions. This dataset boasts a diverse array of subjects, encompassing both genuine and 

artificial fruits, various food items, beverages, and more. 

ICVL database, introduced by Arad and Shahar in conjunction with their sparse coding method in 

2016, is a valuable resource for hyperspectral imaging studies. It consists of 203 images captured 

under natural lighting conditions. Encompassing a diverse range of indoor and outdoor scenes, the 

ICVL database provides a broad spectrum of visual data for in-depth exploration and analysis.  
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NTIRE 2018 is an extension of the ICVL database with an increased number of images. 

NTIRE 2020 were captured using a mobile hyperspectral camera (Specim-IQ) taken under natural 

lighting conditions. 

NTIRE 2022 serves as an expanded version of the NTIRE 2020 database. As the most extensive 

hyperspectral database available, NTIRE 2022 houses a diverse array of image scenes and subjects, 

spanning both indoor and outdoor environments. This comprehensive collection thus provides a rich 

resource for the study and understanding of various hyperspectral imaging applications.  

It's important to note that the datasets mentioned in our study are all hyperspectral images, rather 

than the spectral reflectance measurements of the observed materials. In essence, the data 

encapsulates the spectral radiance under illuminant, captured by a hyperspectral camera. These 

databases are appropriate for research topics such as low-cost hyperspectral imaging (including 

spectral super-resolution), but they cannot be employed as spectral reflectance data. If an 

application necessitates spectral-reflectance data, it becomes necessary to estimate the illuminant 

from the hyperspectral images. For databases like CAVE, where the illuminant is known, this 

process is relatively straightforward. However, for databases such as NTIRE, estimating the 

illuminant becomes a necessary step, which increases the complexity of the task. This illuminant 

estimation requires additional steps and algorithms, which may also introduce potential sources of 

error or uncertainty in the spectral-reflectance data. 

Furthermore, the RGB values in these databases are simulated from the captured spectra using 

RGB camera models with various settings. They do not represent actual data obtained directly from 

real-world scenes. This is a crucial distinction to consider when applying or interpreting the data from 

these databases.  

2.3. A linear Mapping from RGB to Spectrum 

In the previous chapter, we discussed how spectral data can be represented accurately as a linear 

combination of a few basis functions. In earlier works (Marimont & Wandell, 1992) (F. H. Imai & 

Berns, 1999), researchers attempted to reconstruct a spectrum with linear basis functions, without 

using prior spectral data. Equation 2-8 represents the target spectrum as 𝑠 , which can be 

represented as a linear combination of 𝑁 basis functions 𝑏, with weights (coefficients) 𝑤. 

 𝑠 =∑𝑏𝑖𝑤𝑖

𝑁

𝑖=1

 2-8 
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However, there are two challenges for this approach: first, finding the basis functions that can 

accurately represent the spectral data, and second, estimating the corresponding 

weights/coefficients for each basis function. One simple approach is to utilize the camera function 

as a reference basis function and calculate the weights based on the RGB values. As discussed in 

Chapter 1, the RGB values of the camera can be modelled as:  

 𝜌𝑘 = ∫𝑐𝑘(𝜆)𝑙(𝜆)𝑠(𝜆)𝑐𝑘(𝜆)𝑑𝜆 2-9 

with 𝑘 in {1,2,3} (Adão et al., 2017). If the spectrum is represented by a series of discrete wavelength 

samples, then Equation 2-9 can be represented in matrix form: 

 Ρ = 𝐶𝐿𝑆 2-10 

where Ρ contains the tristimulus vectors representing the RGB values of each sample point, 𝐶 is the 

camera’s spectral response functions, 𝐿  represents the illumination and 𝑆  contains the spectral 

reflectances of each sample. Given that low-cost HSI aims to recover the spectral radiance 

measured by a hyperspectral device using an RGB camera, we simplify our discussion by replacing 

𝐿𝑆 with the spectral radiance (𝑅) measured by the camera. Then 2-10 can be further written as: 

 Ρ = 𝐶𝑅 2-11 

With 2-11, the RGB values Ρ could be up-sampled into spectra by using the pseudo-inverse of 𝐶: 

 𝑅̂ = 𝐶+Ρ 2-12 

However, unconstrained inversion of the camera function usually results in an unsmooth up-sampled 

spectrum. This is because the spectral sensitivities of the red, green, and blue channels overlap in 

the visible range. Using the RGB values directly as weights of the inverted camera function may 

lead to a large different up-sampled spectrum compared to the original spectrum.  

Instead of using the camera function, Glassner (1989) proposed a simple matrix inversion method 

that used three basis functions (constant, sine, and cosine) to derive the spectrum from an RGB 

triplet. Sun et al. (1999) used three smooth Gaussian functions as basis functions based on RGB 

values as weights for those functions. However, these approaches could result in reflectance spectra 

with negative values, which is physically impossible. Smits (1999) addressed this issue by 

considering the smoothness of the recovered spectrum and representing it as a linear combination 

of non-negative white and colour spectral bases. In addition to the basis functions corresponding to 

RGB colour space, Smits introduced basis functions for cyan, magenta, and yellow to smooth the 
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recovered spectra. However, the up-sampled spectrum is poorly correlated to the measured 

spectrum, except for being smooth.  

Meng (2015) proposed a multiple basis function method, where the spectral basis is precomputed 

based on regularly sampled grid points on the XYZ colour space. Then, the bases are used as a 

lookup table to up-sample the spectra based on a linear combination of weights calculated by a 

colourimetric triplet. Burns (2020) redefined smoothness by minimizing the squared slope of the 

reconstructed spectrum between neighbouring spectral bands. At the same time, the authors 

considered the colour constancy of the recovered spectrum when designing the reconstruction 

functions, by adding an extra constraint that requires the recovered spectrum to be associated with 

the original XYZ value which is referenced to a given illuminant.  

However, solely considering the smoothness and non-negativity of the spectrum is not enough to 

ensure that the recovered spectrum is close to the original. As more and more spectral databases 

became available, researchers began exploring methods for learning the basis functions from 

spectral data priors. The following sections will review these prior-based methods, we start the 

review with traditional models and then consider deep models.  

2.4. Traditional Prior Based Methods 

2.4.1. PCA Basis 

Principal Component Analysis (PCA) is the most popular method for linear dimensionality reduction, 

and it has long been used to represent spectral reflectance data. Equation 2-13 shows that spectra 

𝑆 can be represented as the product of the weight matrix 𝑊 and the PCA basis function 𝐵, in a 

lossless manner when the number of PCA components (bases) is equal to the number of wavelength 

bands. 

 𝑅 = 𝐵𝑊. 2-13 

Cohen (1964) first used PCA to represent colour spectral data in a low-dimensional manner. Early 

researchers attempted to use principal components as basis functions when reconstructing spectral 

information from RGB data. Fairman and Brill (2004) considered obtaining spectrum, principal-

component basis, and tristimulus values from each other with a linear transform with the first three 

components. However, when using a limited number of principal components to represent the data, 

important information may reside in the variance explained by subsequent components. To solve 

this problem, instead of using a single set of PCA bases, Fairman and Brill learned multiple PCA 
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bases for different colour clusters. From the result, directed bases for each cluster could increase 

the reconstruction accuracy compared with using general bases for all spectra.  

Ayala et al. (2006) learn 10 subgroups of PCA basis based on Munsell hues. For each group, the 

first three components are used to reconstruct spectra from RGB values. Hajipour and Shams-Neteri 

(2017) used a shallow neural network to classify spectral data into subgroups and used the first 

component as the basis function for each group. Then the spectra were represented by a linear 

combination of all learned bases. However, in this method, the possible metamerism within each 

cluster is ignored by assuming spectra with similar colours are also likely to be similar.  

In addition to using multiple groups, Agahian et al. (2008) proposed a weighted PCA-based method, 

where the weights are determined to minimise the colour difference (∆𝐸). Otsu et. al. (2018) further 

improved the PCA-based method, the authors involve colour consistency as a constraint by ensuring 

the generated spectrum can be converted into the reference tristimulus colours with the same 

camera function.  

Another challenge of using PCA bases to reconstruct spectral reflectance is determining how to 

correctly estimate the weights of PCA bases for given tristimulus colours. To better explain this 

problem, here we assume the camera function is 𝐶, and the tristimulus colours are given by: 

 Ρ = 𝐶𝑅 = 𝐶𝐵𝑊 2-14 

The weight 𝑊(𝐴) needs to be estimated from 𝐶𝐵 as: 

 𝑊(𝐴) = (𝐶𝐵(𝐴))
+
Ρ 2-15 

where 𝐴 is the number of bases. Accurately estimating more weights for components means a 

higher reconstruction accuracy. When the number of bases equals the number of colour channels, 

then 𝐶𝐵 is a full-rank square matrix and can be inverted. The weights of the first three bases can be 

estimated as: 

 𝑊(3) = (𝐶𝐵(3))
+
Ρ 2-16 

When the number of bases is larger than the number of colour channels, the problem becomes ill-

posed (the number of unknowns is larger than the number of equations). Although the weights can 

be estimated by the pseudo-inverse of 𝐶𝐵, the estimate differs significantly from the optimal weights 

obtained by projecting the spectra onto the PCA bases. In many cases, the estimated weights are 

out of the range of the expected PCA variance from the prior. As a result, the recovered spectral 
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reflectance would have a higher error. That is the reason why previously listed methods only used 

the first three components as the basis function. 

In considering this problem we derived a new PCA coefficient estimation method to recover spectral 

reflectance from RGB images (Chang et al., 2021). The main idea of the proposed method is to keep 

each of the estimated weights within the range of the PCA distribution of the data prior while ensuring 

that the recovered spectral reflectance can be converted to the given RGB value. Rather than solving 

2-15 by pseudo-inverse, we consider all possible solutions and select the most likely. With more 

than 3 bases, the system of equations is under-determined. With 4 principal components, the 

solutions to 2-15 fall on a line in the 4D PCA weight space. With 5 bases, the solutions to 2-15 fall 

on a plane on the 5D PCA weight space, and so on for more bases. It is this ambiguity in solutions 

that results in camera metamerism.  

Let 𝑊(𝐴) represent all the solutions of 2-15. Because the set of possible weights in 𝑊(𝐴) represent 

a linear system and because the first three weights can be determined from 2-16, then the set of 

solutions can use a parametric representation as a linear combination of the remaining 𝐴 − 3 

weights, which can be the parameterised by 𝑃. Therefore, we assume: 

 𝑊(𝐴) = 𝑃𝐾 +𝑊0 2-17 

where 𝐾 (size 𝐴 by 𝐴 − 3) determines the linear relation between 𝑃 and the first three weights 𝑊(3), 

and 𝑊0 is a constant array that satisfies 2-16 when 𝑃 = 0, this parameterisation sets: 

 𝐾𝑇 = [(𝐾(3))
𝑇
|𝐼] 2-18 

where 𝐾(3) is an 𝐴 − 3 by 3 weight matrix, and 𝐼 is the 𝐴 − 3 by 𝐴 − 3 identity matrix i.e., the 4𝑡ℎ and 

higher weight corresponds to the parameter, 𝑃. To determine 𝑊0 we partition 𝐵(3)𝐶 between the first 

3 and remaining bases as:  

 𝐶𝐵(𝐴) = [𝐶𝐵(3)|𝐶𝐵(𝐴−3)] 2-19 

and set 𝑃 = 0 to give: 

 𝑊0
𝑇 = [(𝑊(3))

𝑇
|𝟎] 2-20 

where 𝟎 is a zero matrix, and 𝑊(3) is the solution to 2-16 using the first 3 bases: 

 Ρ = 𝐶𝐵(3)𝑊(3) 2-21 
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When the remaining 𝐴 − 3 weights are added, to maintain colour consistency we have: 

 Ρ = 𝐶𝐵(3)(𝑃𝐾 +𝑊0) 2-22 

From 2-20, and comparing 2-21 and 2-22, it is clear that: 

 𝟎 = 𝐶𝐵(3)𝑃𝐾 2-23 

To satisfy 2-23 with different 𝑃, 𝐾 needs to satisfy: 

 𝐶𝐵(3)𝐾(3) = −𝐶𝐵(𝐴−3) 2-24 

Therefore, the linear relation that gives the first three weights from 𝑃 for all metamerism solutions is 

given by: 

 𝐾(3) = −(𝐶𝐵(3))
−1
𝐶𝐵(𝐴−3) 2-25 

To select a unique solution, we assume the data is Gaussian distributed with the variance of the 𝑖th 

bases 𝜎𝑖
2. The highest probability (most likely) solution is therefore going to be close to the centre of 

the principal components. The most likely spectrum from the metamerism set can then be found by 

weighting each axis by the corresponding standard deviation (Mahalanobis distance): 

 𝑃 = 𝑎𝑟𝑔𝑚𝑖𝑛∑
𝑤𝑖
2(𝑃)

𝜎𝑖
2

𝑖

 2-26 

Since the relation between the first three weights in 𝑊(𝐴) and 𝑃 is linear, this gives a quadratic 

function with a single well-defined solution. Then we can use the estimated weights to recover the 

spectral reflectance. For example, consider 𝐴 = 4. Since, 𝑤1, 𝑤2 & 𝑤3 can be linearly represented 

by 𝑤4, then the possible solutions in the 𝑤1, 𝑤2 & 𝑤3 space with the same RGB colour will be located 

on a line. What we did was select the most likely solution based on the distribution of the data prior.  

The proposed method was tested using the CAVE database and compared to directly inverting 2-

15. The results showed that our proposed method achieved higher accuracy. However, it's important 

to note that this method has its limitations. PCA assumes that the hyperspectral data are Gaussian 

distributed, which is not generally true. Additionally, the PCA model is not precise enough to 

accurately model the spectral reflectance in the training dataset. 



 
 
Chapter 2. Recovering Spectral Information from RGB Images 

26 
 

2.4.2. Dictionary Learning Based Methods 

Since spectral data can be represented with a linear combination of a few basis vectors, representing 

the spectral data sparsely with atoms from an overcomplete dictionary could provide better accuracy 

compared to using a limited number of principal components (Xing et al., 2012). Arad et. al. (2016) 

first introduced a dictionary learning-based spectral super-resolution model, which uses K-SVD (K-

singular value decomposition) to learn an overcomplete dictionary of the hyperspectral data. Let 𝐷ℎ 

be the computed dictionary, and ℎ𝑖 be the atoms: 

 𝐷ℎ = {ℎ1, ℎ2, … , ℎ𝑛} 2-27 

For each spectrum, it could be represented sparsely by a linear combination of a few atoms from 

the dictionary. The spectral dictionary needs to be converted into RGB by a known camera sensitivity 

function. 

 𝐷𝜌 = 𝐷ℎ𝐶 = {ℎ1𝐶, ℎ2𝐶,… , ℎ3𝐶} 2-28 

When reconstructing, the dictionary representation of an RGB pixel is computed with the Orthogonal 

Match Pursuit (OMP) by finding the best-matching RGB atoms within the converted dictionary which 

satisfy: 

 Ρ = 𝐷𝜌𝑊 2-29 

Then the spectra would be represented with the same linear combination of the corresponding 

spectra as: 

 𝑅 = 𝐷ℎ𝑊 2-30 

Arad’s sparse coding method was published with the largest hyperspectral database at that time 

and has long been cited. Since this method only takes 'sparsity' as a constraint when doing the 

reconstruction, many works with better accuracy then Arad’s work have been published later. 

Inspired by Arad, Fu et. al. (2018) introduced multiple non-negative sparse dictionaries. In this work, 

the hyperspectral data is clustered first using K-means clustering. Then for each cluster, a spectral 

dictionary and the corresponding RGB dictionary are learned. The authors also considered the non-

negativity of the spectral data. During reconstruction, for a given RGB input, the nearest cluster 

centre is found (using Euclidean distance). Then, the corresponding RGB dictionary and spectral 

dictionary of that cluster are used to reconstruct the spectral reflectance. 
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Aeschbacher et al. (2017) focused on better estimating the weights of the learned bases. This 

method could be understood as an update of Arad’s work. It uses the same method to create 

hyperspectral and RGB dictionaries. Different from Arad, which converts the spectral dictionary to 

RGB and uses orthogonal matching pursuit to estimate the weights globally from the whole 

dictionary, the authors use a linear combination of local neighbour bases from the dictionary to 

represent the spectra, achieved by the A+ algorithm (Timofte et al., 2015) for spatial super-resolution. 

The above sparse coding methods are all pixel-wise, based solely on the RGB of a pixel to recover 

its spectral detail, without additional information, the reconstructed results are influenced by 

metamerism. Li et. al. (2017) improved the dictionary-based method by introducing local features as 

additional information. The local texture was learned from 16×16 image patches by Gabor filtering 

(Manjunath & Ma, 1996), and then converted to feature vectors. The authors employed both the 

RGB value and feature vector to train an over-complex dictionary with 200 atoms. During 

reconstruction, the local feature vector and the RGB value acted as a constraint when selecting the 

bases. Since there exists a linear transform between the spectrum and RGB value, the locally linear 

relation learned from the spectral dictionary was maintained. Therefore, utilizing the given RGB 

value and local feature reduced the ambiguity of the reconstructed spectra. However, in terms of the 

ability to resolve metamerism, the authors assumed that high reconstruction errors were all due to 

metamerism rather than collecting metamerism data, which limits the reliability of the method. 

Additionally, the method did not consider colour consistency, leading to a potential mismatch 

between the recovered and original spectra in terms of colour.  

Geng et al. (2019) developed a spatial dictionary-based method. Rather than building a pixel-wise 

dictionary, the authors constructed a dictionary for a 3 × 3 image patch centred on the target pixel. 

Nevertheless, this approach solely focuses on the similarity of spectra within a small patch and does 

not explicitly address the issue of resolving metamerism. Thus, its effectiveness in utilizing 

information from very local neighbours to address metamerism is yet to be determined.  

Different from previous works, Nguyen et al. (2014)  proposed a radial basis function-based method. 

The spectral reflectance was modelled by a linear combination of 45-50 radial basis functions, and 

the weight of each function was estimated from a linear least squares method. However, the result 

using the radial basis function doesn’t show an advantage compared to other dictionary-based 

methods even with more dimensions.  

In summation, dictionary-based methods rely on pre-existing data as a reference to facilitate the 

translation from RGB to the spectral domain. Early contributions, such as Arad's work, employed 

sparsity as the only constraint, thereby limiting the accuracy of spectral reconstruction. For more 

precise reconstruction, additional constraints are necessary, with efforts currently being made to 

incorporate elements like local linear relationships, spectral correlation, and local texture. These 
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added constraints have all demonstrated a reduction in reconstruction error compared to 

approaches that merely focus on sparsity. According to Li's report (2017), the integration of spatial 

information could significantly reduce the RMSE of reconstructed images from 0.12 to 0.03 in 

comparison to Arad's methodology. However, colour consistency has not yet been considered as a 

constraint in current practices. Additionally, the investigation of local spatial details, such as texture, 

remains relatively unexplored. Pertinent questions about the essential types of spatial information 

and the minimum spatial range necessary for accurate representation remain unanswered.   

2.4.3. Other Traditional Methods 

Manifold learning has also been used in single-image spectral super-resolution by Jia et. al. (2017). 

In their work, spectral reflectance samples from the training dataset were first projected to a low 

dimensional (3D) space via a non-linear dimensionally reduction method called ISOMAP. The 

spectral sample also needs to be converted to an RGB value. Then, the authors learned mapping 

from the 3D RGB space to the 3D spectral space. When doing reconstruction, their relationship can 

be used to recover the high-dimensional spectral data from the embedding space.  

Akhtar and Mian (2018) proposed a method to recover the spectrum from RGB images of known 

spectral quantization by modelling natural spectra under Gaussian Processes and combining them 

with the RGB images. The given images were first separated into 512 × 512 patches. During the 

training process, patches from training hyperspectral images were extracted and clustered. Multiple 

sets of Gaussian Processes were learned from training hyperspectral image patches. Those 

processes were then transformed to match the spectral quantization of the RGB images. After 

training, the RGB image patch was extracted and matched with the RGB transformations of the 

hyperspectral clusters. Then the representation codes were combined with the original Gaussian 

Processes to construct the desired hyperspectral image.  

In contrast to the dictionary-based approach, manifold learning techniques learn inherent data 

structures as constraints derived from the data prior. On the other hand, methods based on 

Gaussian Processes leverage the correlation between neighbouring wavelengths and the similarity 

of spatial structures as constraints. These methods thereby offer additional perspectives on the 

problem of spectral reconstruction.  

 

Table 2 provides an overview of existing prior-based methods, including their training data, 

constraints, and performance. However, several error measurements are absent from the table. This 

absence is due, in some cases, to the authors using different error measurements and, in others, to 

the authors normalizing the data, rendering it non-comparable with the results listed. Despite being 
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extensively researched, prior-based methods continue to present limitations, which will be discussed 

in the following section. 

Table 2. Overview of the existing prior-based methods with the reconstruction accuracy compassion. 

Category Method Constraints 
RGB 

consistency 
Training 

data 
RMSE MRAE SAM 

Dictionary 
learning 

Sparse Coding 

(Arad & Ben-
Shahar, 2016) 

sparsity no 

NTIRE 
2018 (12-

bit) 
51.48 0.081 5.01 

NTIRE 
2018 

(8-bit) 

2.63 - - 

NTIRE 
2020 

0.033 0.078 6.46 

CAVE 2.74 - - 

SR A+ 

(Aeschbacher et 
al., 2017) 

sparsity, local 
Euclidean 
linearity 

no 

NTIRE 
2018 (12-

bit) 
26.09 0.045 2.83 

NTIRE 
2022 

(8-bit) 

0.023 0.073 4.61 

Multiple Sparse 
Coding 

(Fu et al., 2018) 

Spectral 
correlation 

no CAVE - - 11.32 

Spatially 
Constrained 
Dictionary 
Learning 

(Geng et al., 2019) 

Local texture no CAVE - - - 

Locally Linear 
Embedded Sparse 

Coding 

(Li et al., 2017) 

Local texture no 

NTIRE 
2018 

(8-bit) 

- - - 

Manifold 
Mapping 

Manifold Mapping 

(Jia et al., 2017) 

Low-
dimensional 

manifold 
no CAVE - - - 

Gaussian 
Process 

Gaussian Process 

(Akhtar & Mian, 
2018) 

Spectral 
physics, spatial 

structure 
similarity 

no 

NTIRE 
2018 

(8-bit) 

- - 3.68 

2.4.4 Limitations of the Traditional Methods  

The conventional dictionary learning approach is not without its limitations. As the complexity of the 

spectral database increases, the representation power of a dictionary may not be enough to capture 

complex nonlinear patterns in the data accurately. Consequently, the learned dictionary may not be 

able to learn the spectral details. Although using sub-dictionaries can improve reconstruction 

accuracy, this comes at the cost of increased model size and slower processing speeds. 

Furthermore, the quality of the learned dictionary is highly dependent on the training data. If the 
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training data is not representative of the dataset, the reconstruction accuracy of the learned 

dictionary may be poor, as observed in Arad's work.  

The dictionary-based approach utilizes limited features from prior data; for instance, pixel-wise 

methods often neglect the potential use of spatial structure similarity as a constraint. Although there 

have been attempts to extract local spatial information, the efficient and effective utilization of this 

information remains unclear. Moreover, the colour consistency of the reconstructed spectra is 

frequently neglected, resulting in spectra that may exhibit different RGB values than the original 

ones. As such, it becomes essential to consider RGB consistency as a constraint in future works. 

Most importantly, traditional methods especially those that are pixel-wise are not particularly 

effective in addressing the issue of metamerism. Consequently, there's a pressing need to develop 

methods that more adequately tackle these problems. 

2.5. Deep Model-Based Methods 

With the development of computational ability and more hyperspectral datasets becoming available, 

many deep neural network-based spectral super-resolution methods have been published. 

Compared to dictionary learning, deep neural networks show an advantage in several aspects.  

• Representation power: Deep learning models have a higher capacity to represent complex, 

non-linear patterns in data. This is achieved by the use of multiple layers of artificial neurons, 

each performing a non-linear transformation of the input data.  

• End-to-end training: Deep learning models are trained end-to-end, which means that the 

entire model is optimized to minimize a given loss function. This enables the model to learn 

complex features that are specific to reduce the error in the reconstructed spectrum. 

Dictionary learning methods, on the other hand, typically rely on pre-defined dictionaries, 

which may not be optimized for reducing the reconstruction error. 

• Extract local and non-local features: The convolutional deep learning models are capable of 

extracting both local and non-local spatial features from images. CNNs use filters to extract 

local features such as edges, corners, and textures. This operation allows CNNs to learn 

and recognize spatial hierarchies or patterns within the input image patch. To further expand 

the captured spatial area while simultaneously minimizing dimensionality, pooling layers are 

commonly integrated within the CNN architecture. While the early layers of a CNN extract 

local features, the deeper layers are capable of recognizing more abstract and global 

features. As we move further into the network, each successive layer uses the outputs from 

previous layers (which represent local features) as its input, allowing the network to 

gradually learn increasingly complex and abstract features. This hierarchical feature 

learning enables the model to recognize larger patterns that span across the entire image, 
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representing non-local or global information. These provide deep-learning approaches to 

the potential context to resolve metamerism when an appropriate loss function is used.  

These advantages have made more researchers choose deep models when recovering spectral 

information from RGB. The rest of this section reviews representative deep convolutional neural 

network methods.  

2.5.1. Overview of Deep Convolutional Neural Network-Based Methods 

Figure 7 shows a classification of the existing deep methods based on the network structure 

provided by Zhang et al. (2021). In this report, we review the state-of-the-art based on this 

classification. Several more recent works have been added.  

 

Figure 7. Classification of deep convolutional neural network-based spectral super-resolution methods by 
Zhang et al. (2021). 

Table 3 provides an overview of the existing single image spectral super-resolution methods that 

employ CNNs. Note that this table is not exhaustive, with key methods selected from each family of 

techniques. The table includes pertinent information about each method such as their abbreviation, 

reference, network depth, number of parameters, training image patch size, the loss function 

employed, whether colour consistency is used as a constraint, and the dataset associated with the 

reconstruction accuracy. The depth of a network, signifying the number of its layers, in conjunction 

with the total number of parameters, serves as an indication of the network's complexity. However, 

due to the fact that not all networks are open-sourced and certain details such as the number of 

parameters is often not provided in the respective papers, some information is absent from Table 3. 

The dataset each network was trained and tested on is distinguished by colour. The reconstruction 

error is sourced from the papers, including the original paper in which the network was published 

and any others where the network was used as a benchmark for comparison. When a network is 

used for comparative purposes, it is important to bear in mind that changes in the database used 

and the training strategy employed may cause variances in the network's reconstruction 

performance from its original setting. Networks trained on the same dataset can be directly 

compared. However, it is not appropriate to compare reconstruction accuracies across different 

datasets, given that they possess different scales and formats. It's noteworthy that the original 

NTIRE 2018 data was in 12 bits, but some researchers have converted this data into 8 bits, a 

distinction made clear in the table.  
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Table 3. Overview of selected existing CNN-based methods with the reconstruction accuracy compassion. 

Category Networks Depth 
Number of 
parameters 

Patch 

Size 

Loss 
function 

RGB 
consistency 

Training 
data 

RMSE MRAE SAM 

Sequential  
Network 

HSCNN 

(Xiong et al., 
2017) 

5 - 11×11 MSE no 
NTIRE 
2018 

(12-bit) 
17.01 0.019 - 

HS2DNet 

(Koundinya 
et al., 2018) 

5 - 64×64 MAE no 

CAVE 3.05 - - 

NTIRE 
2018 

(12-bit) 
21.39 0.020 - 

HS3DNet 

(Koundinya 
et al., 2018) 

CAVE 2.86 - - 

NTIRE 
2018 

(12-bit) 
20.01 0.018 - 

RHSCNN 

(Han et al., 
2018) 

6 - 15×15 MSE no CAVE 4.78 - 7.37 

Residual 
Network 

HSRNET 

(Can & 
Timofte, 
2018) 

6 - 36×36 RMSE no CAVE 2.55   

HSRNET+ 

(Kaya et al., 
2019) 

21 - _ RMSE yes 

CAVE 2.55   

NTIRE 
2018 

(12-bit) 
17.27 - - 

HSCNN R 

(Shi et al., 
2018) 

21 - 50×50 MRAE no 

NTIRE 
2018 

(12-bit) 
13.91 0.015 1.05 

NTIRE 
2020 

0.014 0.037 2.63 

EDSR 

(Lim et al., 
2017) 

- 2.42M 48×48 MRAE no 
NTIRE 
2022 

0.043 0.327 - 

MIRNET 

(Zamir et al., 
2020) 

6 3.75M 128×128 MRAE no 
NTIRE 
2022 

0.017 0.189 - 

U-Net 

HSUNET 

(Stiebel et 
al., 2018) 

5 - 32×32 ∆E yes 

NTIRE 
2018 

(12-bit) 
15.34 0.016 - 

NTIRE 
2020 

0.015 0.039 2.74 

MSCNN 

(Yan et al., 
2018b) 

10 - 64×64 MSE no 

NTIRE 
2018 

(12-bit) 
19.28 0.023 1.46 

NTIRE 
2020 

0.024 0.072 4.91 

MXRUNNET 

(Banerjee & 
Palrecha, 

2020) 

56 31.35M - 

perceptual 
loss 

function 

(Johnson 
et al., 
2016) 

no 
NTIRE 
2020 

- 0.045 - 

HINET 

(Chen et al., 
2021) 

5 5.21M 256×256 MRAE no 
NTIRE 
2022 

0.030 0.203 - 
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Dense 
Network 

HSDNET 

(Galliani et 
al., 2017) 

6 - 64×64 
Euclidean 

loss 
no 

CAVE 4.76 - - 

NTIRE 
2018 

(12-bit) 
20.98 0.027 1.57 

NTIRE 
2020 

0.025 0.085 4.34 

HSCNN D 

(Shi et al., 
2018) 

21 4.65M 50×50 MRAE no 

NTIRE 
2018 

(12-bit) 
13.12 0.014 0.99 

NTIRE 
2022 

0.059 0.381 - 

Attention 

Networks 

AWAN 

(Li et al., 
2020) 

61 4.04M 64×64 

MRAE, 

RGB 
consistency 

yes 

NTIRE 
2018 

(12-bit) 
10.24 0.011 - 

NTIRE 
2020 

0.011 0.031 2.16 

NTIRE 
2022 

0.037 0.250 - 

HRNET 

(Zhao et al., 
2020) 

57 31.70M 256×256 MRAE no 

NTIRE 
2018 

(12-bit) 
- - 1.01 

NTIRE 
2020 

0.014 0.031 2.16 

NTIRE 
2022 

0.055 0.347 - 

RAAUENT 

(Li et al., 
2020) 

- - 64×64 MRAE no 
NTIRE 
2020 

0.012 0.035 2.40 

RPANET 

(Peng et al., 
2020) 

36 - 64×64 MRAE no 
NTIRE 
2020 

- 0.037 - 

MST++ 

(Cai et al., 
2022) 

 1.62M 256×256 MRAE no 
NTIRE 
2022 

0.025 0.164 - 

HDNET 

(Hu et al., 
2022) 

- 2.66M 256×256 MRAE no 
NTIRE 
2022 

0.032 0.205 - 

Multi-
branch 

Networks 

LWRDANET 

(Nathan et 
al., 2020) 

40 - 64×64 MRAE no 
NTIRE 
2020 

- 0.055 - 

PFMNET 

(Lei et al., 
2020) 

9 - 64×64 RMSE no 

CAVE 4.54 - 7.07 

NTIRE 
2018 
(8-bit) 

1.03 - 0.99 

SRFNET 

(He et al., 
2021)   

- - 128×128 SAM yes CAVE - - 7.62 

GAN 

CGAN 

(Alvarez-
Gila et al., 

2017) 

8 - 256×256 GAN no 
NTIRE 
2018 
(8-bit) 

1.46 - - 

SAGAN 

(Liu & Zhao, 
2020) 

10 - 256×256 GAN no 
NTIRE 
2018 
(8-bit) 

1.44 - - 

TCGAN 

(Liu et al., 
2022) 

50 - 256×256 GAN no Textile 0.027 - - 
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Additionally, even though the spectral data in the NTIRE 2022 dataset is an extension of the NTIRE 

2020 dataset, the associated RGB values for training are different. The NTIRE 2022 RGB values 

incorporate a variety of exposures, which adds to the complexity of learning the mapping from RGB 

to spectrum. Therefore, even though the NTIRE 2020 database is similar to the NTIRE 2022, the 

reconstruction accuracies cannot be directly compared. In the following sections, a detailed review 

of the listed networks will be presented. 

2.5.2. Deep Convolutional Neural Network-Based Methods 

• Sequential Networks 

A sequential network, also known as a sequential model, is a type of neural network architecture in 

which the layers are arranged sequentially, one after the other. This means that the output of one 

layer serves as the input for the next layer and so on until the final output is produced. Compared 

with more recent networks, they are relatively simple to implement and understand. In a sequential 

CNN architecture, the input image is passed through a series of convolutional layers and ends with 

a convolutional layer that produces the recovered image. Figure 8 shows a glimpse of a sequential 

network, where I represents the input image or image patch, while H represents the reconstructed 

hyperspectral image. The convolutional layers extract features from the input image by applying a 

set of learned filters. These extracted features capture different levels of abstraction and are used 

as context when reconstructing the spectrum from the input RGB image. 

 

Figure 8. A glimpse of a sequential network. 

Xiong et al. (2017) introduced the Hyperspectral Convolutional Neural Network (HSCNN), where the 

RGB image is first up-sampled to spectra based on Smits' work (1999). Then, the up-sampled 

spectra are passed through five feature mapping layers, each followed by a ReLU (Rectified Linear 

Unit) layer. The output of the last feature mapping layer is reconstructed to form the hyperspectral 

scene. This structure initially used in spatial super-resolution (J. Kim et al., 2016), is adapted to learn 

a mapping from the roughly estimated spectrum to the ground truth. The HSCNN was trained to 

minimize the RMSE between the original and reconstructed spectrum. Even though the structure of 

the HCSNN was simple, it achieved relatively good reconstruction accuracy, which inspired many 

later works. The HSCNN model exhibited an interesting phenomenon, wherein its accuracy did not 
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improve with an increase in network depth. When the depth of the network is 5, the HSCNN achieves 

the best performance. This can be attributed to the absence of pooling layers in the HSCNN 

architecture. When the model is made deeper, it may tend to overfit the training data, leading to poor 

performance on testing data. 

Koundinya et al. (2018) presented a method based on 2D and 3D CNN kernels (HS2/3DNET). In 

HS2/3DNET, the input RGB image is processed through several convolutional layers, each followed 

by an activation layer. This work is trained on 64 × 64 patches, with the sizes of the 2D and 3D 

kernels being 3 × 3 and 3 × 3 × 3, respectively. The 3D kernel is designed to incorporate the RGB 

channels, as the R, G and B channels are correlated. From the result, the 3D CNN slightly improves 

the accuracy of the reconstruction compared to the 2D kernel. However, given the relatively simple 

structure of this network, it does not demonstrate any significant advantages over other networks.  

Han et al. (2018) adapted an image spatial super-resolution network (Dong et al., 2015) to solve 

single image spectral super-resolution (RHSCNN). The network consists of three convolutional 

layers, with the first two followed by a ReLU layer. However, discrepancies remain between the 

recovered spectrum and the original spectrum, particularly in terms of high-frequency spectral 

content. To address these residuals, the author incorporated an additional reconstruction network 

with the same structure as the previous network. This network was trained on 15 × 15  image 

patches by minimizing the Euclidean distance between the recovered and reference patches. Unlike 

the residual network discussed later, the RHSCNN simply increases network depth by adding 

repetitive structures. The reported reconstruction accuracy indicates that this approach doesn't 

provide any distinct advantages.  

However, due to the relatively simplistic architecture inherent to sequential networks, the models 

reviewed face challenges in learning complex data structures and mitigating the problem of 

vanishing gradients. This has underscored the need for more intricate network designs, which have 

subsequently been explored in later works on single image spectral super-resolution. 

• Residual Network 

Vanishing gradient is a problem in many deep learning models where the gradients of the loss 

function become very small. This occurs during the backpropagation process used to update the 

weights, especially in deep networks with many layers. When the gradients become too small, the 

weights in the early layers of the network are updated very slowly, or not at all, during training. This 

means that these nets do not effectively learn from the training data, and the model's performance 

can be poor as a result. To address the vanishing gradient problem, He et al. (2016) first proposed 

the residual network, which adds shortcut paths in parallel with convolution blocks, forcing the blocks 

to learn residuals. In a residual network (or block), during backpropagation the gradients can flow 

directly through these shortcut connections backwards from later layers to earlier filters, providing a 
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clear path for the gradient to propagate all the way through the network. This alleviates the vanishing 

gradient problem, allowing the network to be trained effectively even when it's very deep. The 

benefits of residual networks are not only their ability to mitigate the vanishing gradient problem but 

also their capacity to be easily trained with conventional methods, their ability to handle more 

complex functions and their improved performance with increasing depth. 

Can and Timofte (2018) presented a residual network-based approach (HSRNET) that includes a 

main network and a residual convolutional layer. The main network progressively reconstructs the 

RGB inputs into spectra. Two residual blocks were introduced within the main network to capture 

more complex features. A skip connection between the input and output of the network work is added 

to recover the residual of the main network. To better extract information on different scales, different 

kernel sizes are used within the main network (5 × 5) and the skip connection (7 × 7) is different. 

The input for the main network was 17 × 17 image patches. Thanks to skip connections and multi-

scale feature extraction, HSRNET achieves higher reconstruction accuracy compared to sequential 

networks.  

Kaya et al. (2019) further improved HSRNET by considering colour consistency (HSRNET+) as an 

extra constraint. In the proposed method, a camera sensitivities estimation block was added, which 

minimizes the difference between the original RGB and reproduced RGB. The reproduced RGB was 

converted from the recovered spectra and the estimated camera function. However, limited by the 

accuracy of the estimated camera function, considering colour consistency doesn’t further improve 

the performance on the CAVE dataset.  

EDSR stands for Enhanced Deep Residual Networks for Single Image Super-Resolution. This model 

was proposed by Lim et al. (2017), for spatial super-resolution. The EDSR represents an 

improvement over the original residual network by removing unnecessary modules. Compared to 

ordinary residual blocks, the batch normalization is removed in EDSR, simplifying the architecture. 

In addition, the authors also introduced a multiscale residual block that is designed to extract 

information from different scales, further enhancing the network's capabilities. Cai et al. (2022) 

adopted EDSR for spectral super-resolution as a benchmark in their spectral reconstruction toolbox.  

The MIRNET (Zamir et al., 2020), Multi-Image Restoration Networks, is a model for high-quality 

image restoration tasks. MIRENT starts with a low-level feature extraction layer followed by a series 

of recursive residual groups. Each group includes several multiscale residual blocks which consist 

of a set of parallel branches of different dilation rates, which can capture features at various scales. 

The outputs of these branches are then concatenated and further processed to produce the final 

output. The parallel branches also allow information exchange across parallel streams in order to 

consolidate the large-scale features with the small-scale features. Finally, the processed features 

are used to reconstruct the output image by a convolutional layer. In addition, a skip connection is 
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added from the input layer to the output layer. This algorithm was adapted by Cai et al. (2022) for 

spectral super-resolution problems due to its capacity to extract contextualized representations.  

Leveraging spatial super-resolution models, both EDSR and MIRNET have showcased their 

capability in extracting spatial features. We can reasonably assume that their skill in spatial feature 

extraction enhances their ability to resolve metamerism by using spatial information as context. 

Thanks to its more complex structure and multi-scale feature extraction, MIRNET outperforms EDSR.  

• U-Net  

The U-Net was first introduced by Ronneberger et al. (2015) for biomedical image segmentation. 

The U-Net accomplishes this through its unique architecture, which is symmetric and has a ‘U’ shape 

as shown in Figure 9. It comprises two paths: the contracting path (encoder) and the expanding path 

(decoder). The contracting path uses convolutional and pooling layers to extract features from the 

input image, while the expanding path employs deconvolutional layers to up-sample the feature 

maps and restore the spatial resolution of the image. For spectral super-resolution tasks, the depth 

of the data increases as it moves through the expanding path. U-Net also incorporates several skip 

connections between the encoder and decoder paths that directly link corresponding layers.  

Both U-Net and residual networks use skip connections to address the vanishing gradient problem. 

The skip connections in U-net are used to pass information directly across the network from each 

level in the encoding path to the corresponding level in the decoding path. These connections enable 

the U-Net to learn both low-level and high-level features in the input image, allowing it to utilize both 

local and global spatial information as context when performing spectral reconstruction. 

 

Figure 9. A glimpse of a U-network.  

Stiebel et al. (2018) first used U-Net in spectral super-resolution (HSUNET), seeking the ability of 

U-Net to extract spatial information from an image. Compared with the original U-Net, the pooling 

layer in this work has been removed to avoid the loss of useful information. The approach employed 

in this study involves utilizing the nearby spatial information as context to reconstruct the spectral 
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reflectance. During the training phase, the network was fed with image patches that had a size of 

32×32. The authors also pointed out that simply adding depth to the network won’t increase 

performance; instead, 5 layers with 128 filters were reported to be ideal. Besides, this method was 

trained to minimize a combination loss including the colour difference (∆𝐸2000 ) between the 

recovered spectrum and ground-truth after both were converted to RGB colour space. The ∆𝐸2000 

was calculated based on an arbitrarily chosen white reflectance assumed to hold for the entire 

dataset.  

Yan et al. (2018a) also proposed a multi-scale U-Net-based spectral reconstruction method 

(MSCNN). Different from Stiebel, the convolution block was followed by a max-pooling layer to avoid 

overfitting on the encoding path. Since these two networks were trained with the same database, it 

was interesting to have two opposite views on the pooling layer. A possible explanation could be 

that the patch size used in Yan’s work is 64 × 64. A bigger patch size could involve local and non-

local information during reconstruction, but it also increases the risk of overfitting. This also 

underscores the lack of interpretability in deep models, leaving researchers with limited insights into 

how the model functions.  Compared to Stiebel's work, Yan's research yields higher error rates in 

both RMSE and MRAE. A potential explanation for this could be that Stiebel incorporated colour 

consistency as an additional constraint, which can help improve the accuracy of spectral 

reconstruction. On the other hand, Yan's approach predominantly leverages spatial information as 

context.  

Banerjee and Palrecha (2020) put forth a real-time spectral super-resolution method built on the U-

Net structure, referred to as MXRUNET. In their work, they experimented with several XResnet 

models (He et al., 2019)  serving as auto-encoders. A blur layer and a self-attention layer were 

introduced on the decoder path, which considerably increased the complexity of the model 

compared to Stiebel's work. However, the reported reconstruction accuracy was lower than that of 

Stiebel's. Interestingly, the authors noted that during their model testing, the reconstruction accuracy 

did not correlate with the complexity of the model. This observation hinted at the potential overfitting 

of the network.   

Chen et al. (2021) introduced HINET, a U-Net-based architecture that incorporates a Half Instance 

(HI) Normalization Block for feature extraction during down-sampling. In the HI block, the feature 

extracted with a convolutional layer is divided into two parts; the first part undergoes instance 

normalization, while the second part is retained as context. The reason for using instance 

normalization is to maintain consistent normalization procedures during both training and testing. 

Different from the original U-Net, residual blocks are added in the up-sampling path (decoder). 

Initially developed for spatial super-resolution and image enhancement, HINET was later modified 

for spectral super-resolution by Cai (2022) as a benchmark in their spectral reconstruction toolbox. 

Compared to other models in the toolbox, HINET achieves moderate reconstruction accuracy.  
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• Dense Net 

A dense net that connects each layer with several other layers is designed to achieve richer feature 

extraction. In a dense block, each layer receives input from all previous layers and passes its 

features to all following layers. This design enables the network to extract richer and more diverse 

features from the input image. Additionally, the use of skip connections allows for better gradient 

flow during training, which can help to reduce the problem of vanishing gradients (Huang et al., 

2017). Several spectral super-resolution methods based on dense networks have been presented.  

Galliani et al. (2017) used a dense network, in their spectral super-resolution algorithm (HSDNET). 

The network is structured in a way that it first contracts to encode the input data and then expands 

to decode and recover the spectrum. For each scale level, a dense block is used, which includes 

four densely connected convolutional layers. In this work, the network takes a 64 × 64 image patch 

as input with a multi-scale structure that ensures the network receives extra information from the 

whole input image patch. 

Shi et al. (2018) improved HSCNN by replacing the linear up-sampling step with a 1 × 1 

convolutional layer and then added several dense blocks. They named their work HSCNN-D. In 

HSCNN-D, the network takes 50 × 50 image patches as input and is trained to minimize the MRAE. 

Furthermore, the authors also proposed a residual net (HSCNN-R), which adds several residual 

blocks to the HSCNN. The reconstruction accuracy of the HSCNN-D outperformed the reviewed 

sequential and residual networks. One possible explanation for this could be that dense blocks in 

HSCNN-D reuse features directly from all preceding layers, making the model more parameter-

efficient. However, compared to more recent models that employ attention blocks, HSCNN-D shows 

no advantage in terms of reconstruction accuracy. Since the work was open-sourced, HSCNN-D 

has been frequently used as a comparison group and has been cited by numerous subsequent 

researchers. 

• Attention Networks 

Attention blocks are modules of neural networks that enable the model to focus on specific parts of 

the input that are more relevant to a particular task. In an attention network/block, the input is first 

processed by an encoder, which generates a sequence of hidden states. These hidden states are 

then used by an attention mechanism to calculate a set of weights that indicate the importance of 

each input component. The weights are then multiplied by the corresponding components, 

producing a context that captures the most relevant information in the input. The context is then 

used as input for the decoder, which generates the output. For spectral super-resolution, attention 

blocks help the network to better extract spatial-spectral information from local and non-local areas. 
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Li et al. (2020) introduced an innovative spectral super-resolution method based on an Adaptive 

Weighted Attention Network (AWAN). This method utilizes a sequential network as its backbone, 

bolstered by several residual attention blocks for intensive deep feature extraction. To avoid 

vanishing gradients, a global residual connection is also adopted. Each residual attention block 

consists of a residual module and additional paired convolutional operations with kernels in different 

scales to extract features in different scales. In addition, a self-channel attention block is placed for 

more powerful feature correlation learning, the attention block works by adjusting the weights of 

each feature channel. A unique aspect of this work is the inclusion of colour consistency as an 

additional training constraint, which is achieved by incorporating an associated loss function. This 

comprehensive approach allows AWAN to outperform its predecessors in NTIRE 2020.  

Zhao et al. (2020) proposed a 4-level hierarchical regression network (HRNET), in which, at each 

level, the spatial size was halved compared with the upper level. A down-sampling and up-sampling 

strategy (Shi et al., 2020), designed for spatial super-resolution, was adopted in HRNET. This 

hierarchical structure could reduce noise in the recovered spectral image and keep high-frequency 

information. Each level includes two convolutional layers and several residual dense blocks. 

Additionally, at the end of each level, a residual global attention block is used to extract information 

from a pixel that is distant from the target. Skip connections are also added between each level. This 

network was trained with image patches sized 256 × 256. Although bigger patch sizes (320 × 320 

and 384 × 384) were also tested, the results showed that training the network with a larger patch 

size would not necessarily increase reconstruction accuracy. From the analysis in Chapter 5, we 

discovered that HRNET focuses on local spatial information even though it was trained on larger 

image patches. This explains why increasing the size of the training image patch does not further 

improve reconstruction accuracy. One possible assumption is that the global attention block causes 

HRNET to focus on local areas. However, due to the 'black box' nature of networks, we can only 

speculate about their inner workings.  

Li et al. (2020) proposed an attentional U-shape network (RAAUNET). Different from the U-net 

introduced in the previous section, the proposed U-net used residual blocks to replace the plain 

convolutional units. The skip connection was also replaced by spatial attention blocks to focus on 

more relevant regions. What is interesting in the work is the author first presented a boundary-aware 

constraint to better recover spectral information around edges. The edge was detected by a 

Gaussian filter followed by a Prewitt operator. If the reconstruction error around the edge is high, the 

boundary-aware constraint will guide the network to focus on the edge. However, since the MRAE 

used in this work could only present an average measurement of the whole image, the benefit from 

edge awareness became insignificant. The network took 64 × 64 image patches as inputs when 

training.  
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Since existing spectral reconstruction methods treat pixel-wise features almost equally, relevant and 

irrelevant image parts would receive equivalent focus, which is not efficient. Peng et al. (2020) 

introduced a residual pixel attention network (RPANET) that could focus on different parts of an 

image patch. The network starts with a convolutional layer and is sequentially followed by several 

residual spatial attention blocks. The output of each attention block is then fused to another 

convolutional layer for final reconstruction. A global skip connection is also added between the first 

and last convolutional layers which skips all attention blocks. The network took 64 × 64  image 

patches as inputs when training. 

Cai et al. (2022) proposed a mask-guided spectral-wise transformer (MST) to recover spectral 

information from RGB inputs. This work was adjusted to the NTIRE 2022 database as 'MST++' and 

won first place in that competition (Arad et al., 2022). In the proposed network, spectral self-attention 

blocks were used to extract spectral-wise similarity. The attention was guided by a mask-guided 

mechanism sensitive to spatial regions with high-fidelity spectral representation, which allowed the 

network to learn information from long-range pixels. Therefore, the network was trained with image 

patches sized 256 × 256. However, as the network begins to use increasingly larger spatial features 

as context, it becomes essential for the network to select the most relevant features from the image 

scene. Using the entire patch as a reference could lead to overfitting. A more effective approach 

would be to use a mask that guides the network's focus, which could explain the superior 

performance of MST++. When developing our model, it's also crucial to select the most relevant 

features from the image to serve as a context for resolving the metamerism issue.  

The above attention blocks focus either on spatial or spectral information. Hu et al. (2022) proposed 

a dual-domain attention network (HDNET) that used two mechanisms to focus on both. The 

extracted spectral and spatial information were connected with a feature fusion block with several 

depth wise-separable convolution layers. Additionally, this network considered spatial frequency 

domain similarity to better recover spectral details, which transforms the image into the Fourier 

domain to reconstruct more high-frequency detail. HDNET was trained on image patches sized 

256 × 256. However, HDNET doesn't outperform MST++ or MIRNET. The lack of interpretability 

makes it difficult to explain why HDNET doesn't have an advantage, even with its dual attention 

mechanism.  

A common point that the above attention networks share is that they are all interested in non-local 

spatial information that is away from the target position. As a result, these networks require larger 

image patches as input, and some of the networks have benefited from this. However, currently, 

there is no evidence to suggest that the non-local spatial information is correlated with the spectral 

features of the target position. Therefore, there is a potential risk that these networks may be 

overfitting. Before trusting the network, it is necessary to analyse the role local and non-local spatial 

information plays in the spectral super-resolution process.  
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• Multi-branch Networks 

Different from all the above networks, which only have a single stream, the multi-branch network 

has multiple independent branches. The aim of using multiple branches is to better extract different 

features from inputs. After that, the extracted features will be fused for the final spectral 

reconstruction.  

Nathan et al. (2020) presented a dual-branch reconstruction network that harnesses the power of 

both dense blocks and multi-scale hierarchical feature extraction. The process begins with the 

extraction of spatial information through a convolutional block, as described by Liu et al. (2018). The 

extracted spatial information is then separated into two equally important feature extraction branches. 

One of these branches employs a dense block for the processing of spatial data, while the other 

leverages a multi-scale hierarchical feature extraction block to capture and learn features at multiple 

levels of detail. Despite their different approaches, both branches aim to generate image patches of 

the same size. Ultimately, the image patches reconstructed by both branches are merged, resulting 

in a recovered patch that encapsulates the strengths of each branch. The network is designed to 

work with image patches of size 64 × 64.  

Lei et al. (2020) noticed that pixels located in different positions of an image require different-sized 

fields to do the reconstruction, and this is also true for pixels that correspond to different materials. 

Therefore, the author proposed a network with several parallel blocks (PFMNET). For each block, 

features with different scales are extracted. The reconstructed image patch from each block is fused 

to provide the recovered spectra. This network took image patches sized 64 × 64 as input. 

To avoid the influence of overlapped camera spectral functions, He et al. (2021) took the camera 

spectral function as guidance to group the spectral bands (SRFNET). For example, the spectral 

bands for the CAVE dataset could be separated into three groups which correspond to blue, green-

blue, and green-red, respectively. Then the extracted features would be forwarded to three 

independent mechanisms, each including a channel attention module, spatial-spectral module, and 

feature extraction module. After that, a channel attention module with two pooling layers was added 

before the outputs from each group were fused to generate the final reconstruction result. This 

network was trained on image patches sized 128 × 128. Unlike other deep methods, which are 

trained on minimizing the MRAE or RMSE, this work used SAM as the loss function. 

Despite their complexity, multi-branch networks do not appear to offer any advantages in 

reconstruction results compared to previously reviewed models. Given their computational demands 

and design intricacies, these networks may not be well-suited for tasks related to spectral super-

resolution. Additionally, multi-branch architectures risk extracting redundant features and further 

complicate the interpretability of the model.  
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• Generative Adversarial Networks (GANs)  

GANs consist of two parts: a generator and a discriminator. The role of the generator is to produce 

data that closely resembles real data, with the objective of causing the discriminator to incorrectly 

classify its outputs as real. The discriminator's job is to differentiate between real and fake 

(generated) data. Given a set of data, the discriminator must identify which samples are real (from 

the dataset) and which are fake (produced by the generator). The generator starts by producing data 

that looks nothing like what it's supposed to. But over time, as it receives feedback from the 

discriminator, it gradually gets better at generating data that closely resembles the real dataset. For 

spectral reconstruction, the generator, which is a convolutional neural network, recovers the spectra 

from RGB input, while the discriminator judges whether the form of the generated spectra is 

distinguishable from the form of the original spectra. These two parts compete against each other 

until the recovered spectra are similar enough to the original spectra. 

Alvarez-Gila et al. (2017) proposed a GAN-based spectral reconstruction method. In the proposed 

work, a U-Net that measures local spatial context was used as the generator. While the loss function 

was replaced by the PatchGan (Pathak et al., 2016) based discriminator. This network took image 

patch sizes of 256×256 as input. Then the entire image would be reconstructed with non-overlapping 

patches. 

Liu and Zhao (2020) further improved the GAN-based method, by adding residual and scale blocks 

(Li et al., 2018) for feature extraction. Liu et al. (2022) introduced a conditional GAN-based spectral 

information reconstruction network for textile RGB images. However, like all GAN-based methods, 

the listed network faces the same limitations, these include the fact that GANs are difficult to train. 

Additionally, the interpretability of these models poses a huge challenge. The complexity of GAN 

architectures and the intricate interplay between the generator and discriminator layers often 

obscure the underlying reasons for specific outputs. Given the impressive results GANs have 

demonstrated in spatial super-resolution, it's reasonable to expect that they might also excel in 

spectral super-resolution, even though only a few studies have been published on this topic. 

However, when it comes to interpretability, GANs present even greater challenges.  

2.5.3. Summary 

The previous section provided a detailed review of the state-of-the-art deep convolutional neural 

network-based methods for single-image spectral super-resolution. In this section, we aim to 

summarize the listed works based on four key aspects to provide a more holistic understanding of 

the current progress in this field.  
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• Deep vs. Traditional Methods 

Compared with the traditional methods introduced in Section 2.2, deep convolutional neural network-

based methods exhibit higher reconstruction accuracy. Apart from the general features of deep 

methods introduced earlier in this section, the superiority of deep methods can be explained by the 

following. Firstly, the number of parameters in deep methods is much higher than that in dictionary-

based methods. Deep methods can easily have over 1 million parameters, while the over-complex 

dictionary in Arad's work only has 1,000 atoms. The complex network structure enables deep 

methods to represent complex, nonlinear patterns in spectral data. Secondly, deep methods are 

trained on larger datasets, whereas dictionary-based methods are trained on selected spectral data. 

Thirdly, all the listed deep methods use spatial information as additional information to reduce 

ambiguity when reconstructing spectral information, which is rare in dictionary-based methods.  

• Training Strategy  

All of the networks listed here are examples of supervised learning, which involves end-to-end 

learning of the mapping from RGB to the spectrum. Although there has been a recent increase in 

the availability of spectral reflectance data, it remains less accessible compared to RGB image data. 

Thus, adapting unsupervised learning techniques for single-image spectral super-resolution could 

allow trained models to handle more general tasks. Fubara et al. (2020) incorporated an 

unsupervised approach into their work, utilizing colour consistency as a loss function. However, the 

authors made an assumption that maintaining colour consistency implies that the reconstructed 

spectrum is nearly identical to the original spectrum. This assumption is not necessarily true due to 

metamerism, where different spectral power distributions can produce the same perceived colour. 

This suggests that discovering an effective strategy for applying unsupervised learning to spectral 

super-resolution could be a valuable research direction. 

• Network Architecture 

In chronological order, the network structure used in single image spectral super-resolution which 

started with a sequential structure becomes more and more complex. There are also mixtures in the 

listed structures. The U-net structure enables the network to effectively extract information from a 

larger area. The residual and dense block can alleviate the vanishing of gradients, as a result, the 

network could better learn the mapping from RGB to spectrum. The attention networks with relatively 

complex structures achieve the best accuracy at this stage, for example, the MST++ won the NTIRE 

2022 competition. Attention mechanisms help the network to focus on important spatial and spectral 

features. 

As the network structures for spectral super-resolution become more intricate, there is a noticeable 

trend towards involving a larger spatial area in the network. In contrast to earlier models that only 

captured local spatial information, recent models can extract spatial information from almost the 
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entire image. However, a challenge remains in focusing on the relevant information from such a 

large area, which has led to the incorporation of attention mechanisms. Nonetheless, there is 

currently no consensus on the optimal spatial area size required for this task.  

• Error Measurements and Loss Function 

The commonly used loss functions for existing deep methods include RMSE, MRAE & SAM. The 

authors chose loss functions with different purposes. However, none of the listed loss functions 

could describe spectral and spatial accuracy at the same time. In addition, the average 

measurement of the whole image does not provide a good indication of performance in evaluating 

the reconstruction accuracy on specific targets. Currently, no error measurement could directly 

measure the performance facing the metamerism problem. As a result, there is no report on how 

the existing deep methods specifically perform on metamer data. Therefore, in Chapter 5, we 

compare existing deep methods for reconstructing selected metameric samples. 

2.5.4. Limitations of CNN-Based Methods 

Although deep neural network-based methods can provide some encouraging results, they still face 

the following challenges (Arad et al., 2020).  

• Colour Consistency of Results 

The hyperspectral and RGB images are physically related. Therefore, for accurate reconstruction, 

the recovered spectra should be able to be converted into the input RGB under the same conditions 

(illumination and camera sensitivity). However, because the deep method commonly learns end-to-

end mapping from RGB to spectra without considering the camera function, the recovered spectral 

reflectance cannot be converted to the input RGB even under the same conditions. Colour 

consistency can be used as a constraint to increase the reconstruction accuracy. Considering this, 

Lin and Finlayson (2020) improved HCSNN+ by adding a constraint that ensures the recovered 

spectral can be converted into the input RGB. Kaya et al. (2019) used an additional block to estimate 

the camera function within the network stream. Deep learning models, particularly those used for 

end-to-end mapping from RGB to spectrum, have often overlooked constraints such as the camera 

function. However, it's worth noting that knowing the camera function is not an unreasonable 

assumption, as this information can typically be obtained from the camera's datasheet or through 

measurements.  

• Dependence on Spatial Information 

All the above deep methods rely on spatial information, and when the structure of the network 

becomes complex, it requires a larger image patch as input. From one aspect, it could be understood 
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as the network having the ability to extract information from a very huge area. However, on the 

opposite aspect, the relation between a long-range pixel and the spectral of the target remains 

unknown. There is a risk that the network is overfitting when it requires information from the whole 

image. This dependence on spatial information also limits the performance of the networks on single-

pixel reconstruction.   

• Lack of Discussion on Resolving Metamerism 

Metamerism is the fundamental challenge in computational spectral reconstruction. In the absence 

of metamerism, there would be a direct and unique mapping from RGB to spectrum. However, due 

to the limited spectral resolution of RGB sensors in the real world, the mapping from RGB to 

spectrum is ambiguous. The ability of deep learning methods to model complex non-linear datasets 

has made them effective in improving the accuracy of spectral reconstruction. However, most 

studies focus on learning end-to-end mapping from RGB to spectrum without addressing the issue 

of metamerism within the network. As a result, few studies have discussed the solution of 

metamerism. Metamerism is a big challenge that hinders spectral super-resolution in real-world 

applications, as it can significantly affect the accuracy of classification, which is one of the primary 

applications of hyperspectral imaging.   

• Black Box Problem 

Like all deep neural network-based methods, the deep spectral super-resolution methods also suffer 

from the black box problem. This refers to the challenge of understanding how these models arrive 

at their predictions. While the architecture and parameters of the network are known, it can be 

difficult to follow how the input features are being processed and combined to generate the output. 

This means the proposed method lacks interpretability. The complex network does not bring an extra 

understanding of the problem; the improved accuracy benefits from increased network complexity 

making the understanding more complex. How to effectively use the spatial information from patches 

remains unknown. Even though deep neural network-based methods rely on patches, questions like 

what kind of features are actually used within a patch and how can those features be used more 

efficiently still wait to be answered.  

Compared with deep neural network-based methods, prior-based or shallow network-based 

methods often exhibit lower accuracy. Influenced by the NTIRE competition, the research community 

has increasingly prioritized the performance of proposed models over their interpretability. However, 

while deep neural network-based methods receive more research attention, this does not mean that 

prior-based methods have no potential for improvement. Currently, the most common metric for 

evaluating algorithms is the MRAE, which is the basis for many deep methods. In contrast, 

regression-based methods are trained to optimize a generic RMSE and are then tested using MRAE. 
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Lin et. al. (2021) proposed a regression-based spectral super-resolution method that was trained on 

MRAE and achieved results comparable to those of DNN-based methods. Moreover, prior-based 

methods are more interpretable than deep methods, which allows for a greater understanding of the 

problem at hand. Some researchers have attempted to combine the ideas of these two methods. 

Fubara et al., (2020) proposed a method that separates end-to-end mapping from RGB to spectral 

reflectance into two networks, one for learning basis functions and another for learning the weights. 

2.6. Research Targets 

In this chapter, we have highlighted the limitations of both existing traditional prior-based methods 

and deep neural network approaches to single image spectral super-resolution. Dictionary-based 

methods are constrained by their dictionary size, which, compared to deep models, gives them less 

capacity to learn the mapping from RGB to spectrum. Particularly in pixel-wise methods, there's an 

inability to resolve metamerism, given their lack of contextual information to clear ambiguities in 

metamerism samples. Consequently, dictionary-based methods reported thus far exhibit lower 

reconstruction accuracy than deep models. However, deep models are not readily explainable. 

Additionally, few existing methods have factored in colour consistency as a constraint. Therefore, to 

overcome these limitations in state-of-the-art approaches, we propose the following research 

objectives. 

The primary goal of this research is to develop an interpretable spectral super-resolution method 

based on data prior. We aim to recover spectral information from RGB input by training models using 

spectral data prior. Unlike existing opaque deep methods, the proposed model will prioritize 

interpretability, with a focus on creating a method that is both accurate and comprehensible. 

The proposed spectral super-resolution model should satisfy the following criteria: 

• Colour Consistency 

The proposed model should ensure the recovered spectrum produces the same RGB value under 

identical conditions (for the given camera model and exposure). 

• Ability to Resolve Metamerism 

This study will explore what kind of information can resolve the ambiguity associated with 

metamerism in spectral super-resolution. While other researchers have used deep neural networks 

to tackle the one-to-many mapping caused by metamerism in reconstructing the spectrum, no 

discussion has been provided on how existing methods perform with metamerism data. We also aim 

to compare existing deep methods in reconstructing metamerism samples. 
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• Explainable 

Compared to existing deep methods, the proposed model should be more explainable. This entails 

a less complex and low-dimensional model. Furthermore, the steps within the proposed model 

should be clear, necessitating an explicit understanding of the features used. Therefore, this study 

will investigate how spatial information—referring to pixel position and arrangement in an image—

can be integrated into the process of reconstructing spectral information. 
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Chapter 3. RGBPQR Colour Space 

In the preceding section, we reviewed the state-of-the-art for single image spectral super-resolution. 

For traditional prior-based techniques, accurately modelling spectral reflectance is a critical step 

towards creating an explainable spectral super-resolution method. As previously noted, existing 

models often fail to maintain colour consistency—a discrepancy where the reconstructed spectrum 

and the original spectrum appear with different colours. Ensuring colour consistency could serve as 

an effective constraint when learning the mapping from RGB to spectrum. To address this issue, we 

have utilised a modification of the LabPQR colour space as our spectral reconstruction model. This 

is the first time such a model has been applied to single image spectral super-resolution. The 

advantages of employing LabPQR are elaborated upon in the sections that follow. 

3.1. LabPQR Colour Space 

As mentioned in Chapter 1, hyperspectral data could be accurately represented in a few dimensions. 

Colour science research has long used an interim connection space to represent the most important 

features of multi- or hyperspectral pixels in only a few dimensions. Derhak and Rosen (2006) 

introduced a six-dimensional interim connection space called LabPQR to represent high-

dimensional spectral data. The first three dimensions are CIELAB colourimetry values under a 

specific viewing condition connected to linear XYZ tristimulus values, and the last three dimensions 

(PQR) are spectral reconstruction dimensions representing the difference between the original 

spectrum and the spectrum reconstructed from the colourimetric value (also referred to metameric 

black).  

Spectral reflectance 𝑆 can be represented by the LabPQR colour space as: 

 𝑆 = 𝑇𝑁𝑐 + 𝑉𝑁𝑝 3-1 

𝑇 is an 𝑛 by 3 reconstruction matrix that up-samples the XYZ colourimetric tristimulus vector, 𝑁𝑐 to 

the 𝑛  wavelength samples of the spectrum. 𝑉  is an 𝑛  by 3 matrix of the PQR spectral bases. 
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Similarly, 𝑁𝑝 are the PQR weights (coefficients). The transformation matrix 𝑇 is determined from a 

data prior by (assuming sufficient samples are provided so that 𝑁𝑐𝑁𝑐
𝑇  is invertible) using least 

squares analysis.  

 𝑇 = 𝑆𝑁𝑐
𝑇(𝑁𝑐𝑁𝑐

𝑇)−1 3-2 

where 𝑆 is the measured spectral reflectance from a prior spectral database. This determines 𝑇 to 

minimise the square error of the reconstruction while maintaining colour consistency. The residual 

between the up-sampled spectrum and the original is then obtained by: 

 𝐸 = 𝑆 − 𝑇𝑁𝑐 3-3 

The PQR bases, 𝑉, are derived from 𝐸 using principal component analysis (PCA). To keep the most 

significant spectral feature with a few dimensions, only the first three eigenvectors are preserved as 

the PQR bases: 

 𝑉 = (𝑣1, 𝑣2, 𝑣3 ) 3-4 

𝑉  is orthogonal to the CIE XYZ colour-matching function and therefore does not affect the 

represented spectrum's colour. 𝑇 and 𝑉 in the LabPQR space are both derived from prior data. As 

the LabPQR colour space relies on the CIE XYZ colour-matching functions, the resulting colour is 

independent of the device (camera) used. LabPQR colour space has been used in applications like 

spectral gamut mapping (Tsutsumi et al., 2007), and spectral colour reproduction (Wu et al., 2014).  

In Lin's (2020) work, spectral data is represented in a similar way to LabPQR which also includes 

two parts. However, the key difference lies in the reconstruction function used to up-sample RGB 

values into a spectrum. Lin utilized the camera model to derive the reconstruction function, without 

optimizing it with any prior data. As a result, the reconstruction function can be unsmooth, leading 

to up-sampled spectra with high errors. To estimate the residual between the up-sampled spectra 

and the original spectra, Lin retrained the HSCNN+ using the residual as the response.  

3.2. RGBPQR Colour Space 

The colour image in single image spectral super-resolution is usually in device-dependent RGB. To 

suit the spectral super-resolution tasks, we have adapted the LabPQR colour space by replacing 

the CIEXYZ colour-matching function with the RGB camera model. We name this new spectral 

model RGBPQR colour space. The RGBPQR colour space follows the same concept as the 

LabPQR colour space with a detailed derivation presented in the rest of this section. Note that it is 



 
 

Chapter 3. RGBPQR Colour Space 

51 
 

assumed that the camera RGB spectral sensitivities are known. This will also be the case for 

converting RGB to device independent CIEXYZ.  

From Chapter 1, the RGB value of a given camera can be modelled as:  

 𝑖𝑘 = ∫𝑐𝑘(𝜆)𝑙(𝜆)𝑠(𝜆)𝑑𝜆 3-5 

and can be represented in a matrix form as: 

 Ρ = 𝐶𝐿𝑆 3-6 

where Ρ are the sensed RGB values, 𝐶 is the camera spectral response’s function, 𝐿 is a diagonal 

matrix that represents the illumination and 𝑆 represents the spectral reflectances. The combined 𝐿𝑆 

represents the spectral radiance (𝑅), enabling 3-6 to be simplified to: 

 Ρ = 𝐶𝑅 3-7 

Similar to LabPQR, the RGBPQR colour space aims to have the reconstruction function 𝑇  to 

minimise the error between the up-sampled spectral radiance 𝑅̂(= 𝑇𝑃) and the original radiance 𝑅 

in the least squares manner:  

 𝑇 = 𝑎𝑟𝑔𝑚𝑖𝑛‖𝑅 − 𝑇Ρ‖2 3-8 

Maintaining colour consistency requires the reconstructed spectra to produce the original RGB 

values (i.e., 𝐶𝑅̂ = 𝐶𝑅 ), therefore, the reconstruction function 𝑇  needs to satisfy the following 

constrains： 

 𝐶𝑇 = 𝐼 3-9 

where 𝐼 is the 3×3 identity matrix. From this, the transformation (up-sampling function) 𝑇 can be 

derived from the pseudo inverse of Ρ: 

 𝑇 = 𝑅Ρ𝑇(ΡΡ𝑇)−1 3-10 

The up-sampled spectra are denoted as 𝑅̂ = 𝑇Ρ, any residuals between the two spectra, can be 

expressed as a set of spectral differences: 

 𝐸 = 𝑅 − 𝑇Ρ 3-11 
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For the residual to represent metameric black, this requires 𝐶𝐸 = 0: 

 𝐶(𝑅 − 𝑇Ρ) = 𝐶𝑅 − 𝐶𝑇Ρ = (𝐼 − 𝐶𝑇)Ρ = 0 3-12 

The residual is represented by bases 𝑉 derived from the principal component analysis (PCA) of 𝐸, 

where 𝑁𝑝 is the weight for each basis and 𝜇 is the mean of the residual 𝐸. With all eigenvectors, the 

spectral reflectance can then be losslessly represented as: 

 𝑅 = 𝑇Ρ + 𝑉𝑁𝑝 + 𝜇 3-13 

The RGBPQR colour space uses the first three eigenvectors of the residual as PQR bases. 

Employing this equation as the spectral data model transforms the spectral reconstruction task into 

a problem of estimating the PQR coefficients, 𝑁𝑝. 

To determine how many eigenvectors are sufficient to accurately represent the spectral data, we will 

measure the representation error of spectral data with different numbers of eigenvectors. For 𝑖 

eigenvectors, the spectral data is approximated as: 

 𝑅̂ = 𝑇Ρ + 𝑉(𝑖)𝑁𝑝
(𝑖)
+ 𝜇 3-14 

we explore the model's capacity to represent hyperspectral data in limited dimensions.  

3.2.1. Experiment Data 

The largest hyperspectral database to date is the NTIRE 2022 (Arad et al., 2022), which forms the 

basis of this experiment. The published dataset has a spatial size of 482 × 512 pixels and includes 

corresponding RGB images. The RGB values were generated using known camera sensitivities 

(shown in Figure 10) but were scaled arbitrarily to simulate different exposure levels. Additionally, 

random noise was added to the RGB images to replicate real-world applications. However, for the 

specific focus of this experiment, we simplified the process of generating RGB values. We used the 

same camera functions but in contrast to the NTIRE RGB values, the RGB values in this experiment 

were normalized by the global maximum, and no extra noise was added. This corresponds to the 

assumption that all RGB values are taken with the same exposure. The converted RGB value was 

quantized into 8 bits (0 to 255). This normalization approach was adopted in NTIRE 2018 and 2020 

for the clean training track. Using a global maximum to normalize RGB values removes the need to 

account for variance in exposure, allowing a concentrated study on metamerism without the added 

complexity of additional parameters.  
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Figure 10. Camera response functions of the RGB camera sensor from NTIRE 2022. 

Randomly collecting RGB samples from the database may introduce bias based on the proportion 

of RGB values in the database. Consequently, RGB values that are rare in the database may have 

a lower likelihood of being collected. To make the collected samples represent the whole dataset as 

much as possible, 1,000 spectral samples and their corresponding RGB samples were chosen from 

each image. Rather than select the sample randomly, samples were collected to represent the 

gamut of each image. To achieve this, the samples were first converted into the Lab colour space, 

which is known for its ability to detect subtle colour differences. 

Figure 11 illustrates an example image in both RGB and 𝑎∗𝑏∗ space. Pixels from each image were 

then grouped into 20 clusters by K-means clustering as illustrated in Figure 12 utilizing the Euclidean 

distance metric in the 𝑎∗𝑏∗ space. 50 samples were randomly selected from each cluster to give 

1,000 representative samples for each image. In total, 900 spectral images from the NTIRE 2022 

database were used as prior data, yielding a total of 900,000 training samples in this experiment. 

 

Figure 11. Image in RGB and the samples in 𝑎∗𝑏∗ space colour mapped by the corresponding RGB values. 
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Figure 12. Clusters in 𝑎∗𝑏∗ space, 50 samples are randomly collected from each cluster. The clusters would 

guarantee the collected samples cover the gamut of the image.  

Figure 13 compares the gamut of the collected dataset using clustering with the gamut of 1,000 

randomly collected samples from each of the same 900 images. It is evident that using clustering 

for sample selection gives a broader gamut coverage and provides a more comprehensive 

representation of the entire database. It's important to note that our sample collection approach is 

designed to capture a wider representation of the dataset, with the primary aim of evaluating the 

RGBPQR model's capability in representing spectral data with metamerism. Consequently, when 

compared to a randomly collected dataset, the proposed data collection method might provide a 

less accurate representation of the proportion of the database, potentially resulting in a slightly 

higher average reconstruction error. 

 

Figure 13. The gamut formed from the convex hull of collected datasets in Lab space. The representative 

dataset is sampled using clustering, whereas the random dataset is randomly collected. 
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3.2.2. Representing Spectral Data 

In this section, the effectiveness of utilizing the RGBPQR colour space for representing the spectral 

reflectance data is evaluated.  

Table 4 compares the accuracy achieved when representing spectral samples using a specified 

number of components. Notably, the RGBPQR model demonstrates similar representation accuracy 

to PCA in terms of RMSE. In the RGBPQR model, the RGB values are used as the first three 

components. Fixing the first three components to the RGB terms does not appear to have a 

significant impact on representation accuracy. The P-value between the error distribution of adding 

the 2nd and 3rd is 0.08, indicating a significant difference, while the P-value between adding the 4th 

and 5th is less than 0.05. This suggests that adding high-order components has less influence on 

the representation accuracy. However, when using six dimensions to represent spectral data, 

RGBPQR exhibits slightly higher values for SAM and MRAE compared to PCA. This difference can 

be attributed to the fact that both RGBPQR and PCA optimize RMSE, leading to some variations in 

other accuracy metrics.  

Table 4. Representation accuracy of spectral data with a different number of components. The highlighted 

column compares RGBPQR with 3 residual components (6 in total) with 6 PCA components.  

Total Components 1 2 3 4 5 6 7 8 9 

RGBPQR 

Mean  

Error 

RMSE   0.032 0.017 0.012 0.009 0.007 0.006 0.004 

MRAE   0.139 0.118 0.091 0.064 0.055 0.046 0.038 

SAM   0.109 0.069 0.053 0.045 0.031 0.025 0.026 

PCA 

Mean  

Error 

RMSE 0.068 0.038 0.022 0.017 0.012 0.009 0.007 0.005 0.004 

MRAE 0.546 0.276 0.135 0.122 0.085 0.057 0.047 0.034 0.025 

SAM 0.277 0.145 0.094 0.071 0.053 0.037 0.024 0.018 0.014 

RGBPQR 

95%  

Error 

RMSE   0.068 0.035 0.026 0.020 0.016 0.011 0.009 

MRAE   0.049 0.399 0.303 0.213 0.192 0.157 0.127 

SAM   0.318 0.194 0.143 0.101 0.085 0.069 0.060 

PCA 

95%   

Error 

RMSE 0.151 0.085 0.047 0.034 0.025 0.019 0.015 0.011 0.009 

MRAE 1.811 1.056 0.461 0.428 0.286 0.193 0.170 0.123 0.089 

SAM 0.647 0.375 0.257 0.197 0.146 0.095 0.071 0.050 0.040 
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a. Error distribution of RMSE 

 

b. Error distribution of MRAE 

 

c. Error distribution of SAM 

Figure 14. Error distribution when reconstructing spectral data with a different number of residual 

components.  
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Figure 14 presents the error distributions from representing spectral data with various numbers of 

residual bases, utilizing three different error measurements. Considering both Table 4 and Figure 

14, we can see that the accuracy of the represented spectra improves significantly with the addition 

of the first three residual components. Adding the first three residual components yields a 

significantly different error profile, with more samples demonstrating lower error rates. The inclusion 

of the 4th to 6th components further reduces the error, as evidenced in Table 4. However, relative 

to the addition of the first three components, the impact on error distribution is successively smaller. 

Figure 15 displays the up-sampling function derived from the training data, and the first six 

eigenvectors obtained from the residual, along with the total variance explained by the 

corresponding component.  

 

Figure 15. The up-sampling functions and the first six eigenvectors are derived from the residual with the total 

variance of the residuals explained by that eigenvector in parentheses.  

The first three residual components appear to be relatively smooth compared with the 4th to 6th 

components. The first component displays a strong intensity in the red range, while the second and 

third components exhibit similarities in the green-to-red range but show opposing characteristics in 

the blue range. The high intensity of residual components at both ends is due to the low sensitivity 

of the camera function in the corresponding range, resulting in a relatively high residual. The 4 th to 

6th components illustrate detailed spectral features that appear unsmooth with successively higher 

frequency variation. The first three components can account for over 91.2% of the total variance of 

the residual. In terms of spectral representation, when using the first three eigenvectors to represent 

the residual, the accuracy of the RGBPQR colour space is equivalent to a 6-dimensional PCA basis 

model. Therefore, in this study, we assume that using three eigenvectors to represent the residual 

(metameric black) is sufficient to achieve high accuracy. 

Figure 16 illustrates a randomly selected example of spectral reflectance depicted with various 

numbers of residual bases. When using more than three bases, the difference between the shape 

of represented spectra is relatively small, the first three residual components could represent most 

of the spectral detail of the example.  
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Figure 16. Example spectrum represented with different numbers of residual basis. 

To summarize, the RGBPQR colour space is capable of representing spectral reflectance data in a 

low-dimensional manner. In the following section, we will explore if this model is better suited for 

spectral reconstruction tasks than other linear spectral reflectance models.  

3.2.3. Advantages of the RGBPQR Colour Space  

• Fewer Components Require Estimation  

The first 3 components are given directly from the input RGB values. Only the residual components 

(PQR) need to be estimated to give the spectrum. For the spectral super-resolution problem, 

reconstructing spectral reflectance becomes a problem of estimating the coefficients of the residual 

(PQR) components. The rest of this thesis discusses how to effectively estimate the PQR 

coefficients. 

• Colour Consistency  

In comparison to other linear spectral models discussed in Chapter 1, RGBPQR inherently adheres 

to colour consistency as a constraint. Colour consistency or RGB consistency is defined as the ability 

of the reconstructed spectrum to give the original RGB values using the known camera response 

functions. Compared with other spectral reflectance models, the RGBPQR colour space is colour-

consistent by design. The RGB components up-sample the base spectrum and the PQR 
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components are orthogonal to the camera response functions, so will not affect the reconstructed 

RGB values (metameric black). Therefore, when reconstructing with RGBPQR, there is no 

requirement to include an additional constraint for colour consistency.  

• Suitable to Resolve the Metamerism Problem 

The RGBPQR colour space is a representation of spectral data that has two parts. The first part, 

RGB, gives the solution from possible metamerism spectra that minimises the least squares error. 

The second part, PQR, represents a metameric black that recovers the residual between the least 

squares solution and the original spectrum. To reconstruct a spectrum, one must select the most 

probable spectrum from a metamer by deciding the weights for the residual basis (PQR). When 

three residual bases are used, the RGBPQR colour space simplifies the metamerism problem by 

estimating a 3-dimensional weight vector, which is much more straightforward than other spectral 

models.  

3.4. Reconstruction with no Residual  

Before introducing the PQR coefficients estimation, we first look at the reconstruction accuracy with 

the up-sampled spectrum from RGB value without the residual. In the experiment, the RGB image 

is generated in the same manner as the RGB value in prior data. In addition, we compare this 

approach with Arad's sparse dictionary method (Arad & Ben-Shahar, 2016). Arad's model was 

created using code published by the author and was learned from the same number of samples from 

the training images. Arad's dictionary comprised 1000 bases after training, and the reconstructed 

spectrum was represented by 28 atoms in the dictionary. The camera function that transformed 

spectral data into RGB was identical for both models, while Arad’s original model used CIE XYZ 

colour-matching functions as the camera model.  

To assess the effectiveness of the trained model, a separate testing dataset with 50 images from 

the NTIRE 2022 database was employed. Using the RGBPQR model, with no residual PQR weights, 

the complete spectral image was reconstructed from the RGB inputs. Table 5 compares the 

accuracy of the RGBPQR model with Arad's method, revealing that the RGBPQR model achieved 

higher accuracy even without estimating the residual weights. Note that, the error reported in Table 

5 is lower than that reported in the NTIRE 2022 competition since the RGB images used in the 

competition were affected by noise and were generated with different exposure settings. Therefore, 

it is not appropriate to compare the results from Table 5 with those of the NTIRE competition.  
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Table 5. The reconstruction accuracy of the up-sampled spectrum on the NTIRE 2022 database. 

 Arad Up-sampled 

RMSE 0.064 0.027 

MRAE 0.224 0.132 

SAM 0.272 0.123 

Figure 17 compares the mean relative absolute error (MRAE) of the reconstructed spectrum in the 

450 nm, 550 nm, and 650 nm channels. The results demonstrate that, in most cases, the RGBPQR 

model outperformed Arad's method in terms of the recovery spectrum. However, a few pixel areas 

with relatively high errors were compensated by areas with low errors, resulting in an overall low 

average error in the table (More results can be found in Appendix 1). 

 

Figure 17. MRAE of the reconstructed spectrum in 450, 550 and 650 nm of the NTIRE 2022, in most cases, 

the linearly up-sample spectrum appears with less error. 

The superior performance of the RGBPQR model over Arad's work can be attributed to the fact that 

the RGBPQR model assumes knowledge of the camera's spectral responses. However, this 

assumption is not a significant one as the camera spectral function can be obtained from the 

datasheet published by the manufacturer. Therefore, the knowledge of camera spectral function 

does not pose a hindrance to the practical application of the RGBPQR model in real-world problems. 

To further increase the reconstruction accuracy, it is necessary to recover the residual between the 

up-sampled spectrum and the original spectrum by estimating the PQR coefficients.  

3.5. Shannon Entropy of the PQR Coefficients 

Up-sampling from RGB minimises the global error using a linear mapping. However, in general, the 

mapping will not be linear, so part of the residual would reflect this non-linear relationship. i.e., the 

residual (PQR) may have a local correlation with measured RGB values. Therefore, we are 

interested in whether is it possible to estimate the PQR weights from the corresponding RGB value. 

To answer this question, we look at the Shannon entropy, which is a measure of the amount of 

uncertainty or randomness in a given set of data. 
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The Shannon entropy of a discrete random variable 𝑋  with a probability mass function 𝑝(𝑥)  is 

defined as: 

 𝐻(𝑋) = −∑𝑝(𝑥)log2𝑝(𝑥)

𝑥∈𝑋

 3-15 

The unit of Shannon entropy is bits, and it represents the minimum number of bits needed to 

represent the information contained in the random variable 𝑋. Intuitively, entropy measures the 

amount of uncertainty or surprise associated with the outcome of a random variable. If the probability 

distribution is highly skewed and concentrated on a few outcomes, the entropy is low, indicating that 

there is little uncertainty. Conversely, if the probability distribution is more evenly spread out, the 

entropy is higher, indicating that there is more uncertainty.  

In the RGBPQR model, the original spectral radiance 𝑅 can be approximately represented 𝑅̂ as the 

following equation: 

 𝑅̂ = 𝑇Ρ + 𝑉𝑁𝑝 + 𝜇 3-16 

In 3-16 𝑇, 𝑉 and 𝜇 are derived from the prior data. With a given RGB dataset Ρ, recovering the 

corresponding spectra becomes estimating the corresponding 𝑁𝑝 (PQR weights). Then the 𝐻(𝑁𝑝) 

can be used to define the ambiguity of this problem.  

The PQR weights are converted into 8-bit values because the Shannon entropy is based on discrete 

outcomes. The entropy is estimated by measuring the density of samples located in each bin. For 

the collected prior dataset, when representing each of the PQR weights with 8 bits, the entropy of 

the PQR weights is 13.7 bits. While a uniformly distributed three-dimensional variable would have 

an entropy of 24 bits.  

When given the RGB value, the remaining ambiguity of the PQR weights can be represented as the 

conditional entropy 𝐻(𝑁𝑝|Ρ) which can be estimated by the chain rule for Shannon entropy as: 

 𝐻(𝑁𝑝|Ρ) = 𝐻(𝑁𝑝, Ρ) − 𝐻(Ρ)  3-17 

where 𝐻(𝑁𝑝, Ρ) is the joint entropy of the RGB values and PQR weights. For the prior data, 𝐻(𝑁𝑝|Ρ) 

equals 8.3 bits, which is less than the entropy of PQR weights, 𝐻(𝑁𝑝). Therefore, knowing the RGB 

values could reduce the ambiguity of the PQR weights. This reflects the additional information that 

can be obtained from the non-linear relationship. However, it is important to note that the PQR 

weights represent metameric black, so relying solely on RGB values cannot resolve metamerism. 

As a result, there is remaining ambiguity with the PQR weights. To further resolve the ambiguity 
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caused by the metamerism, additional information is required to achieve a more precise estimation 

of the PQR weights. A more detailed discussion of the entropy in the PQR coefficients will be 

presented in Chapter 4.  

3.6. Estimating PQR Weights by Linear Regression  

In the previous sections, we have demonstrated that the RGBPQR colour space can provide a good 

representation of spectral data in a low-dimension manner. In this section. We first test using linear 

regression to estimate the weights for PQR bases from the RGB input.  

Assume there is a linear transform from the RGB values ( Ρ ) to the weights of the residual 

components as 3-18: 

 𝑁𝑝 = 𝑀Ρ + 𝑏 3-18 

where 𝑀 is the transform matrix and 𝑏 is a bias. When estimating 3 residual components,  𝑀 is a 

3×3 matrix. With the prior data 𝑀 and 𝑏 can be estimated, in this experiment the ‘regress’ function 

in MATLAB was used to learn this mapping. With the estimated 𝑀 and 𝑏, the PQR weights can be 

estimated as: 

 𝑁̂𝑝 ≈ 𝑀Ρ + 𝑏 3-19 

Then the recovered spectra from RGB data can be represented as: 

 𝑆̂ ≈ 𝑅Ρ + 𝑉𝑁̂𝑝 + 𝜇 3-20 

Table 6 compares the reconstruction accuracy achieved using different numbers of residual bases. 

Estimating the weights of residual bases through linear regression does not result in any significant 

enhancement in reconstruction accuracy. This result is explained since the up-sampling function 

already optimises the linear solution based on the RGB values. Therefore, the residual between the 

up-sampled and original spectrum cannot be estimated using a linear function of RGB.  

Table 6. Reconstruction accuracy of spectral data with a different number of residual bases. 

 0 1 2 3 

RMSE 0.027 0.027 0.027 0.026 

MRAE 0.132 0.132 0.132 0.131 

SAM 0.123 0.123 0.122 0.122 
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3.7. Estimating PQR with Non-linear Regression 

To achieve higher reconstruction accuracy, it is necessary to use a non-linear model to estimate the 

PQR weights from RGB values.  

3.7.1. Dictionary Learning 

Dictionary-based methods have traditionally been employed to address nonlinear mapping problems. 

In this section, we introduce the estimation of PQR weights based on a dictionary that has been 

learned from prior data. The training dataset used in this section is the same as that in the previous 

sections, consisting of 900,000 spectral samples. The learned dictionary functions as a lookup table, 

with mappings from RGB values to PQR weights. To learn this dictionary, the 8-bit RGB values are 

further quantised to give 8 to 64 bins per channel to make the data less sparse in the high-

dimensional space. Specifically, we divided the 8-bit training RGB data into sub-cubes, and the 

corresponding PQR weights for each sub-cube were obtained as the mean of the weights of the 

training residual samples within that sub-cube. When reconstructing, the input RGB value is used 

as the index to provide the corresponding PQR values. When building the dictionary, the PQR 

weights of bins without training samples were set to zero. However, it is rare for an RGB value from 

the testing data set to be out of the training dataset especially when the RGB value has been 

compressed.  

Table 7 compares the reconstruction accuracy when using the learned dictionary to estimate the 

PQR weights and reconstruct the spectra of NTIRE 2022. 5 levels of compression have been tested 

which include 3-8 bits of RGB space (shown as number of bins). The testing dataset was the same 

as in the previous section.  

Using a 3-bit RGB dictionary results in a total of 512 sub-cubes (atoms). However, due to the gamut 

limitations of the training dataset, only 135 of these atoms have training samples. Despite this, 

utilizing the 3-bit dictionary to estimate PQR weights does not largely improve accuracy. This could 

be attributed to the fact that 135 parameters are insufficient to represent the RGB to PQR weight 

mapping accurately. To achieve better accuracy, a more complex dictionary is necessary. 

Table 7. The construction accuracy when using the learned dictionaries to estimate the PQR weights and 

reconstruct the spectra. 

 Linear 8 bins 16 bins 32 bins 64 bins 256 bins 

RMSE 0.027 0.026 0.024 0.024 0.024 0.025 

MRAE 0.132 0.134 0.127 0.122 0.119 0.118 
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SAM 0.123 0.119 0.112 0.108 0.103 0.098 

 

a. Error distribution of SAM 

 

b. Error distribution of MRAE 

 

c. Error distribution of RMSE 

Figure 18. Error distribution when reconstructing spectral images with dictionaries with different complexity. 

Alternatively, when compressing the RGB values into 4 bits, the reconstructed spectra exhibit a 

small but noticeable improvement. This is due to the availability of 693 valid atoms in the 4-bit RGB 
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dictionary, which better represents the mapping from RGB to PQR. However, when further 

increasing the complexity of the dictionary the RMSE reconstruction error didn’t show any increase 

while the other two error measurements still decreased. This is because the up-sampling function is 

designed to minimize the least squares error, which results in the residual represented as RMSE 

becoming relatively small. The decrease in MRAE and SAM suggests that a more complex model 

can better map RGB to PQR in finer detail, but the improvement obtained by using a complex 

dictionary is insignificant. Increasing the number of bins for each channel to 256 doesn't lead to 

improved reconstruction accuracy. Despite the enhanced granularity, the persistent error primarily 

comes from metamerism. To truly enhance the reconstruction precision, there's a need to learn a 

specific mapping from RGB to individual metamerism samples, rather than the average of all such 

samples. 

Figure 18 shows the distribution of SAM, MRAE and RMSE when the number of bins from each 

colour channel of the dictionary is 8, 16, and 32, respectively. In Figure 18, the distribution plots 

share a similar appearance, with some minor variations. When using a dictionary, the probability of 

obtaining a low error score increases as the complexity of the dictionary decreases. However, 

increasing the number of bins in the plot does not provide a significant improvement, indicating that 

the primary cause of the errors in these cases is due to metamerism. This type of problem cannot 

be solved by using a more complex dictionary. 

3.7.2. Shallow Neural Network  

Neural networks are able to model non-linear relationships, so can be used for non-linear regression. 

Shallow neural networks with varying widths were used to estimate PQR weights from the RGB 

value inputs. The experiments utilized the MATLAB regression learner toolbox. All networks in the 

experiment had a single fully connected hidden layer, followed by a sigmoid activation layer. The 

experiment tested different sizes of the full-connection layer. The trained network used RGB values 

as input and estimated the corresponding P, Q, and R weights. The same training dataset was used 

as in the previous section, and a 5-fold cross-validation was employed during training. Table 8 

compares the reconstruction accuracy for the 50 test images.  

Table 8. The construction accuracy when using the trained shallow network to estimate the PQR weights and 

reconstruct the spectra. 

 Linear Dictionary 

Nodes in the hidden layer 

10 25 100 

RMSE 0.027 0.024 0.024 0.024 0.024 

MRAE 0.132 0.127 0.125 0.120 0.122 
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SAM 0.123 0.112 0.107 0.110 0.106 

Table 8 indicates that a narrow network, when employed to estimate PQR weights, can achieve 

comparable reconstruction accuracy to the 4-bit dictionary learning-based approach. However, 

increasing the network's width does not lead to large improvement in reconstruction. This implies 

that we are reaching the limit of estimating PQR weights from RGB values in the presence of 

metamerism.  

Without additional information to resolve the metamerism, it is impossible to further enhance the 

accuracy of estimating the PQR weights solely from RGB values.  

3.8. Summary  

In this chapter, we have adapted the LabPQR colour space into the RGBPQR colour space to better 

accommodate the task of single image spectral super-resolution. We've demonstrated that the 

RGBPQR model can effectively represent spectral data in a low-dimensional context. Based on this 

model, the spectral reconstruction task from an RGB image becomes an exercise in estimating the 

coefficients of PQR (residual) components. However, due to metamerism, relying solely on RGB 

values does not eliminate all ambiguities related to the PQR coefficients. Therefore, to accurately 

estimate the PQR coefficients, it is crucial to incorporate additional information. The remainder of 

this thesis will discuss how to effectively estimate the PQR coefficients in a way that is easily 

interpretable.  
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Chapter 4. Quantifying Contextual Information on 

Resolving Metamerism  

In the previous chapter, the RGBPQR colour space was introduced as a model for spectral super-

resolution. With the model, reconstructing spectral reflectance from RGB value became a problem 

in estimating the weights of the residual PQR components. However, using RGB values alone to 

estimate these weights led to suboptimal reconstruction accuracy due to the issue of metamerism. 

To resolve metamerism, additional information is required.  

Addressing this challenge, convolutional neural network-based techniques incorporate information 

from neighbouring pixels as contextual data to mitigate metamerism. According to the reported 

reconstruction accuracy, using spatial information surrounding the target pixel shows potential as a 

source of context to resolve metamerism. Yet, how this spatial information is utilized by networks 

remains unclear, given their "black box" nature. To design our explainable spectral super-resolution 

method, it is crucial to examine which types of spatial information from the neighbouring area are 

most suitable for this specific task. Currently, however, no method exists that can compare the 

metamerism resolution ability of different potential additional information sources. 

However, the RGBPQR colour space also offers an opportunity to quantitatively measure the ability 

to resolve metamerism. This is achieved by comparing the reduction of ambiguity from the PQR 

coefficients, which represent metamerism. In this chapter, we aim to investigate how different types 

of local spatial information can disambiguate the PQR weights and improve their accuracy, ultimately 

leading to more precise spectral reconstruction.  
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4.1. Using Shannon Entropy to Estimate the Additional Information  

4.1.1. Introduction 

As mentioned in section 3.15, the ambiguity of reconstructing the spectra can be represented by the 

entropy of the PQR weights. With the conditional entropy, we have also demonstrated that with the 

given RGB value the ambiguity of the corresponding PQR weights can be reduced. However, 

because of metamerism, it is impossible to remove all the ambiguity in the PQR weights without 

additional information. In this section, we will explore how conditional Shannon entropy can be used 

to compare the reduction in ambiguity provided by different types of spatial information. Our objective 

is to identify an appropriate type of spatial information that can be effectively incorporated into our 

explainable spectral super-resolution methodology.  

• Shannon Entropy 

Shannon entropy, also known as information entropy, is a measure of the uncertainty or randomness 

associated with a random variable. It was introduced by Claude Shannon in 1948 as a way to 

quantify the amount of information contained in a message.  

The entropy of a discrete random variable 𝑋 with possible values {𝑥1, 𝑥2, … , 𝑥𝑛} and corresponding 

probabilities {𝑝1, 𝑝2, … , 𝑝𝑛} is given by the formula:  

 𝐻(𝑋) = −∑ 𝑝𝑖log2 𝑝𝑖   4-1 

where the logarithm is usually taken to base 2, and the entropy 𝐻(𝑋) is measured in bits. The 

formula can be interpreted as the expected value of the information content of 𝑋 , where the 

information content of an event with probability 𝑝𝑖 is given by −log2 𝑝𝑖. 

The entropy of a random variable is a measure of the degree of uncertainty associated with it. A 

random variable that is highly unpredictable or random will have a high entropy, while a variable that 

is highly predictable will have a low entropy. The maximum possible entropy of a random variable is 

log2 𝑛 bits, where 𝑛 is the number of possible outcomes, and this is achieved when all outcomes are 

equally likely. 

In the RGBPQR colour space, assume the original spectra 𝑆 can be approximately represented 𝑆̂ 

as: 

 𝑆̂ = 𝑇Ρ + 𝑉𝑁𝑝 + 𝜇 4-2 
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where 𝑇, 𝑉 and 𝜇 are derived from the prior data. For a given RGB, Ρ, recovering the corresponding 

spectra becomes estimating the corresponding 𝑁𝑝 (PQR weights). Therefore 𝐻(𝑁𝑝) can be used to 

define the whole ambiguity of this problem. 𝐻(𝑁𝑝) can be estimated as: 

 𝐻(𝑁𝑝) = −∑𝑝(𝑁𝑝𝑖) log2 𝑝 (𝑁𝑝𝑖)

𝑛

𝑖=1

 4-3 

To calculate the Shannon entropy, it is necessary to convert the PQR weights (𝑁𝑝) into a discrete 

variable, where the number of bins (𝑛) represents the number of partitions of the dispersed 𝑁𝑝. 

However, using 8-bit data makes the collected sample too sparse compared to the number of bins, 

which cannot provide an accurate representation of the sample’s distribution in the high dimensional 

space. Therefore, in this study, we have chosen to set the number of bins for each dimension to 64 

(6 bits), as this allows for a manageable number of bins while still providing sufficient resolution for 

our analysis. With three dimensions for PQR, the total number of bins (𝑛) equals 643 = 262,144. 

While increasing the number of bins gives better resolution, introducing additional information 

increases the number of dimensions, with the available samples becoming sparser, making it difficult 

to estimate the distribution of samples accurately. Therefore, by using 6 bits, we strike a balance 

between the accuracy and manageability of the dataset, making it easier to estimate the distribution 

of samples in the high-dimensional space accurately.  

In 4-3, 𝑝 (𝑁𝑝𝑖) represents the probability that a PQR weight falls in the 𝑖 th bin, which can be 

calculated from: 

 𝑝 (𝑁𝑝𝑖) =
𝑁𝑁𝑝𝑖
𝑁

 4-4 

where 𝑁𝑁𝑝𝑖
 is the number of samples within the 𝑖th bin, and 𝑁 is the total number of samples in the 

dataset.  

• Conditional Entropy 

Conditional entropy is a measure of the uncertainty or entropy of a random variable given the 

information provided by another random variable, i.e., that other random variable is known. The 

reduced uncertainty can be understood as the information provided by that other random variable.  

In our problem, when given the RGB value, the remaining ambiguity of the PQR weights can be 

represented as the conditional entropy 𝐻(𝑁𝑝|Ρ) , which can be estimated by the chain rule of 

Shannon entropy as: 
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 𝐻(𝑁𝑝|Ρ) = 𝐻(𝑁𝑝, Ρ) − 𝐻(Ρ) 4-5 

where 𝐻(𝑁𝑝, Ρ) is the joint entropy of the RGB values and PQR weights which can be estimated 

from: 

 𝐻(𝑁𝑝, Ρ) = −∑𝑝(𝑁𝑝𝑖 , Ρ) log2 𝑝 (𝑁𝑝𝑖 , Ρ)

𝑛

𝑖=1

 4-6 

When estimating the entropy of RGB values (𝐻(Ρ)), the RGB value has also been converted into 6 

bits to reduce the influence of the increasing dimensionality.  

The information provided by the RGB value on the PQR weights can be represented as: 

 𝐼𝑟𝑔𝑏 = 𝐻(𝑁𝑝) − 𝐻(𝑁𝑝|Ρ) 4-7 

As discussed in section 3.5, this represents non-linearities in the relationship between the spectrum 

and the RGB values. If a one-to-one correspondence between RGB values and PQR weights existed, 

knowledge of the RGB value would fully determine the PQR weight, resulting in zero conditional 

entropy. In other words, the RGB value would eliminate any uncertainty about the PQR weight. 

However, due to metamerism, there is no such one-to-one mapping. This study assumes that 

additional information reduces the uncertainty in the PQR weights and therefore represents the 

ability to resolve metamerism. 

When additional spatial information is added, the conditional entropy of the PQR weights with a 

given RGB value and the additional information can be represented as: 

 𝐻(𝑁𝑝|Ρ, 𝐴) = 𝐻(𝑁𝑝, Ρ, 𝐴) − 𝐻(Ρ, 𝐴) 4-8 

where 𝐴 represents the additional variables, it could be neighbour RGB values or extracted feature 

vectors from the local image patch. The extra information provided by the additional spatial variable 

can be represented as: 

 𝐼𝑎𝑑𝑑 =  𝐻(𝑁𝑝, Ρ) − 𝐻(𝑁𝑝|Ρ, 𝐴) 4-9 

𝐼𝑎𝑑𝑑 could be used to measure the amount of ambiguity removed from adding additional spatial 

information while the RGB value of the target is known.  
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4.1.2. Methodology 

• Dataset in This Study 

In order to address the issue of sparsity resulting from adding dimensions, a larger spectral dataset 

was collected in this study. This was accomplished through the collection of three datasets, two of 

which were randomly collected, while the third was an edge dataset. Having two randomly collected 

datasets serves the purpose of ensuring that the collected data adequately represents the entire 

database. On the other hand, having the edge dataset is motivated by the observation that edge 

pixels are more likely to differ from their immediate neighbours, potentially making them more 

informative. All spectral data was obtained from the NTIRE 2022 spectral database, and the RGB 

values were generated using the same methodology as described in Chapter 3. A separate 

RGBPQR model was trained for each dataset. 

The two random datasets in this study were collected using the same approach as in the previous 

chapter, but with a collection of 5,000 samples per image taken from all 900 training images, rather 

than just 1,000 samples per image. The gamut for these new samples is similar to that of the dataset 

in the previous chapter. The increased redundancy in the new random samples was collected to 

overcome sparsity.  

The edge dataset was created by first applying a Canny edge detection filter to the grayscale image 

and then collecting samples from the edges. Similar to the random datasets, 5,000 samples were 

collected from each image.  

Additionally, a neighbour patch size of 21 × 21, centred on the target pixel, was collected for all 

samples as additional spatial information, in addition to the target’s RGB values. 

• Different Types of Spatial Information Investigated  

To investigate the potential for reducing ambiguity in PQR weights by involving local spatial 

information, this study explores the use of additional spatial information sourced from local image 

patches centred on the target sample. This additional information is categorized into two groups:  

1. Neighbour RGB pixels of the target pixel including the pixels immediately left, right, above 

and below.  

2. Simple statistical measures of the image patch, including the minimum and maximum values 

of the RGB patch, as well as the mean, standard deviation, skewness, and kurtosis of RGB 

values within the image patch. The statistical measures were applied to each of the RGB 

components within the patch.  



 
 
Chapter 4. Quantifying Contextual Information on Resolving Metamerism 

72 
 

In order to mitigate the impact of higher dimensionality on the accuracy of entropy estimation, we 

have confined all additional information to a 3-dimensional vector.  

4.1.3. Results 

Table 9 displays the calculated Shannon entropy of the PQR coefficients 𝐻(𝑁𝑝), along with the 

conditional entropy when using information from the local image patch. When compared with data 

collected randomly, the entropy of the PQR coefficients is higher when the target sample is situated 

on an edge. This could be attributed to the fact that samples collected from edges are more likely to 

originate from a variety of materials. Since the entropy from the two randomly collected datasets are 

similar, it suggests that our collected dataset is a good representation of the original NTIRE 2022 

database. However, knowing the RGB value on the edge removes less ambiguity in the PQR 

coefficient, because edge spectral samples are more likely to be a mixture of multiple endmembers, 

reducing the correlation between the RGB value and the spectrum.  

The results from the two randomly collected datasets were similar. For both, introducing the 

neighbouring pixel as context offered a similar degree of information for resolving metamerism. 

These findings suggest that incorporating neighbouring pixels can slightly reduce the ambiguity of 

the PQR weights. However, when compared with the randomly collected samples, adding 

neighbouring pixels from an edge sample yielded more supplementary information. This is attributed 

to the fact that the additional information in this study is able to provide a more unique context for 

the PQR weights. As neighbouring pixels from an edge sample are more likely to differ from the 

target pixels, the supplemental information obtained when adding such neighbouring pixels appears 

to be greater. 

Upon comparing neighbouring pixels from various positions, we observed that the pixel above and 

below imparts slightly more additional information than the left and right pixels across all three 

datasets. This trend suggests that vertical pixels within a given area are more likely to exhibit 

different values compared to their horizontal counterparts. This phenomenon could be attributed to 

the NTIRE dataset encompassing scenes featuring buildings and other manmade structures, which 

often present horizontal edges.  

To ensure the estimation is not affected by overfitting, we conducted a noise test. We introduced a 

1-bit noise, a one-dimensional variable comprising random zeros and ones, and used this as our 

"additional information" during the conditional entropy estimation of the PQR weights. For a 6-bit 

sampling of the PQR weights, the 𝐻(𝑁𝑝, 𝑛𝑜𝑖𝑠𝑒) yielded a value of 8.18 for our initial random dataset 

which is 1 bit larger than 𝐻(𝑁𝑝). This indicates that the estimation did not consider the noise as a 

form of genuine information. However, with 8-bit sampling, the scenario shifted. While 𝐻(𝑁𝑝) was 

12.45, 𝐻(𝑁𝑝, 𝑛𝑜𝑖𝑠𝑒) stood at 13.33, suggesting that the estimation had indeed factored in the noise 
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as information. This anomaly can be attributed to the sparsity when representing the PQR using 8 

bits enabling the noise bit to provide disambiguation.  

Table 9. Additional information when adding neighbour RGB pixel. The entropy of the PQR weights is 

highlighted in red. The conditional entropy values, denoted in blue, correspond to when various types of 

contextual information are added, while the associated additional information is highlighted in green. 

 Variables Random data 1 Random data 2 Edge data 

Entropy of 

PQR weights 
𝐻(𝑁𝑝) 7.17 7.19 7.26 

RGB 

𝐻(𝑁𝑝, Ρ) 13.19 13.19 13.51 

𝐻(Ρ) 9.14 9.14 9.18 

𝐻(𝑁𝑝|Ρ) 4.05 4.05 4.33 

𝐼𝑟𝑔𝑏 3.12 3.14 2.93 

Neighbour RGB pixels 

RGB with  

left neighbour 

RGB 

𝐻(𝑁𝑝, Ρ, 𝐴𝑙𝑒𝑓𝑡) 11.82 11.82 12.88 

𝐻(Ρ, 𝐴𝑙𝑒𝑓𝑡) 14.80 14.79 15.72 

𝐻(𝑁𝑝|Ρ,𝐴𝑙𝑒𝑓𝑡) 2.98 2.96 2.84 

𝐼𝑙𝑒𝑓𝑡 1.08 1.08 1.49 

RGB with 

right 

neighbour 

RGB 

𝐻(𝑁𝑝, Ρ, 𝐴𝑟𝑖𝑔ℎ𝑡) 11.82 11.82 12.87 

𝐻(Ρ, 𝐴𝑟𝑖𝑔ℎ𝑡) 14.79 14.78 15.71 

𝐻(𝑁𝑝|Ρ, 𝐴𝑟𝑖𝑔ℎ𝑡) 2.97 2.96 2.84 

𝐼𝑟𝑖𝑔ℎ𝑡 1.08 1.09 1.49 

RGB with 

above 

neighbour 

RGB 

𝐻(𝑁𝑝, Ρ, 𝐴𝑎𝑏𝑜𝑣𝑒) 11.97 11.97 13.04 

𝐻(Ρ, 𝐴𝑎𝑏𝑜𝑣𝑒) 14.89 14.88 15.84 

𝐻(𝑁𝑝|Ρ, 𝐴𝑎𝑏𝑜𝑣𝑒) 2.92 2.91 2.79 

𝐼𝑎𝑏𝑜𝑣𝑒 1.13 1.14 1.54 

RGB with 

below 

neighbour 

RGB 

𝐻(𝑁𝑝, Ρ, 𝐴𝑏𝑒𝑙𝑜𝑤) 11.98 11.98 13.03 

𝐻(Ρ, 𝐴𝑏𝑒𝑙𝑜𝑤) 14.89 14.88 15.83 

𝐻(𝑁𝑝|Ρ, 𝐴𝑏𝑒𝑙𝑜𝑤) 2.91 2.91 2.79 

𝐼𝑏𝑒𝑙𝑜𝑤 1.13 1.14 1.54 

Table 10 shows the conditional entropy and the additional information when involving simple 

statistical measurements of the image patch as additional context. The maximum and minimum in 

the table is measured as the maximum and minimum R, G and B value separately within the 21 × 21 

patch, the value is not necessarily from one particular pixel. The mean, standard deviation, 

skewness and kurtosis measure the distribution of the R, G and B values separately within the image 

patch. The measured statistical results have also been converted to 6 bits.  
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Table 10. Additional information when adding statistical information from a 21 × 21 neighbourhood. 

 Variables Random data 1 Random data 2 Edge data 

Entropy of 

PQR weights 
𝐻(𝑁𝑝) 7.17 7.19 7.26 

RGB 

𝐻(𝑁𝑝, Ρ) 13.19 13.19 13.51 

𝐻(Ρ) 9.14 9.14 9.18 

𝐻(𝑁𝑝|Ρ) 4.05 4.05 4.33 

𝐼𝑟𝑔𝑏 3.12 3.14 2.93 

Simple statistical measures 

Maximum 

RGB from the 

patch 

𝐻(𝑁𝑝, Ρ, 𝐴𝑚𝑎𝑥) 15.66 15.66 15.86 

𝐻(Ρ, 𝐴𝑚𝑎𝑥) 17.32 17.31 17.52 

𝐻(𝑁𝑝|Ρ, 𝐴𝑚𝑎𝑥) 1.66 1.64 1.66 

𝐼𝑚𝑒𝑎𝑛 2.39 2.40 2.67 

Minimum 

RGB from the 

patch 

𝐻(𝑁𝑝|Ρ, 𝐴𝑚𝑖𝑛) 13.67 13.67 13.57 

𝐻(Ρ, 𝐴𝑚𝑖𝑛) 16.03 16.01 16.13 

𝐻(𝑁𝑝|Ρ, 𝐴𝑚𝑖𝑛) 2.37 2.35 2.56 

𝐼𝑚𝑎𝑥 1.69 1.70 1.77 

Mean RGB 

from the 

patch 

𝐻(𝑁𝑝, Ρ, 𝐴𝑚𝑒𝑎𝑛) 13.04 13.04 13.34 

𝐻(Ρ, 𝐴𝑚𝑒𝑎𝑛) 15.55 15.54 16.96 

𝐻(𝑁𝑝|Ρ, 𝐴𝑚𝑒𝑎𝑛) 2.51 2.49 2.63 

𝐼𝑚𝑖𝑛 1.54 1.55 1.70 

Standard 

deviation of 

the patch 

𝐻(𝑁𝑝, Ρ, 𝐴𝑠𝑡𝑑) 14.73 14.74 14.86 

𝐻(Ρ, 𝐴𝑠𝑡𝑑) 16.71 16.70 16.91 

𝐻(𝑁𝑝|Ρ, 𝐴𝑠𝑡𝑑) 1.98 1.96 2.05 

𝐼𝑠𝑡𝑑 2.07 2.08 2.28 

Skewness of 

the patch 

𝐻(𝑁𝑝, Ρ, 𝐴𝑠𝑘𝑒𝑤) 14.52 14.46 14.78 

𝐻(Ρ, 𝐴𝑠𝑘𝑒𝑤) 17.05 17.00 17.36 

𝐻(𝑁𝑝|Ρ, 𝐴𝑠𝑘𝑒𝑤) 2.53 2.54 2.58 

𝐼𝑠𝑘𝑒 1.52 1.51 1.75 

Kurtosis 

deviation of 

the patch 

𝐻(𝑁𝑝, Ρ, 𝐴𝑘𝑢𝑟) 11.45 11.42 15.43 

𝐻(Ρ, 𝐴𝑘𝑢𝑟) 14.98 14.95 13.51 

𝐻(𝑁𝑝|Ρ,𝐴𝑘𝑢𝑟) 3.53 3.53 3.67 

𝐼𝑡𝑢𝑟 0.52 0.52 0.66 
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Compared with adding a neighbour RGB value as additional information, adding the minimum or 

maximum RGB value within a patch could remove more ambiguity from the PQR weights, especially 

for the maximum value. One possible explanation for this is that the target sample is not likely to 

have the maximum or the minimum RGB value from within the image patch, so adding the maximum 

or the minimum RGB value could make the combined 6-dimensional vector more unique. The 

maximum or the minimum process selects more unique information from the image patch than using 

any pixel as additional information.  

The additional information gained by incorporating the mean RGB of the image patch is larger than 

when adding a neighbouring pixel, but smaller than when adding the maximum. Given the size of 

the image patches (21 × 21), the samples within the patch are unlikely to belong to a single material. 

Consequently, the mean RGB value is likely to differ from the central pixel. Similarly, adding the 

standard deviation of the 21 × 21  image patch as additional context provides more additional 

information than adding neighbouring pixel values.  

We further examined the spatial information derived from a highly localized area. In particular, we 

incorporated basic statistical measurements from RGB values within a 3 × 3 image patch (details 

included in Appendix 2). We discovered that the mean value of these highly local pixels provides 

less additional information compared to adding neighbouring pixel values, let alone statistical context 

from larger patches. This can be attributed to the likelihood of the neighbouring pixels being similar 

to the central pixel within such a small patch. The averaging process tends to dilute unique values 

within the patch, consequently reducing the combined vector's potential distinctiveness when the 

averaged RGB value is used as additional context. In contrast, the skewness and kurtosis of the 

3 × 3  image patch could significantly decrease the conditional entropy of the PQR coefficient. 

However, determining high-order distribution descriptors with a small sample size is not reliable, and 

the reduction in entropy may be due to noise.  

Using the skewness and kurtosis from the 21 × 21 image patch as additional context does not 

remove markedly more ambiguity in the PQR weights compared with other types of contexts. This 

implies that the distribution of local pixel values may differ in their average values and spread, but 

share similar characteristics in their shape and distribution symmetry.   

4.1.4. Summary 

From the result, since the RGB values of neighbouring pixels are often similar to the target pixel, 

simply adding neighbour pixel values is not likely to be particularly effective to distinguish metamer 

RGB values. Compared with a very local area (3 × 3), extracting information from a larger area 

increases the ability to resolve metamerism. However, the very local information is still important in 
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the spectral reconstruction process, since they are highly correlated to the target sample which could 

reduce the influence of noise on the pixel value of the target.  

Reconstructing the spectra of edge samples is more challenging since they have higher ambiguity 

than randomly collected samples, even when additional information is involved, the conditional 

entropy (remaining ambiguity) is still higher. The high ambiguity may result from the sample being 

on the boundary between two materials, resulting in a mixture of multiple spectra that increases the 

challenge during reconstruction. Therefore, when designing any reconstruction method, the edge 

sample should be given higher attention.  

Compared with adding a particular RGB value as additional context, adding simple statistical 

measurements provides more additional information on the PQR coefficients. Therefore, the 

distribution descriptor and even a texture descriptor of an image patch should be considered as 

context information when resolving metamerism.  

This experiment has several limitations, the addition of spatial information in the form of a three-

dimensional vector resulted in an increase to 9 dimensions. Despite down sampling both RGB 

values and PQR weights into 6 bits, the resulting samples remain sparse in the 9-dimensional space. 

This sparsity means that many bins in the high-dimensional space receive only zero or one sample, 

which makes it difficult to obtain an accurate estimation of the distribution. The curse of 

dimensionality presents a challenge, as it limits our ability to test more complex (higher dimensional) 

additional information, for example, texture descriptors such as Gabor filters. However, 

understanding the potential of high-dimensional data to provide context information is essential to 

this study. Another limitation of estimating the Shannon entropy with bins is the result could be 

influenced by noise. With the increasing dimensionality when adding extra context, the samples 

became sparse in the high dimensional space. As a result, the measurement could take noise as 

additional disambiguating information, and as a result, the sample is overfitted to noise which gives 

a misleading low conditional entropy.  

4.2. Differential Entropy by Modifying the Bin Size 

4.2.1. Estimating Joint Entropy by Rescaling the Bin Size 

The PQR coefficients are not uniformly distributed and are constrained by the number of samples 

that can be collected. Consequently, certain bins may contain only 0 to 1 samples, making the 

entropy estimation unreliable. To mitigate this issue, we propose using a scaled bin size within the 

PQR space to estimate the distribution of the PQR coefficients and, subsequently, the differential 

entropy of these coefficients.   
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Differential entropy is a concept stemming from information theory that broadens the principle of 

entropy—traditionally a measure of uncertainty or randomness—to apply to continuous probability 

distributions. In the context of continuous random variables, differential entropy is defined as: 

 ℎ(𝑋) =  −∫𝑓(𝑥) log𝑓(𝑥)𝑑𝑥 4-10 

where 𝑓(𝑥) is the probability density function of the random variable X and the integral is taken over 

the whole range of 𝑋. One important thing to note about differential entropy is that, unlike the entropy 

for discrete variables, it can be negative. This is because, for continuous variables, the probability 

density function can be greater than 1 at some points, making the corresponding logarithmic term 

positive. When the differential entropy exists and is finite, it follows the chain rule which can be used 

to calculate the conditional entropy. Additionally, the mutual information between continuous 

variables can be estimated as 𝐼(𝑋, 𝑌) = ℎ(𝑋) − ℎ(𝑋|𝑌) = ℎ(𝑌) − ℎ(𝑌|𝑋) which is the same as for 

discrete entropy. 

In this experiment, the differential entropy is estimated by adjusting the width of bins to estimate the 

probability density function of the PQR coefficients as a piecewise function. Taking the P coefficient 

as an example, the differential entropy of the P coefficient is estimated by: 

 ℎ(𝑃) = −∫
𝑝𝑖
𝑤𝑖
log (

𝑝𝑖
𝑤𝑖
) ≈ −∑𝑝𝑖

𝑛

𝑖=1

log (
𝑝𝑖
𝑤𝑖
) 4-11 

Where 𝑛 is the number of bins, and 𝑤𝑖 is the width of the 𝑖th bin, Figure 19 shows the estimated 

probability density function of the P coefficient with uniform bin width. Although there are 64 bins, 

the probability is very low outside the range of -0.5 to 0.5. When estimating the entropy of the PQR 

coefficients, samples would be located in a 3-dimensional space defined by the bins from each 

variable. 

 

Figure 19. This represents the distribution of P coefficients with a uniform bin width, where the range of P has 

been constrained between -0.5 and 0.5. 
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However, limited by the number of bins, Figure 19 can only approximate the probability density 

function, which limits the accuracy of the estimated entropy. In this section, we propose a histogram 

distribution estimation method with scaled bin width. The basic idea behind the method is to adjust 

the width of bins, so that bins with high probability density are narrower, while bins with low 

probability density are made wider. The bin width is adjusted by making the number of samples 

allocated to each bin approximately similar (effectively using histogram equalisation). Figure 20 

shows the estimated probability density function of each PQR coefficient separately using 64 bins. 

Compared with using uniform bin size, the estimated histogram better represents the distribution 

with the same number of bins. Building on the scaled bin width, we can more accurately estimate 

the joint entropy of the PQR coefficients, as well as the conditional entropy when additional 

information is incorporated.  

 

 

 

Figure 20. The distribution of PQR coefficients with adjusted bin width can more accurately estimate the 

distribution than a histogram with uniform bin width. 



 
 

Chapter 4. Quantifying Contextual Information on Resolving Metamerism 

79 
 

Table 11. The estimated joint entropy from different methods. The proposed scaled bins method estimates 

the joint entropy of the PQR coefficient with a similar result to the k-NN-based methods. 

 P Q R PQR 

Uniform bins 
entropy 

-1.30 -1.91 -2.22 -6.33 

Scaled bins 
entropy 

-1.35 -1.99 -2.25 -6.89 

KL entropy -1.35 -2.01 -2.26 -7.06 

Copula entropy -1.35 -2.01 -2.26 -6.98 

Table 11 compares the estimated differential entropy based on our scaled bin method with the 

estimated entropy derived from uniform bins. Furthermore, we have also presented results from two 

entropy estimators for comparison: the Kozachenko–Leonenko (1987) differential entropy estimator 

and the copula estimator (Ariel & Louzoun, 2020). These two methods estimate the joint entropy by 

assessing the k-nearest neighbours (k-NN) and have been proven to deliver reasonably accurate 

results. According to the data, our proposed scaled bins method offers an estimation that is more 

closely aligned with these trustworthy estimators than the uniform bin-based method. We opted not 

to base our experiment on the neighbour-based entropy estimators because they consider repeated 

information as additional information. For instance, when an RGB value identical to the target RGB 

is added, the joint entropy 𝐻(𝑁𝑝, Ρ, Ρ) estimated by our method would be equivalent to 𝐻(𝑁𝑝, Ρ). In 

these cases, the context provides no extra information to uniquely identify the metamerism samples. 

In contrast, in k-NN based methods, the estimator would perceive the repeated context as 

information since it impacts the distance between samples. Therefore, our proposed method, which 

concentrates on identifying unique contextual information to distinguish metamerism samples, is 

more suited to this particular problem. 

4.2.2. Results from the Differential Entropy 

Utilizing the scaled bin entropy estimation, we repeated the experiment outlined in section 1, with 

the results presented in Table 12.  

Note that since the entropy measurement method is different, the numerical values from Table 12 

cannot be directly compared with previous tables. However, the results demonstrate a similar trend. 

Simple statistical measures of the local image patch provide more information for resolving 

metamerism than just using neighbouring RGB values as context. The maximum RGB value from a 

neighbouring region showed a greater advantage in resolving metamerism than other statistical 

methods. However, the kurtosis of the neighbouring pixels didn't contribute much additional 
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information, which could be explained by the fact that kurtosis doesn't vary markedly across different 

small image patches. Compared to randomly collected samples, neighbouring pixels of the target 

sample along edges can provide more information for uniquely distinguishing metamerism samples. 

Therefore, in designing our method, local features such as edges should be considered as 

potentially useful features upon which to focus.  

Table 12. Additional information resulting from local context when using differential entropy estimated from 

the scaled bin method. 

 Variables Random data 1 Random data 2 Edge data 

Entropy of 

PQR weights 
ℎ(𝑁𝑝) -6.84 -6.89 -6.77 

RGB 

ℎ(𝑁𝑝, Ρ) -16.78 -16.93 -16.69 

ℎ(Ρ) -6.31 -6.29 -6.28 

ℎ(𝑁𝑝|Ρ) -10.48 -10.64 -10.42 

𝐼𝑟𝑔𝑏 3.68 3.75 3.65 

Immediate neighbour RGB pixels 

Left 𝐼𝑙𝑒𝑓𝑡 1.51 1.50 2.07 

Right 𝐼𝑟𝑖𝑔ℎ𝑡 1.51 1.50 2.07 

Above 𝐼𝑎𝑏𝑜𝑣𝑒 1.60 1.59 2.17 

Below 𝐼𝑏𝑒𝑙𝑜𝑤 1.60 1.59 2.17 

Simple statistical measures within a 21×21 window 

Max 𝐼𝑚𝑎𝑥 3.67 3.63 3.81 

Min 𝐼𝑚𝑖𝑛 2.16 2.15 2.34 

Mean 𝐼𝑚𝑒𝑎𝑛 2.49 2.48 2.47 

STD 𝐼𝑠𝑡𝑑 3.12 3.09 3.22 

Skewness 𝐼𝑠𝑘𝑒𝑤 2.80 2.72 3.01 

Kurtosis 𝐼𝑘𝑢𝑟 1.09 1.05 1.26 

Local Binary Pattern histograms within a 21×21 patch 

LBP 𝐼𝑙𝑏𝑝 5.24 5.16 5.35 

Several times we have made the observation that texture measures are likely to be of benefit. To 

test this, we explore a widely used abstract texture descriptor, the Local Binary Pattern (LBP), as 

contextual information. The LBP is extracted from the converted grayscale image patches with a 

radius of 1, starting with the top-left pixel. The histogram of LBPs within a 21 × 21 window provides 

a texture descriptor. The first three coefficients learned by PCA from the extracted LBP histograms 

are used as the contextual vector to estimate the joint entropy. The results in the last row of Table 

12 show that using the LBP-based feature descriptor as additional information can significantly 
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reduce the ambiguity in metamerism samples. Thus, local texture can serve as a valuable source of 

additional information to address metamerism, which is sensible given that texture features are often 

associated with specific materials. Identifying the texture of a surface can aid in material identification, 

and by extension, the determination of the material's reflectance. 

4.2.3. Verifying the Results 

In this section, we compare the reconstruction accuracy achieved when representing the spectral 

samples through dictionary learning, using the additional information tested in Table 12 as the 

contextual index. In contrast to the dictionary discussed in Chapter 3.7.1, which solely used RGB 

values as indices, the present test dictionary incorporates both RGB and the tested context for 

indexing. To build this dictionary, we compress each RGB value and context component into 6 bits 

to mitigate overfitting. Specifically, we divide the samples into sub-cubes, and the corresponding 

PQR weights for each sub-cube are determined as the mean of the PQR weights of the residual 

within that sub-cube. During the reconstruction process, the input RGB value and context serve as 

the index to retrieve the corresponding PQR values. 

The dictionary learning experiment was conducted using Random Dataset 1. Table 13 compares 

the spectral reconstruction errors when utilizing the various contexts to construct the dictionaries. 

The results presented represent the accuracy achievable with a dictionary-based method, reflecting 

the context's ability to resolve metamerism. This accuracy aligns with the trend observed from the 

previous entropy analysis. Therefore, our proposed quantification technique effectively measures 

the contextual information's capacity to address metamerism. The findings suggest that leveraging 

local textural data yields superior reconstruction accuracy compared to other forms of additional 

information. This leads us to hypothesise that local textural features, as exemplified by the LBP 

histogram hold promise in resolving metamerism.  

Table 13. Representation error via dictionary learning. The initial row designates the kind of additional 

information used, while the first column itemizes the type of error observed.  

 
Solely 

RGB 
Left Right Above Below Max Min Mean STD Skew Kur LBP 

RMSE 0.019 0.015 0.015 0.015 0.015 0.101 0.012 0.012 0.011 0.014 0.017 0.009 

SAM 0.113 0.105 0.105 0.105 0.105 0.089 0.101 0.099 0.095 0.102 0.110 0.083 

95% RMSE 0.039 0.031 0.031 0.030 0.030 0.022 0.025 0.026 0.023 0.030 0.037 0.019 

95% SAM 0.314 0.303 0.303 0.302 0.302 0.272 0.296 0.291 0.284 0.296 0.309 0.260 
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4.3. Summary  

In this chapter, we examined potential additional information sources capable of reducing the 

ambiguity in PQR coefficients by measuring their conditional entropy. Both Shannon and differential 

entropy utilizing a scaled bin size were tested. The results show that the RGB value of the target 

sample can reduce the ambiguity of the PQR weights. However, it cannot resolve metamerism, 

leaving some residual ambiguity. To further diminish this ambiguity and discover a unique context 

that distinguishes metamerism samples, additional information is needed. Our results suggest that 

local textural features could serve as a promising choice for contextual information to effectively 

address the issue of metamerism. 

Nonetheless, the entropy estimator utilized in this study has certain limitations. It is affected by noise 

and the sampling becomes less accurate with increasing dimensionality, which restricts the type of 

additional information that can be assessed in this study. While these limitations could potentially be 

overcome by advanced high-dimensional multivariable entropy estimation methods, that is not the 

main focus of this study. However, the findings presented here are sufficient to act as a reference in 

designing feature extraction methods aimed at resolving the metamerism issue. 
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Chapter 5. Analysing How Deep Models Resolve 

Metamerism 

The previous chapter highlighted the potential of very local spatial information, specifically 

neighbouring pixels, to provide contextual information that reduces ambiguity in PQR weights. 

However, given the constraints of entropy estimation techniques, assessing spatial information over 

a broader range or in a more complex manner remains challenging. Nonetheless, for the creation of 

our explainable method, identifying the right contextual information to tackle metamerism remains 

essential.  

Meanwhile, deep convolutional neural network-based single-image spectral super-resolution 

methods have demonstrated impressive accuracy in reconstructing spectral data, as discussed in 

Chapter 2. The increased accuracy is associated with the deep models' ability to resolve 

metamerism by utilizing spatial information during the reconstruction process. However, like all deep 

neural network-based methods, spectral super-resolution models suffer from the 'black box' issue. 

It remains unclear how spatial information contributes to the spectral recovery process, and the 

required range of spatial information to resolve metamerism remains undefined. 

To bridge these gaps, this chapter will analyse existing deep CNN-based spectral super-resolution 

methods for their solution to resolving metamerism. Our objective is to examine current deep neural 

network-based methodologies and understand how they utilize spatial information in two aspects. 

First, we aim to determine the necessary spatial range that provides sufficient information for the 

neural networks to carry out their reconstruction. Second, we aim to identify valuable contextual 

information for resolving metamerism by analysing the potential spatial information utilized by deep 

models. These results can then guide the development of our explainable method.  

We begin this chapter with a case study that analyses the types of information that a deep model 

uses when determining the shape of its output during the reconstruction of metamer samples. 

Through this analysis, we aim to demonstrate the importance of local texture in the reconstruction 

process.  
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5.1. Case Study of Local Textures on Resolving Metamerism 

5.1.1. Introduction 

Since different materials often exhibit unique textures, texture can serve as valuable contextual 

information for characterizing corresponding materials. As different materials are associated with 

specific spectral properties, determining the material can aid in identifying the corresponding 

spectrum. Therefore, we hypothesize that deep models partially utilize local textures as contextual 

information to resolve metamerism. To test this hypothesis, we investigate how local textures 

influence the decision-making process of the HSCNN+, which has demonstrated the ability to 

distinguish a group of metamer samples. Our approach involved generating various textures and 

merging them with a pure colour background. Subsequently, we used the HSCNN+ model to 

reconstruct these generated image patches. Our primary focus is on identifying scenarios in which 

the network reconstructs the same RGB value into different spectral shapes. Essentially, this study 

provides crucial insights into how the network utilizes spatial information in its decision-making 

process.  

5.1.2. Experiment Data 

This case study is based on a group of metamerism samples from the NTIRE 2018 spectral dataset 

which the original HSCNN+ was trained on. In Figure 21, two images containing metamerism 

samples are presented. The image on the right displays green samples from a billboard that appear 

to have a similar RGB value to the grass on the left image. However, the painting on the right image 

has a different spectral radiance (𝑆𝑝) to the grass (𝑆𝑔) as shown in Figure 22.  

 

Figure 21. Images that contain metamerism samples. The metamerism samples are the grass from the left 

image and the painting on the right image. 
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Figure 22. The spectral radiance of the two materials in the metamerism set differs. These two different-
shaped spectra share the same RGB values. 

The HSCNN+ could successfully reconstruct the metamerism sample from each scene into the 

correct shape. Therefore, we are wondering what contextual information the network used to 

determine the shape of its reconstruction result.  

• Visualisation of Spectral Similarity  

For visualisation, it is useful to distinguish those reconstructed spectra that are more similar to 𝑆𝑝 or 

𝑆𝑔. So given 2 spectra 𝑆1 and 𝑆2, the spectral angle similarity can be defined as: 

 𝑆𝐴𝑆(𝑆1, 𝑆2) =
2

𝜋
sin−1 (

∑ 𝑆1𝜆 (𝜆)𝑆2(𝜆)

√∑ 𝑆1
2

𝜆 (𝜆)√∑ 𝑆2
2

𝜆 (𝜆)
) 5-1 

Equation 5-1 is similar to SAM but uses sin−1 instead of cos−1, and gives a value of 1 when 𝑆1 = 𝑆2. 

Use of the sin−1 will amplify small differences between similar spectra. Let the spectra for the patch 

reconstructed by HSCNN+ for each pixel be 𝑆(𝑥, 𝑦). Let 5-2  

 𝑆𝐴𝑆𝑚𝑖𝑛 = min (𝑆𝐴𝑆(𝑆(𝑥, 𝑦), 𝑆𝑝), 𝑆𝐴𝑆(𝑆(𝑥, 𝑦), 𝑆𝑔)) 5-2 

be the minimum similarity among all samples from the reconstructed patch when compared to either 

the grass or the painting reference spectrum. A visualisation can then be formed by using the red 

channel to show the similarity to the painting spectrum, 𝑆𝑝; and the green channel to show similarity 

to the grass spectrum, 𝑆𝑔:  
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𝑅(𝑥, 𝑦) =  
𝑆𝐴𝑆(𝑆(𝑥, 𝑦), 𝑆𝑝) − 𝑆𝐴𝑆𝑚𝑖𝑛

1 − 𝑆𝐴𝑆𝑚𝑖𝑛
 

𝐺(𝑥, 𝑦) =  
𝑆𝐴𝑆(𝑆(𝑥, 𝑦), 𝑆𝑔) − 𝑆𝐴𝑆𝑚𝑖𝑛

1 − 𝑆𝐴𝑆𝑚𝑖𝑛
 

𝐵 = 0 

5-3 

5.1.3. Reconstructing Result Based Solely on RGB Values 

We begin this case study with all pixels of the input image patch having the same RGB value, devoid 

of textural details. Through this test, we can observe how the network reconstructs the spectra solely 

based on RGB values.  

• RGB Value from the Plants 

First, we tested the mean RGB value of an image patch cropped from the grass image, as shown in 

Figure 23.  

 

Figure 23. The image patch from the grass. 

The generated image patch is displayed in Figure 24 (a). All pixels in the input image patch have 

the same RGB value [27 29 19]. The input image patch is sized 140 × 140. Note that the billboard 

in the right image of Figure 21 also contains this RGB value, even though their corresponding 

spectral radiance is different. 

In this scenario, the colour mapped visualisation clearly shows that the reconstructed data all exhibit 

a grass shape, since the training data consists of a significantly higher proportion of grass compared 

to painting samples, with a proportion of over 90%, consequently, in the absence of additional spatial 

information, the neural network will rely on the training data's proportion and output spectra with a 

grass shape. 
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Figure 24. HSCNN+ reconstruction results when the input image patch lacks additional information. When the 
input RGB value corresponds to both grass and painting, all spectra have been recovered to the grass shape. 

(a) presents the generated input image patch. (b) displays the colour-mapped visualisation of the patch. (c) 
illustrates the colour-mapped reconstructed spectra from the image patch, where colour is calculated 

according to Equation 5-2. 

• RGB Value Purely from the Painting 

Since the shape of the reconstructed spectrum is related to the proportion of samples in the training 

dataset, in this test, we generate an image patch with an RGB value that can only be found in the 

painting scene.  

Figure 25 displays the outcome of reconstructing an input image consisting solely of pixels with 

values [22 25 16]. The resulting visualisation depicts all pixels in a red colour, resembling the shape 

of 𝑆𝑝. This outcome was expected, as there is a one-to-one mapping between this RGB value and 

the spectrum in the training dataset, indicating that the HSCNN+ is capable of accurately 

reconstructing the spectrum to the 𝑆𝑝 shape.  
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Figure 25. HSCNN+ reconstruction results when the input image patch lacks additional information. When the 

input RGB value purely corresponds to the painting, all spectra have been recovered to the painting shape. 

• RGB Value from the Painting 

Figure 26 shows one cropped patch from the man-made painting scene, while Figure 27 displays 

the reconstruction results when the input RGB values are all set to [21 23 16], which corresponds to 

the mean RGB value of an image patch. This specific RGB value can also be found in the grass with 

a higher representation in the training dataset. Consequently, the reconstructed image exhibits a 

grass shape. 

 

Figure 26.Cropped patch from the painting. 
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Figure 27. HSCNN+ reconstruction results when the input image patch lacks additional information. When the 

input RGB value corresponds to both grass and painting, all spectra have been recovered to the grass shape. 

5.1.4. Reconstruction with Textural Information 

When reconstructing the image patch shown in Figure 26 using HSCNN+, the resulting spectra 

output would exhibit a painting shape. This indicates that HSCNN+ relies on additional spatial 

information from the image patch to determine the shape of its output. In order to determine what 

specific spatial information the network is using, this test generates image patches containing two 

metamer RGB values. The average RGB value from the grass patch [27 29 19] is used as the 

background and the average RGB value from the painting [21 23 16] is used to provide additional 

textural features introduced into the background. We are interested in what type of spatial 

information would cause HSCNN+ to reconstruct the metamerism samples into the painting shape. 

• Random Samples  

The first test randomly introduces 500 samples to the background within the central 100 × 100 

region to avoid the influence from the image edge. The resulting spatial information lacks any distinct 

texture.  
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From the results in Figure 28, none of the spectra were restored to the painting shape. The 

reconstructed spectra can be divided into two groups with similar shapes but differing scales, 

corresponding to the intensity of the different RGB values. This test indicates that randomly adding 

metamerism samples with no distinct texture does not lead the network to reconstruct any spectra 

into the painting shape.  

 

 

Figure 28. Reconstruction results upon adding additional information in the form of random samples with 

metamerism RGB values. All reconstructed spectra display a grass shape. 

• Lines  

In this test, additional information is introduced in the form of a grid. The grid lines have a width of 1 

pixel and a length of 100 pixels. The RGB values in the generated image patch remain the same as 

in the previous test.  

The reconstructed result in Figure 29 shows that no spectra have been recovered into the painting 

shape. Therefore, the straight lines as additional information is insufficient to reconstruct the 

spectrum into the painting shape.  
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Figure 29. Reconstruction results upon adding additional information in the form of grids with metamerism 

RGB values. All reconstructed spectra display a grass shape. 

• Circle  

In this experiment, we introduced additional information in the form of a circular pattern with a width 

of 1 pixel and a radius of 30 pixels. The RGB values in the generated image patch remained 

consistent with the previous test. 

The reconstruction results, as depicted in Figure 30, reveal that samples located along the diagonal 

of the circle were reconstructed to resemble the shape of the painting. This test indicates that 

HSCNN+ relies on textures with specific orientations as contextual cues to guide its output when 

tackling the metamerism problem.  
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Figure 30. Reconstruction results when additional information is in the form of a circle.  

• Edges  

The edges in the painting patch are detected by a Canny filter with the default threshold in MATLAB, 

as shown in Figure 31. We crop the edge image to 100 × 100 and use the edge pixels to set the 

introduced pixel value as texture, as depicted in Figure 32 (a).  

 

Figure 31. Detected edge from the painting image patch. 
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Figure 32. Reconstruction results upon adding additional information in the form of edges with metamerism 

RGB values. Sample with particular edge features have been recovered into the painting shape. 

The reconstructed output can be seen in Figure 32. The red-coloured recovered spectra in Figure 

32 (c) correspond to those which resembled the shape of the painting. Figure 32 (b) displays the 

location of pixels that have a painting shape. The top-left and bottom-right corners of Figure 32 (b) 

have been reconstructed into a grass shape, where the textural information is primarily in the form 

of vertical lines. Considering the previous test, this particular texture led HSCNN+ to reconstruct the 

metamerism sample into the grass shape. Where there is more variation of orientation the samples 

are reconstructed into the painting shape. This experiment suggests that HSCNN+ uses textures as 

context to determine the shape of its output. In this example, the network utilized texture as 

additional spatial information to resolve metamerism.  

• Edge with RGB Values Purely from the Painting 

In this test, we used [22, 25, 16] which is exclusively present in painting image as the RGB value of 

the introduced edges. The reconstructed result is displayed in Figure 33, and it reveals that almost 

all background pixels have been reconstructed into the shape of the painting. Since the introduced 

RGB value only corresponds to the painting in the training dataset, HSCNN+ uses local spatial 

information as context to determine the shape of the reconstructed spectrum for background pixels. 
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Figure 33. Reconstruction results upon adding additional information in the form of edges with RGB value 

purely from the painting. Most samples near edge features have been recovered into the painting shape. 

5.1.5. Case Study Conclusion 

In addition to the tests described above, we have also evaluated other textures as additional 

information for HSCNN+. Detailed results of these additional tests can be found in Appendix 3. The 

results from these tests further support our finding that HSCNN+ relies on specific textures to 

determine the shape of the reconstructed spectrum.  

This experiment investigated some of the factors influencing a network's output selection when 

dealing with metamerism. Specifically, we examined the conditions under which the network would 

generate an output spectrum resembling the 'Painting' spectral shape, which was underrepresented 

in the training dataset. Our findings suggest that the network relies on both RGB values and spatial 

information (texture) to resolve metamerism. RGB values corresponding to specific materials played 

a crucial role in the process, while textures provided contextual cues for determining the output 

shape.  
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However, it's worth noting that this study was limited to a single metamerism sample. To gain a more 

comprehensive understanding of the role of spatial information, particularly texture, in resolving 

metamerism, we present a broader study involving multiple metamerism sets and multiple neural 

networks in the following sections.  

5.2. Sensitivity Analysis of Spatial Information  

5.2.1. Introduction 

In the previous section, we examined how different textural features of the input image patch 

influence the spectrum recovered by HSCNN+. Although this case study yielded insightful findings, 

it does not provide a comprehensive overview of how networks use spatial information. To explore 

this more fully, we analyse the sensitivity of spatial information in single-image super-resolution 

neural networks.  

Sensitivity analysis, in the context of machine learning and computational modelling, helps discern 

how the output variability of a model can be assigned to different input sources (Hooker, 2004). We 

investigate the impact of removing or disturbing spatial information from the input image on the 

reconstruction result. These modifications are called ‘attacks’ in this study. If a network is sensitive 

to a particular attack, it suggests the network used the feature associated with that attack in its 

reconstruction process.  

One of the focal points of our investigation is the size of spatial information exploited by these neural 

networks. Knowing the necessary size of the spatial area is critical in designing our spectral-super-

resolution method for selecting the neighbourhood size for examining local texture.  

In addition, we want to know what features these networks predominantly rely on. Networks typically 

extract a wide variety of features from the input data, ranging from simple colour and intensity details 

to more complex textures and shapes. Analysing the potential features used by existing deep models 

could help us to choose appropriate features when designing our method.  

Therefore, this sensitivity analysis has two parts. The first part varies the untouched neighbour sizes 

and aims to analyse the size of the neighbourhood used by neural networks during reconstruction. 

The second part with a fixed-size neighbourhood analyses the influence of different features on the 

networks’ performance.  
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5.2.2. Dataset and Networks 

• Dataset 

This experiment uses images from the NTIRE 2022 dataset, currently the largest published 

hyperspectral image dataset available. The RGB images used in this experiment are generated 

differently from the RGB values in the previous chapter. Since the neural networks tested have been 

trained on this dataset, we use the original RGB value provided with the dataset (Arad et al., 2022). 

The RGB values in the NTIRE 2022 dataset aim to simulate a scenario where the camera function 

is known but not fully controlled. When generating the RGB image, the image is scaled to a typical 

exposure by setting the mean RGB value to 0.18. Additionally, Poisson noise has also been added 

during the generation of the RGB data to simulate noise within the image capture process.  

To give a diversity of colours, the metamerism datasets were gathered by utilizing the average RGB 

value from each coloured patch of a colour checker (with the exception of the grey and white blocks). 

As shown in Figure 34, one image from the NTIRE 2022 dataset displays the colour checker. To 

account for noise and quantization, the metamerism sets were collected selecting samples with 

similar colours based on the angle between RGB values. Samples from the entire NTIRE dataset 

within a colour angle below the threshold (0.02) with the reference RGB were included in the 

metamerism set. Ultimately, 18 metamerism sets, each with 20 spectral images, were collected. 

Since samples from the same image were likely to have a similar spectrum, each image contributed 

only a limited number of samples to the dataset. 

 

Figure 34. An RGB image from the NTIRE 2022 competition, in which the colour checker served as a 

reference for the collection of metamerism sets. 
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It is important to note that we used the RGB image from the NTIRE 2022 database in these 

experiments. We chose not to generate a 'clean' RGB image and retrain all the networks for a few 

reasons. First and foremost, our interest lies in understanding the types of information that these 

neural networks might be utilizing. Given that these networks were trained with noisy data, they 

possess the capability to extract useful information even from a disturbed image. Since our interest 

lies in understanding what networks have learned to resolve metamerism, applying sensitivity 

analysis based on the training data makes sense in this context. Secondly, retraining all networks 

would require a huge investment of time and resources. It also carries a degree of risk, as we do not 

have precise knowledge of the hyperparameters used during the original training of these networks. 

We are conducting this test using the training dataset because our aim is to understand what these 

models have learned to resolve metamerism. Therefore, testing their performance on the training 

data is not a concern in this context.  

• Pretrained Neural Networks 

The networks selected for the sensitivity tests are: HSCNN+ (Xiong et al., 2017), EDSR (Lim et al., 

2017), HRNET (Zhao et al., 2020), MIRNET (Zamir et al., 2020), HINET (Chen et al., 2021), HDNET 

(Hu et al., 2022), and MST++ (Cai et al., 2022). All the listed networks are from the model zoo 

published by the author of the MST++, and all the algorithms have been pre-trained by the author 

and their team with the NTIRE 2022 dataset. A detailed review of the listed networks can be found 

in Chapter 2.  

5.3. Varying Neighbour Size 

In this experiment, various attacks will be introduced to the input image. These attacks are 

specifically designed to manipulate different types of image information. Since our focus is mainly 

on how spatial information can be used to resolve metamerism, hence, the pixel representing a 

metamerism sample (the target pixel), will be left untouched.  

The image is first attacked by keeping a varying-sized circular area centred on the target pixel 

untouched while executing attacks on the remaining surrounding areas. The objective here is to 

observe how the size of the untouched area affects the networks' ability to accurately reconstruct 

the target sample. We are interested in the smallest size of the untouched neighbouring area that 

can yield a negligible difference in reconstruction accuracy. Additionally, we are interested in 

understanding how global information impacts the reconstruction results, especially given that newly 

developed methods are increasingly utilizing larger areas for analysis.   

In this study, we explore untouched areas ranging from a radius of 0 pixels to a radius of 100 pixels. 

The maximum radius of 100 pixels was chosen considering the original image size of 512×482 and 
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the largest training image patch size of 256 × 256 used by the networks. A radius of 100 pixels 

covers the majority of the area a network might use for image reconstruction and reduces the chance 

of extending beyond the image boundaries. For some networks which could extract information from 

a large area, we have extended the maximum distance to 300 pixels. To give more focus to local 

features and because local features have a higher correlation to the target pixel, we employed a 

step of 1 pixel from 0 to 15 pixels. For radii from 20 to 100 pixels, we increased the step to 10 pixels. 

This was a strategic decision to strike a balance between experiment detail and the time required to 

conduct the study.  

The remainder of this section introduces the attacks that have been used in this study, including 

removing all neighbouring spatial information, blurring the image, adding noise, and attacks in the 

colour channels.  

In our analysis, we operate under the assumption that a significant increase in the average 

reconstruction error, resulting from attacks, is defined as an error greater than the sum of the 

average error observed with the untouched image and its associated standard deviation. 

Furthermore, we will be closely studying the distribution of these reconstruction errors when the 

input image has been subjected to attacks. This detailed examination will help elucidate the effects 

of our various attacks on the performance of the image reconstruction process. 

5.3.1. Remove All Information Except the Neighbour Pixels. 

In this test, all pixel values outside the untouched area centred on the target pixel are set to zero, 

effectively eliminating all additional information. Figure 35 provides an example of an attacked image 

where the untouched neighbouring region has radii of 20 and 100 pixels. In this scenario, all 

information except the pixels adjacent to the target sample has been removed.  

 

Figure 35. Images after the attack, where all information except for the areas surrounding the target with radii 

of 20 and 100 is represented in black. 
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We aim to investigate the minimum necessary spatial size that these networks utilize during their 

reconstruction process. We give two hypothesises, first as we increase the size of the untouched 

area, the reconstruction accuracy of the networks will improve. Second, we assume there is a 

minimum untouched spatial range the network requires to achieve a reconstruction accuracy similar 

to that achieved when the whole image is untouched (best performance). The results from our 

sensitivity analysis will help validate or refute these assumptions.  

We use the results from HRNET as an example to analyse how the size of the untouched 

neighbouring region impacts the reconstruction accuracy. Given that HRNET was trained on 

256 × 256 image patches, it potentially can extract information from a relatively large area within the 

image. This study specifically uses the SAM to measure reconstruction error since it is sensitive to 

the shape of the reconstructed spectrum. Results based on other error measurements are presented 

in Appendix 4. 

Figure 36 displays the mean SAM derived from all samples from collected metamerism sets as a 

function of the radius of the untouched image area. The black line represents the average SAM 

when the input image is untouched (the best performance HRNET achieved). The dotted line 

indicates the average SAM plus one standard deviation when the image is untouched.  

 

Figure 36. The average SAM from HRNET as a function of the untouched neighbour size when all information 

has been removed except the neighbour area. HRNET is sensitive to close neighbour pixels. 
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As the size of the untouched neighbouring region increases, the reconstruction error decreases. The 

plot slope shows a sharp decline when the untouched neighbouring region is less than 3 pixels in 

radius. However, when the untouched neighbouring region exceeds 3 pixels, the plot begins to 

flatten until the radius surpasses 20 pixels. Once the untouched neighbouring region expands 

beyond 40 pixels, the mean SAM of the altered image virtually overlaps with the accuracy when the 

input image is untouched.  

Given that all information outside the untouched neighbouring region was set to black in this study, 

it suggests that for HRNET, an untouched image patch with a radius of 40 pixels provides the 

necessary information to accurately reconstruct the centre pixel. Additionally, HRNET exhibits high 

sensitivity to nearby pixels. Since closely located pixels usually share similar attributes, they are 

highly correlated, especially in images with smooth gradations of colour or intensity. Therefore, it 

makes sense for a network to have higher sensitivity of close neighbour pixels of the target.  

Figure 37 illustrates the mean SAM as a function of the radius for HSCNN+. It is evident that 

HSCNN+ achieves its best performance with a smaller radius than HRNET. This observation 

suggests that HSCNN+ also relies on local spatial information to resolve metamerism. 

 

Figure 37. The average SAM from HSCNN+ as a function of the untouched neighbour size when all 

information has been removed except the neighbour area. HSCNN+ is sensitive to close neighbour pixels. 
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Figure 38. The average SAM from MIRNET as a function of the untouched neighbour size when all 

information has been removed except the neighbour area. MIRNET is sensitive to a larger range. 

Figure 38 illustrates the mean SAM as a function of the radius for MIRNET, a network capable of 

extracting global spatial information during the reconstruction process. In comparison to HRNET and 

HSCNN+, MIRNET exhibits relatively higher sensitivity to the attack, resulting in a higher error 

compared to its best performance. However, it's important to note that the error plot follows a similar 

trend to that of the local networks. This suggests that even though MIRNET can extract global 

information, local spatial information remains important for its reconstruction accuracy. Results from 

other listed networks are presented in Appendix 4, they all have a similar trend with higher sensitivity 

to attacks in the local range.  

5.3.2. Blurring the Image Outside the Neighbour Area 

High-frequency spatial information encompasses edges, corners, and fine details. Notably, these 

edges and corners in the spatial domain often correspond to boundaries between materials. 

Consequently, these edges and corners can correspond to abrupt changes in the spectral domain, 

a factor that introduces complexity to the spectral reconstruction process. This relationship between 

changes in the spatial and spectral domains highlights the importance of these features during 

spectral reconstruction. Moreover, textures, which represent pixel intensity variations, could 

correspond uniquely to specific materials. Such a correlation suggests they might provide context 
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that aids networks in resolving metamerism during reconstruction. The texture could be associated 

with different frequencies.  

 

Figure 39. Image after the attack, where all information except for the areas surrounding the target with radii 

of 50 pixels is blurred with a gaussian filter with σ equal to 3, 5 and 10 pixels respectively. 

Given this, we applied several low-pass filters to the original images, aiming to evaluate the 

performance of the networks when high-frequency information is eliminated. The attacked images 

underwent three levels of blurring, using Gaussian filters with standard deviations of 3, 5, and 10 

pixels. Figure 39 illustrates an attacked image with a clear neighbour size of 50 pixels, from left to 

right lower frequency spatial information is removed from the rest of the image in the attack. By 

applying low-pass filters to the images, we also remove high spatial frequency noise. This step 

allows us to analyse how such noise affects reconstruction accuracy. If an algorithm is seriously 

overfitted, it may even treat noise as meaningful information. Consequently, if a network does not 

respond to attacks that remove very high frequencies, this could suggest that the network is robust 

to noise in a certain respect.  

Figure 40 depicts the reconstruction accuracy as a function of the untouched neighbouring area size 

when the rest of the image is blurred. The plots are similar to the shape observed in Figure 36. When 

the untouched neighbouring area is larger than 30 pixels, HRNET can achieve a reconstruction 

accuracy like its best performance. 
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Figure 40. The average SAM from HRNET as a function of the untouched neighbour size when the rest of the 

image is blurred. When the size of the clear neighbour is larger than 30 pixels, HRNET has sufficient 

information for reconstruction. 

When the neighbouring area is significantly blurred, the reconstruction has a higher error than when 

the image is slightly blurred. A larger error implies that the information the network relies on has 

been suppressed. The higher error resulting from the use of a Gaussian filter with a larger standard 

deviation (𝜎) can be explained by the fact that lower spatial frequency generally contains higher 

information energy. Therefore, using a filter with a larger 𝜎 increases the likelihood of removing 

useful information within the low to intermediate frequency band. The influence from attacking the 

image with a Gaussian filter with 𝜎 = 3 causes a relatively slight influence on the reconstruction 

accuracy, which indicates that HRNET relies less on high-frequency spatial features, and more on 

low to intermediate frequency.  

Figure 41 (a) and (b) provide a clearer illustration of how the reconstruction accuracy shifts with 

changes in the size of the untouched neighbouring area.  
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(a) 

 

(b) 

Figure 41. Distribution of SAM of all collected metamerism samples when the untouched neighbour size is 0 

and 20 respectively. When the untouched neighbour size is larger than 20, the error distribution is close to the 

best performance of HRNET. 

The black curve in both figures represents the distribution of the SAM of HRNET's original 

performance on the selected samples, with the associated mean and standard deviation of SAM 
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displayed as vertical black lines. The colour curves and lines depict the distribution and mean of the 

SAM when the remainder of the image is blurred. When the untouched neighbouring area size is 0, 

the SAM distribution diverges significantly from HRNET's best performance. However, when this 

area extends to 20 pixels, the SAM distribution for the blurred remainder of the image largely 

overlaps with the original performance. This suggests that, without detailed textural information from 

the neighbouring area, it is challenging for HRNET to accurately recover spectra. Conversely, when 

the untouched neighbouring area spans 20 pixels, the local information within that region appears 

sufficient for HRNET to reach its best performance. 

 

Figure 42. Responses of HSCNN+ (which extracts information in a relatively small area) when the image is 

blurred. When the attack happens out of the feature extraction area, the network has not been influenced by 

the attack (HSCNN+ extracts information from a 50 × 50 area). 

In addition to the HRNET, we also assessed other networks to analyse the requisite size of the 

untouched neighbouring region to maintain comparable reconstruction accuracy when the whole 

image is not altered. Here, we present two examples. The first example involves HSCNN+ shown in 

Figure 43, which extracts information from a relatively small 50 × 50  area. If the untouched 

neighbouring area is larger than this feature extraction zone, any alterations to the remainder of the 

image do not affect the reconstruction accuracy of HSCNN+. In alignment with HRNET, HSCNN+ is 

particularly sensitive to alterations in the close neighbouring pixels (radius less than 3). When the 

distance from the target pixel exceeds 5, gradually expanding the size of the untouched 

neighbouring area incrementally enhances reconstruction accuracy, until approximating the 

accuracy attained when the image is untouched. If the radius of the untouched neighbouring region 
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is greater than 15 pixels, the distribution of the reconstruction error is close to that of the untouched 

result.  

Unlike HRNET and HSCNN+, some networks rely on global information. Figure 43 illustrates how 

MIRNET responds to changes in the size of the untouched neighbouring area. Even though MIRNET 

was trained on image patches of size 128 × 128, it needs almost the entire image (untouched size 

larger than 300 pixels) to be unaffected to achieve its best performance. MST++ and HINET also 

require a substantial untouched area to perform optimally (presented in Appendix 4). 

 

Figure 43. Responses of MIRNET (which extracts global information) when the image is blurred. The 

reconstruction gets close to the best performance when almost all image is untouched. (MIRNET was trained 

on image patches sized 128 × 128). 

MIRNET also demonstrates high sensitivity to the close surrounding pixels, more than the pixels 

farther from the centre. This is indicated by a sharp drop in error when the untouched neighbouring 

area is larger than 5 pixels. Despite needing almost the entire image to reach its peak performance, 

MIRNET's reconstructed spectral shape changes slightly as the size of the untouched area 

increases. Figure 44 presents the reconstructed spectrum of a sample point as the untouched 

neighbouring area varies. Upon analysis of other samples, it is observed that increasing the 

untouched neighbouring area, when it's already larger than 30 pixels, has a minimal effect on the 

shape of the spectrum, but it does influence the scale. The right-hand plot in Figure 44 right displays 

the rescaled recovered spectrum when the untouched neighbouring area is 20 pixels in size. It can 

be observed that the shape of this rescaled spectrum nearly overlaps with the spectrum derived 

when the untouched size is as large as 300 pixels. It seems that MIRNET requires global information 
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to estimate a suitable scaling factor for the reconstructed spectrum. However, the shape of the 

reconstructed spectrum can be determined within a relatively local area. This suggests that while 

global information is important for scaling, the local textural information is critical in shaping the 

output spectrum in MIRNET's processing.  

 

Figure 44. Left: This shows an example of a recovered spectrum that changes based on varying sizes of 

untouched neighbouring areas. Right: Here, we see a rescaled spectrum when the untouched neighbouring 

area is 20 pixels. As the untouched neighbouring size increases, it impacts the scale of the recovered 

spectrum but influences the shape to a lesser extent. 

5.3.3. Adding Noise to the Image Outside the Neighbour Area 

The influence of noise on images, leading to colour distortion, texture alterations, and loss of detail, 

can severely impact the accuracy of spectral image reconstruction. To understand the resilience of 

spectral super-resolution methods against such disturbances, this study introduces noise of various 

frequency characteristics into the images and investigates their impact on the reconstruction process. 

 

Figure 45. The images after the attack when noise is added except for the areas surrounding the target with 

radii of 50 pixels; from left to right, each contains white, 'pink,' and 'blue' noise.  

In our experiment, we added white Gaussian noise with a mean of 0 and a standard deviation of 10 

(/255) to the image. An example of such a noised image, except for a circular area centred on the 
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target pixel, is shown on the left side of Figure 45. Beyond white noise, we also considered noise at 

different spatial frequencies. To simulate this, we transformed the white noise to create signals that 

imitate pink and blue noise. More specifically, we applied a low-pass filter to the white noise, creating 

a signal with more power at lower frequencies, similar to pink noise. Conversely, we used a high-

pass filter to generate a signal that carries more power at higher frequencies, akin to blue noise. 

Figure 45 illustrates examples of 'pink' and 'blue' noised images in the middle and right panels, 

respectively. The inclusion of noise at different spatial frequencies allows us to evaluate the 

networks' sensitivity to disruptions in spatial information and to identify if there's a specific type of 

spatial information associated with a frequency that these networks prefer during the reconstruction 

process.  

Figure 46 presents the SAM as a function of the size of the untouched image area when noise is 

added to the neighbour area. Compared to other forms of attacks, adding noise to the image seems 

to have less impact on HRNET's performance. This could be due to the fact that HRNET was trained 

on a noisy dataset, which has likely enhanced its robustness against noise. However, the impact 

becomes more significant as the noise level increases. Considering that lower spatial frequencies 

carry high energy, introducing decomposed low-frequency noise (pink noise in this study) only 

slightly impacts the signal-to-noise ratio in the low-frequency domain, resulting in an insignificant 

impact on HRNET's performance.  

 

Figure 46. The SAM for HRNET as a function of the untouched neighbour size when the rest of the image is 

noised. When the untouched neighbour size is larger than 10 pixels, HRNET gets sufficient information for 

reconstruction. 
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The plot in Figure 46 shares the same overall shape as previous plots. This suggests that HRNET 

is most sensitive to its close neighbours, and when the area of clear neighbours is larger than 10 

pixels, the network has sufficient information to perform optimally. This further underscores the 

importance of the immediate surrounding area in influencing the performance of HRNET. Results 

from other listed networks are presented in Appendix 4. All the networks in the list are more sensitive 

to noise in the local area, even those considered global networks that require a larger untouched 

area to achieve their best performance.  

5.3.4. Attacks in the Colour of the Input Image 

In this experiment, the attacks are designed to specifically target the colour information, which 

corresponds to the spectral data of the image. Rather than directly modifying the RGB values, we 

convert the RGB image into the YCbCr colour space and launch the attacks on the converted image 

separately in the Cb and Cr channels. The purpose of conducting the attack in the YCbCr space 

instead of the RGB space is to preserve the luma information intact. The colour of neighbour pixels 

can carry important spectral information, so we hope studying the impact of colour attacks can 

provide insights into how colour information contributes to reconstruction accuracy. 

 

 

Figure 47. The images after the attack, with an untouched neighbour sized at 50 pixels, are displayed in pairs. 

The top two images show the attacked image when the Cb and Cr channels are blurred, while the bottom two 

images show the image when noise is added to the Cb and Cr channels.  
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Four different attacks were considered (see Figure 47): applying a Gaussian filter with a standard 

deviation of 10 pixels separately to the Cb and Cr channels; and adding white Gaussian noise (𝜎 =

10) separately to the Cb and Cr channels. Then, the image in the YCbCr space is converted back 

into the RGB space.  

In Figure 48, when an attack alters the spectral information in the neighbouring area within the 

YCbCr colour space, it significantly affects HRNET's reconstruction results. This suggests that 

HRNET not only extracts structure information from the neighbouring area but is also sensitive to 

the colours of neighbouring pixels.  

 

Figure 48. The SAM from HRNET as a function of the untouched neighbour size when the rest of the image is 

attacked in YCbCr colour space. 

Similar to previous results, the immediate neighbouring pixels have the most significant impact on 

the reconstruction outcome. Additionally, once the size of the untouched neighbouring area exceeds 

30 pixels, increasing this area further does not influence the reconstruction result, indicating that 

HRNET can extract adequate information from a local vicinity for effective spectral reconstruction. 

Results from other listed networks are presented in Appendix 4, all the networks in the list are more 

sensitive to attacks in the local area. 
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5.3.5. Discussion 

Based on the previous analysis, it's evident that the EDSR, HRNET, and HSCNN+ primarily focus 

on local information, while HINET, HDNET, MIRNET, and MST++ depend on both local and global 

information to resolve metamerism. Results not shown here can be found in Appendix 4. However, 

all networks demonstrated high sensitivity to very local information. The impact on the shape of the 

recovered spectrum from neighbouring pixels decreases with increasing distance from the target 

pixel.  

For local networks, an untouched area with a radius of 20-30 pixels provides the networks with 

sufficient information to recover the spectrum. For networks relying on global information, local 

information dictates the shape of the recovered spectrum, while global information primarily 

influences the spectrum's scale. Consequently, when designing our explainable feature extraction 

method, we could concentrate on the local area—for example, a 31 × 31 image patch centred on 

the target pixel, or even smaller for efficiency considerations.  

However, the information in the local area is still complex. To efficiently extract useful information to 

resolve metamerism, choosing the right texture features is crucial. To address this, we have further 

analysed the sensitivity with a fixed neighbour size.  

5.4. Different Textures with Fixed Neighbour Size  

In this experiment, we standardized the attack area to be a circle with a radius of 20 pixels, centred 

around each target pixel and kept the pixels outside the attacked area untouched. As local spatial 

information has been demonstrated to be essential during the reconstruction process, our focus in 

this section shifts towards understanding the type of local spatial information that neural networks 

are likely to utilize to resolve metamerism. By selectively affecting certain types of spatial information 

and observing the networks' ability to resolve metamerism under these conditions, we can gain 

deeper insights into the kind of information that is important for spectral reconstruction. As 

demonstrated in 5.1, local textural features hold promises as contextual information when resolving 

metamerism. Therefore, we design the attack by Fourier Domain decomposition of the local patch 

and modify spatial information (especially local textures) corresponding to a certain frequency and 

orientation. The goal is to identify some of the features that are important to networks reconstructing 

the spectrum, thereby guiding us in designing our explainable method.  
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5.4.1. Attack the Image with Band Stop Filters. 

We start this analysis by filtering the image with a group of band-stop filters, which can help us 

determine whether there is a preference for particular spatial frequencies in neural networks. Figure 

49 depicts the masks used in this experiment to partition the Fourier domain based on spatial 

frequencies. These masks are applied in the Fourier domain to remove information corresponding 

to the highlighted regions. The left mask acts as a low-pass filter, while the three masks on the right 

function as band-stop filters.  

 

Figure 49. Band stop filter masks in the Fourier domain. The Information corresponding to the highlighted part 

will be removed from the attacked image. 

The parameters of filters (masks) were designed to decompose the Fourier domain of an image 

sized 512 × 512. The magnitude of the highlighted part of the mask follows a Gaussian distribution 

in the radial direction. Figure 50 provides a visual representation of the filter magnitudes as a function 

of their distance from the centre of the image (frequency) within the Fourier domain. The parameters 

of each band stop filter are shown in Table 14.  

Table 14. The parameters of the band stop filters are shown in Figure 49.  

 Centre 50% width 

Filter 1  182.15 - 

Filter 2 82.66 31.63 

Filter 3 36.90 14.12 

Filter 4 16.47 6.30 

To ensure smooth transitions between neighbouring masks, the half-peak magnitude (0.5) of the 

filter responses is designed to intersect. This careful design is implemented to ensure a 

comprehensive and accurate representation of the image's frequency information. 
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Figure 50. The magnitude of band-stop filters as a function of the distance from the image centre.  

When applying the filter, it is necessary to pad the RGB image to 512 × 512 pixels. The padded 

image is transformed into the Fourier domain attacked by multiplying by the corresponding filter 

function, then transformed back to the image domain.  

The "filtered" image is finally combined (fused) with an untouched image to generate the final 

attacked image, with only the area centred around the target sample being filtered. To avoid 

introducing additional edges, the boundary between the "untouched" and "filtered" areas has been 

smoothed by applying a Gaussian weight matrix, minimizing the introduction of extra edges in the 

final image. This process is illustrated in Figure 51.  

The rationale behind separating the information in the image by their spatial frequencies is that each 

frequency band is typically associated with different scales of textures. A texture with a fine scale, 

such as sand or fine-grained wood, has high-frequency components because there are many small 

details that change rapidly in a small area. Conversely, a texture with a coarse scale, such as large 

bricks or wide-grained wood, has low-frequency components, as the details change less rapidly over 

the same area. These textures will result in energy that is concentrated closer to the centre of the 

Fourier image. By systematically eliminating different frequency bands from the image and observing 

how the networks respond, we can gain a better understanding of which frequencies (and therefore, 

which textures) are important for the networks' ability to accurately reconstruct the image and resolve 

metamerism.  
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Figure 51. A comparison of the untouched and manipulated images. The top row displays filtered images in 

the Fourier domain; magnitudes in the Fourier domain are depicted using a logarithmic scale. The middle two 

rows present the filtered image and patch after applying band filters. The last row provides a direct 

comparison between the untouched image patch and the attacked patch reconstructed by HINET. 

• Results  

Figure 52 and Figure 53 demonstrate the reconstruction accuracy for HRNET and HINET after the 

neighbouring area is attacked by band-stop filters. 
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(a) 

 

(b) 

Figure 52. The error distribution and 95% error from HRNET when the image is attacked by band-stop filters. 

The plots display the RMSE and SAM error distributions between the recovered and actual spectra 

and the 95% error (dotted line). HRNET utilizes local information, while HINET incorporates both 

global and local information. Additional results from other networks are provided in Appendix 5.  
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(a) 

 

(b) 

Figure 53. The error distribution and 95% from HIENT error when the image is attacked by band-stop filters. 

In these plots, it is evident that all the frequency bands have an effect on the reconstruction. As the 

frequency of the removed band decreases, the reconstruction error increases. This is reflected in 

the changing error distribution and the rightward shift of the 95% error. It is clear that the tested 

neural networks rely on local spatial information to resolve metamerism and reconstruct spectra into 

the right shape. It is worth noting that there are individual instances (although rare) where the 

reconstruction accuracy improves compared to the untouched image.  
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• Discussion 

1. Consistency between networks. 

It is observed that all 6 networks compared exhibit similar responses to attacks, despite minor 

differences. These networks demonstrate robustness in the face of information loss in the high 

spatial frequency domain. This resilience can be attributed to the characteristics of the NTIRE 2022 

dataset, which comprises a multitude of natural and manmade scenes with large patterns or objects. 

Consequently, instances of rapid change (fine details) are relatively rare. Considering that random 

noise has been introduced to the training RGB data, it appears that the networks might possess an 

inherent ability to mitigate the impact of this noise. Hence, the further application of a low-pass filter, 

referred to as 'Band 1', exerts only a minor influence on the reconstruction results.  

2. Responses are related to the energy of information in the Fourier domain. 

The accuracy of image reconstruction decreases when band-stop filters are applied to regions of 

low spatial frequency. This decline can be attributed to the higher energy levels typically associated 

with larger-scale features. When low spatial frequency information is removed, significant alterations 

in the image background, primary objects, and overall textures occur. These modifications can 

considerably impact the surrounding region centred on the target sample. The networks do not 

display any particular bias or preference towards any specific band. Instead, they operate impartially, 

guided by the information energy present within those respective bands.  

3. Global networks are also sensitive to changes in the local information. 

Global networks (HINET, MIRNET, MST++) display similar responses to local area attacks as the 

local networks. Consequently, despite their capacity to extract information from a substantial image 

area, local spatial information surrounding the target pixel remains crucial. Findings from the study 

on varied neighbour sizes suggest that local texture and patterns play an important role in the 

reconstruction processes of these networks. In the absence of local features as context, networks 

have a considerably higher tendency to inaccurately recover the spectral shape in metamerism 

instances.  

4. Networks may be sensitive to texture with a particular scale.  

By dividing the Fourier domain into multiple bands, we can analyse the sensitivity of networks to 

local textures at different scales. Generally, the influence from different scales is related to the 

associated energy. However, there are cases where networks are sensitive to texture features at a 

particular scale. Figure 54 shows an example where networks are sensitive to the attack associated 

with filter 3. This finding suggests that networks can extract textures at different scales and can then 

use a combination of information from these different scales as context to counter metamerism. The 
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network's ability to extract multi-scale textures is enhanced by architectures such as ResNet and U-

Net, which include skip connections that assist in capturing multi-scale information.  

 

 

 

 

Figure 54. Untouched image patch and image patches when different scales of textures have been removed, 

reconstruction results from networks. Networks are only sensitive to the attack associated with filter 3. 

5. There are cases when smoothing the image increases the reconstruction accuracy.  

There are instances where the removal of high-frequency information from the neighbourhood by 

'Band Filter 1' leads to an increase in reconstruction accuracy. Considering that the publisher added 

random noise to the training dataset, this increase in accuracy could be interpreted as the result of 

applying a low-pass filter to the image, which reduces the high-frequency noise. Figure 55 provides 

an example where smoothing an image patch can increase the reconstruction accuracy while 

removing textures on a larger scale can reduce it.  
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In Figure 55, there is consistency in how different neural networks react to similar attacks, suggesting 

that these networks rely on local spatial information as context to determine their output shape. 

When this context varies, networks display similar responses to the changed context. However, 

given the complexity of these networks, we can only hypothesize that they might share a similar 

strategy in utilizing local spatial information. 

 

 

 

Figure 55. Untouched image patch and image patches when different scales of textures have been removed, 

reconstruction results from networks. In this case, smoothing the image increases the reconstruction 

accuracy. 

• Summary 

From the previous analyses, it is evident that different networks tend to exhibit similar responses to 

the same attack. This suggests that these networks all use local spatial information as context to 

provide their output. For instance, the band-stop filter affects texture from the attacked local area, 

and the networks are sensitive to changes in local textures. Therefore, these networks are potentially 
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utilizing local texture as context to resolve metamerism. Consequently, it may also be feasible for us 

to use local textural features as context when designing our explainable spectral super-resolution 

method. Regarding local textures at different scales, it's apparent that networks are sensitive to 

variations in scale. Despite the energy associated with each band, it's important to note that networks 

are more sensitive to attacks in low spatial frequency. However, fine spatial details cannot be 

neglected during the reconstruction process.  

5.4.2. Attack the Image with Gabor Filters  

• Introduction 

In the previous subsection, we examined the effects of removing features of a particular scale. It 

was also observed in Figure 30 that some reconstructions are sensitive to orientation. As an 

extension of that, in this experiment, we will explore the networks’ response to both scale and 

orientation. This is achieved by removing features extracted by Gabor filters which are specifically 

designed to decompose the Fourier domain into distinct regions considering both scale and 

orientation. 

The Gabor filter is a linear filter commonly used for texture analysis, feature extraction, and edge 

detection. The Gabor filter is essentially a Gaussian kernel modulated by a sinusoidal plane wave. 

The filter can be adjusted for different orientations and scales (frequencies) by varying the 

parameters of the Gaussian and sinusoidal functions. This flexibility allows the Gabor filter to 

effectively detect and analyse features in images with varying orientations and scales.  

Since the image size in the NTIRE 2022 is 482 × 512, we used 512 × 512 as the Fourier domain 

size to design the Gabor wavelet. Figure 56 shows the Gabor decomposition with a phase step of 

𝜋/4. The circle in Figure 56 illustrates the half-peak magnitude (0.5) of the filter responses in the 

Gabor filter dictionary. To ensure smooth transitions between neighbouring masks, the half-peak 

magnitude of the filter responses is designed to intersect. The filter magnitudes as a function of their 

distance from the image centre are the same as what is shown in Figure 50. Please note that the 

colour scheme used in both Figure 56 and Figure 50 corresponds to the frequency of the filters, 

thereby offering a clearer understanding of the filter's characteristics and their relative positioning in 

the frequency domain.  



 
 

Chapter 5. Analysing How Deep Models Resolve Metamerism 

121 
 

 

Figure 56. The contours indicate the half-peak magnitude of the filter responses in the Gabor filter dictionary. 

To ensure smooth transitions between neighbouring masks, the half-peak magnitude (0.5) of the filter 

responses is designed to intersect. 

 

Figure 57. Gabor filter dictionary used in this analysis. The kernel size of each filter is given for each row. 

Figure 57 shows the Gabor filter dictionary. In practice, Gabor filters are often applied as a bank of 

filters, each with different orientations and scales, to analyse an image comprehensively. The 
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responses from these filters can then be combined to extract features, identify patterns, or analyse 

the texture in the image. Then, the impact of removing these textures on the reconstruction process 

will be assessed by comparing the performance of networks.  

• Result 

Table 15 displays the reconstruction error, measured in SAM, of HINET when subjected to attacks 

by Gabor filters. On average, the removal of textures at the same scale but with different orientations 

does not yield noticeable differences. Given that textural features may appear in any orientation 

within a natural scene, networks do not seem to exhibit a preference for textural features from a 

specific orientation. However, this could primarily be because averaging diminishes the significance 

of individual responses to texture orientation.  

Table 15. Reconstruction error from HINET in SAM when the input image is attacked by Gabor filters.  

(a) SAM  

 -1/2𝜋 -1/4 𝜋 0 𝜋 1/4 𝜋 

Band 1 0.141 0.141 0.141 0.141 

Band 2 0.142 0.142 0.141 0.142 

Band 3 0.147 0.146 0.148 0.147 

Band 4 0.159 0.158 0.157 0.157 

(b) 95% Error measured in SAM  

 -1/2𝜋 -1/4 𝜋 0 𝜋 1/4 𝜋 

Band 1 0.302 0.303 0.301 0.304 

Band 2 0.308 0.309 0.308 0.309 

Band 3 0.323 0.323 0.331 0.319 

Band 4 0.352 0.348 0.354 0.347 

However, for individual samples neural networks appear to be sensitive to attack on local texture in 

different orientations. Figure 58 (a) and (b) illustrates the RMSE and SAM of the recovered samples 

from a metamerism set when local textural features are removed across different orientations 

(distinguished by colour) at the same scale (Band 3). HINET responds differently to the attacks on 

different orientations removed from the input image. Consequently, HINET, along with other 

networks shown in Appendix 5, appears to be sensitive to the orientation of local spatial textures at 

the same scale.  
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(a) 

 

(b) 

Figure 58. Reconstruction accuracy is affected by removing local texture features in varying orientations but 

same scale. The red line represents untouched samples. HINET is sensitive to local textural features in 

different orientations, appearing with the change in the reconstruction accuracy of each spectral sample.  



 
 
Chapter 5. Analysing How Deep Models Resolve Metamerism 

124 
 

Figure 59 presents an example of a local area under attack by Gabor filters with different orientations 

but the same scale.  

 

 

 

 

Figure 59. The top row shows the Fourier domains after the attack, the magnitudes in the Fourier domain are 

scaled logarithmically; The second row shows the image after applying band filters; the third row shows the 

removed feature by corresponding attacks; The last row shows the attacked patch. 

Figure 60 displays the reconstructed spectrum from six networks for both the attacked images in 

Figure 59. In the example here, the listed neural networks are sensitive to the orientation of the 

removed textural features giving a change in the reconstruction spectrum. Since the different 

networks show consistency in their response to the attacks, the underlying textural feature removed 

by the filter is important to determine the shape of the reconstructed spectrum. 
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Filtered 1 Filtered 2 Filtered 3 Filtered 4 

Figure 60. The reconstructed spectrum from six networks of the attacked images. 
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• Discussion 

Given the fact that the RGB value of the target pixel remains untouched, a plausible explanation for 

the similar network responses to the attack could be that those networks utilize the same local 

textural features as contextual information to determine the structure of the recovered spectrum. As 

such, for our explainable method, we could employ a local texture descriptor to generate a coded 

texture vector. This vector could then provide supplementary context to more precisely estimate the 

PQR weights. 

It is evident that networks display sensitivity not only to the scale of textural features but also to their 

orientation. In combination with the results from the previous subsection, there is no specific scale 

or orientation that networks particularly favour. Therefore, in designing our feature extraction method, 

a general texture descriptor may be more suitable than a specialized feature detector, for example, 

a series of Gabor filters or a multi-scale local binary pattern.  

5.4.3. Summary 

In this chapter, we sought to address two research questions: how large the spatial context needs 

to be, and what sort of texture features are important. Each neural network exhibits the highest 

sensitivity to pixels closest to the target, those within a radius of fewer than 5 pixels. Features that 

are 30 pixels away from the target sample have a slight influence on the shape of reconstructed 

spectra. Hence, it can be inferred that local spatial information is adequate to serve as a context for 

resolving metamerism in most cases.  

Furthermore, the sensitivity of these neural networks to ‘attacks’ in local textures demonstrates their 

capacity to leverage texture information across different scales and orientations. Different samples 

are sensitive to different textural features, implying that it is important to be able to capture and 

represent a range of features. Consequently, when we create our own feature extraction method, 

we should opt for a general texture descriptor, given its suitability to this application.  

However, due to the limitations in the way we 'decompose' local spatial information, the sensitivity 

analysis could only provide general information on the type of features useful for resolving 

metamerism. In the next section, we intend to allow the network to ‘display’ its sensitivity to spatial 

information through a gradient analysis.  
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5.5. Gradient Analysis of Spectral Super-Resolution Networks 

5.5.1. Introduction 

In the previous section, we have demonstrated that deep models use spatial context to resolve 

metamerism. When various texture features are removed from the input image, the accuracy of the 

reconstructed spectrum deteriorates. Additionally, we have also demonstrated that the local spatial 

information is essential for the listed networks. The influence diminished with increasing distance 

away from the target sample. In this section, we will investigate the same question in a different way 

by analysing the gradient of the reconstruction accuracy of target samples to the input RGB pixels. 

Automatic differentiation in PyTorch will be employed to measure the gradient. The gradient analysis 

enables us to examine how the network processes local spatial information during the reconstruction 

process. 

To emphasize this experiment is going to address the following research questions: 

1. What is the necessary spatial information size for resolving metamerism during spectral 

reconstruction using deep convolutional neural networks? 

2. What type of spatial information is utilized by the network during the reconstruction process? 

5.5.2. Methodology 

• Automatic Differentiation 

Automatic Differentiation is a computational technique used to efficiently and accurately compute 

the derivatives of functions, especially in the context of complex, high-dimensional functions (Baydin 

et al., 2018). It is a valuable tool in many applications, including optimization, machine learning, and 

numerical simulations. Unlike numerical differentiation, which approximates derivatives using finite 

differences, and symbolic differentiation, which computes derivatives by symbolically manipulating 

mathematical expressions, automatic differentiation calculates derivatives by decomposing 

functions into a sequence of elementary operations and applying the chain rule of calculus to these 

operations. Automatic differentiation has gained popularity in machine learning due to its ability to 

compute gradients efficiently and accurately, which is crucial for the optimization of complex models 

like deep neural networks. 

In this experiment, the automatic differentiation is facilitated with the auto-gradient function in 

PyTorch. The backward mode is used to measure the influence of the input RGB image on the 

accuracy of the reconstructed target spectrum. The backward mode, also known as reverse 

accumulation, starts the computation from the output variables and propagates the derivatives 

backwards, towards the input variables. The backward mode is particularly useful when the number 
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of output variables is small compared to the number of input variables, as it is often the case in many 

machine learning applications, such as training neural networks using gradient-based optimization 

algorithms. 

• Networks and Dataset 

In this experiment, we utilized five pre-trained networks: EDSR, HRNET, MIRNET HINET and 

HDNET. These networks have been introduced in the previous sections. We discovered that 

extracting the gradient of the input RGB image demands substantial computer memory. Due to the 

limitations of our device (64GB RAM), we restricted the number of networks involved in the 

experiment to five. The dataset employed in this study is the same as that used in the previous 

experiments in this Chapter, comprising 18 metamerism sets, with each set containing 20 images.  

• Measuring the gradient of the metamerism samples 

We computed the gradient of the reconstruction accuracy as measured by SAM as it allows us to 

specifically evaluate the impact on the shape of the reconstructed spectrum. The measured gradient 

reflects how much influence each RGB pixel in the image has on the accuracy of the reconstructed 

spectrum. To assess the networks' consistency in handling similar metamerism samples, we also 

measured the gradient of immediately neighbouring pixels and compared the results with the target 

sample.  

5.5.3. Average Gradient Analysis of All Samples 

Our analysis of the measured gradient results started with a broad examination of all the 

metamerism samples. The goal was to explore the connection between the gradient values of 

neighbouring pixels with respect to the target sample and their distance from the target pixel. This 

approach provides insights into the size of the spatial area that networks are sensitive to, and can 

potentially extract information from.  

Figure 61 presents the mean absolute gradient for the five networks under investigation. For each 

sample, we took the absolute RGB gradient and then averaged the three channels. The final average 

patch is computed using all samples from the 18 collected metamerism sets. The displayed 2D and 

3D patches are 40 × 40 pixels centred on the target pixel, even though the maximum measured 

distance was 80 pixels. The reason for limiting the displayed patch size is that the gradient becomes 

relatively flat and small beyond this size.  
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Figure 61. Left: the average absolute gradient of the listed five networks in a colour-mapped patch; middle: 

the average absolute gradient of the listed five networks in a 3D colour-mapped patch; right: the average 

absolute gradient as a function of the distance from the target pixel. 



 
 
Chapter 5. Analysing How Deep Models Resolve Metamerism 

130 
 

The average gradient values of the five listed networks exhibit a degree of consistency with minor 

variations. The target pixel, which is the pixel of interest, demonstrates the highest gradient values. 

This suggests that the RGB value of the target pixel has the most substantial impact on shaping the 

reconstructed spectrum. As the distance from a neighbour pixel to the target pixel increases, the 

influence of the neighbour pixel on the reconstructed spectrum diminishes. In the 2D plots, the pixels 

immediately above, below, to the left, and to the right of the target pixel, which form a cross pattern, 

display the highest gradient values among all neighbour pixels. However, when the neighbour pixel 

is located 10 or more pixels away from the target, the gradient plot becomes relatively flat, and the 

gradient values approach zero. This indicates that these distant pixels individually have a minimal 

impact on the shape of the reconstructed spectrum. Therefore, for the networks considered in this 

analysis, local spatial information from a 20 × 20  patch appears to exert the most significant 

influence on the shape of the reconstructed spectrum. This suggests that these networks primarily 

rely on spatial information from a 20 × 20 patch, even though some of them may have the ability to 

extract information from the entire image. 

There are subtle differences in the sensitivity of neural networks to local pixels. EDSR stands out 

with a higher gradient for intermediate distance pixels, around 0.05, when the neighbour is 10 pixels 

away from the target. In contrast, other networks maintain a gradient of less than 0.01 at the same 

distance. HRNET and HINET exhibit a sharp decrease in gradient with increasing distance from the 

neighbour pixel to the centre, indicating that these two networks prioritize very local information to 

reconstruct most spectra. EDSR and HDNET manifest a small square with a high gradient around 

the target pixel, while MIRNET and HINET display a small circle around the target pixel in their 

gradient profiles. These variations suggest that different networks have distinct sensitivities to local 

spatial information.  

When examining the gradient as a function of distance to the target pixel, a common pattern 

emerges: the gradient initially decreases significantly when the distance is less than 5 pixels, and 

then levels off. However, there are distinctions among the networks. EDSR exhibits a higher gradient 

for intermediate distance pixels, and the gradient drops to zero when the distance exceeds 60 pixels. 

This indicates that EDSR is particularly sensitive to local information within a fixed range. MIRNET 

and HDNET show similar patterns, with the gradient flattening out when the distance surpasses 20 

pixels. Despite all these networks being sensitive to very local pixels, they utilize potential spatial 

information differently, with varying degrees of detail.  

In summary, the investigation has highlighted the importance of local spatial information in the 

spectral reconstruction of metamerism data. Additionally, we observed that the five networks we 

examined share a common sensitivity to very local pixels but diverge in their utilization of spatial 

information further from the target pixel.  
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Figure 62. Example gradient image and recovered spectrum from the listed five networks. At the top we see 

the original RGB image and the 41 × 41 image patch centred around the target pixel. The left two columns 

display the colour-mapped absolute gradient image and the 'RGB' gradient image. The third and fourth 

columns display the absolute gradient patch and the RGB gradient patch centred around the target pixel. The 

right column compares the ground truth spectrum and the recovered spectrum from each network. Please 

note the absolute gradient has been scaled 5 times to show a clear pattern. 
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Although we identified some shared characteristics among the networks in their use of local spatial 

information, it's important to note that these networks exhibit distinct preferences for either local or 

global information in specific scenarios. To illustrate this point, Figure 62 shows an example where 

the networks' treatment of spatial information varies significantly. The purpose of showing the RGB 

gradient image is to investigate potential imbalances in the weighting of colour channels during 

reconstruction. 

The EDSR and HRNET have extracted spatial information from a local area, while EDSR focuses 

on a square area, HRNET does not use any particular shape of area. The shape of the reconstructed 

spectrum from MIRNET, HINET and HDNET is affected by the spatial information from the whole 

image. All these three networks show attention to the horse from the image. However, the target 

spectrum is from plant leaves behind which have no relation to the horse, there is a risk these three 

networks are overfitted to the most particular object of the image. Since the target spectrum is 

stronger in green, the gradient result of all five networks appears to be more sensitive to the green 

colour channel of the input image.  

This analysis provides insight into the distinct approaches networks take when extracting spatial 

information during the reconstruction of a single pixel. By examining individual cases, we can better 

understand the specific strategies they employ when dealing with different types of spatial 

information. Interestingly, networks that prioritize local information seem to focus on the texture 

within the image patch, whereas those that extract information globally show less interest in local 

textures. For instance, in the provided example, EDSR and HRNET appear to be sensitive to local 

textures. EDSR distinguishes between the plant leaf and background, while HRNET extracts 

information from the edge between the plant and background. In contrast, the other three networks 

show no distinct patterns related to local textures. It's important to note that the example presented 

is specific, and more results need to be analysed to draw general conclusions. Therefore, in the 

following sections, we will delve into how these networks use global and local information when 

reconstructing metamerism samples in individual cases. 

5.5.4. Gradient Analysis of Networks that Extract Global Information 

Global spatial information encompasses the broader structure and larger context of an image, 

capturing relationships and patterns that extend across the entire image. In contrast, local spatial 

information focuses on smaller regions or neighbourhoods within the image. Networks can extract 

global spatial information in various ways, such as through pooling, attention mechanisms, and multi-

scale fusion for example as used by auto-encoder and U-net type networks. 
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As discussed in previous sections, a trend in newer spectral super-resolution networks is their ability 

to extract spatial information from larger areas. However, it's important to note that only a small 

number of samples from the collected metamerism dataset exhibit noticeable gradients associated 

with global information. In most cases, samples display noticeable gradients primarily in the vicinity 

of the target pixel. This observation underscores the significance of understanding how networks 

preferentially utilize global spatial information when reconstructing individual pixels.  

To determine the percentage of samples that rely on global information within our entire collected 

sample set, we've designed a simple test. In this test, we seek samples that contain pixels far from 

the target pixel which exhibit a large gradient. Specifically, we're looking for instances of pixels that 

display a gradient value exceeding 1% of the gradient on the target pixel, and these pixels are 

located outside the 64 × 64  square area centred around the target pixel. The rationale behind 

selecting a 64 × 64 size is that it represents the smallest image patch size on which many of the 

networks were trained. Moreover, all the networks involved in this test were trained on image 

patches that are larger than this size. The results show that 15% of MIRNET samples, 43% of HINET 

samples, and 16% of HDNET samples contain pixels that, while being distant from the target pixel, 

exhibit significant gradients. These findings provide an approximation of the proportion of instances 

where global information is utilized during the reconstruction process. Similar to what we learned 

from this study, HINET makes more of use global information, while the other two networks only 

require global information in a low proportion of less than 20%. Therefore, in most cases, those 

networks primarily rely on local information to do the reconstruction.  

Figure 63 illustrates how certain networks appear to be sensitive to the global information within the 

input RGB image. Similar to the earlier example, EDSR and HRNET mainly concentrate on local 

spatial information, demonstrating an interest in image textures within the local area. A more detailed 

discussion of local textural information will follow in the next section.   
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(c) 

Figure 63. The gradient of the input image that the listed networks are sensitive to global information. (a) 

shows an example where networks are sensitive to objects; (b) shows an example where networks are 

sensitive to image scenes; (c) shows where networks are sensitive to tree shadow.  
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Notably, the global information does impact the reconstruction results of networks like MIRNET, 

HINET, and HDNET. These networks seem to focus on similar global information, which includes 

the most representative objects in each image from a human perception standpoint. For instance, 

this can be observed with the horse, graffiti, and the wooden toy in Appendix 6. The objects 

potentially used as spatial information by these networks exhibit some common characteristics: 

1. They form one complete object, rather than being fragmented or divided into smaller parts. 

2. These objects occupy a significant portion of the image scene, making them more noticeable 

and influential in the overall context. 

3. The objects are unique to the specific image scene and cannot be found in other images 

from the training dataset, making them distinctive and potentially useful to separate 

metamerism samples from each other. 

Assuming we employ a dictionary-based method to address metamerism, such unique objects can 

be utilized as context information to identify the training image, and subsequently, determine the 

spectra associated with the image. However, as these objects may only be present in one image 

from the training data and are not necessarily related to the material of the target, there is a risk of 

overfitting the network. On the other hand, when local texture alone cannot definitively identify a 

material, global information such as the object itself could serve as a useful contextual reference to 

resolve metamerism. However, the internal mechanism of networks does not operate in a manner 

similar to a dictionary-based method. How the network transforms global object information into 

context remains unclear.  

In addition to objects, networks can also extract scene information from an image, as shown in 

Figure 63 (b) MIRNET is sensitive to the tree and the shadow. There are other examples where 

networks show interest in other image scenes such as the blue sky as shown in Appendix 6. Besides, 

there are also results showing the networks are sensitive to the shape of an object. This 

demonstrates that networks can identify and respond to various types of visual information in an 

image.  

In terms of local spatial information, the gradient results of MIRNET, HINET, and HDNET show a 

weaker correlation with the image texture in the local area. Fewer samples from the global neural 

networks exhibit a clear structure in the local area compared to the local networks. These three 

networks appear to be sensitive to a circular local area centred around the target sample, and this 

finding holds true for other samples beyond the examples shown, as can be found in Appendix 5. 

HINET, which is based on a U-net structure, has skip connections that enable it to capture global 

spatial information efficiently. As a result, HINET shows the highest sensitivity to global spatial 

information compared to other networks. Figure 64 displays some gradient results where only HINET 
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is sensitive to global information. However, HINET does not outperform the other networks, and the 

reconstruction accuracy of HINET is even lower than that of EDSR, which has a relatively simple 

structure and is based on local information. One possible explanation is that HINET is overfitted to 

high-level global features such as objects.  

 

 

(a) 

 

 

(b) 

Figure 64. The gradient of input image where HINET is sensitive to global information. 

In summary, MIRNET, HINET and HDNET could extract high-level features like objects, scenes, 

and attributes. These features capture the content and context of the image rather than the low-level, 

pixel-based information. The extracted high-level features could be used as context information to 

identify a particular image and further uniquely distinguish a spectral sample from a metamerism set. 

Therefore, using the high-level global spatial information in spectral super-resolution tasks may 
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increase the ability of a network to resolve metamerism. However, there are also risks and 

challenges associated with it:  

• Overfitting: When a network heavily relies on global spatial information, as is the case with 

the HINET, it increases the risk that the model may be overfitted to the training data.  

• Complexity: Incorporating global spatial information often increases the complexity of the 

network, resulting in more layers, parameters, and computation. This can lead to longer 

training times, increased memory requirements, and difficulties in optimizing the network. 

• Loss of local details: When a network focuses too much on global spatial information, it may 

miss or blur important local details, leading to artefacts or loss of fine-grained information in 

the reconstructed image. 

• Interpretability: High-level features, especially those learned by deep learning models, can 

be difficult to interpret and understand, as they are often represented as abstract, high-

dimensional vectors. This lack of interpretability can be a challenge when trying to explain 

the model's behaviour or debug potential issues. 

• Difficulty in disentangling global and local information: In some cases, it may be challenging 

to separate the effects of global spatial information from local spatial information, particularly 

when the global context is strongly correlated with local details. 

To mitigate these risks, it is essential to carefully design the network architecture, regularization 

techniques, and training strategies to balance the use of global and local spatial information 

effectively.  

Utilizing global information in image processing can be beneficial, as it allows the network to focus 

on pertinent parts of an image rather than the entire image. In future research, exploring methods 

to guide the network's attention towards relevant regions may prove to be a valuable approach. 

From the literature, MST++ which uses a mask mechanism to guide the focus of networks, has been 

shown to have higher reconstruction accuracy.  

5.5.5. Gradient Analysis of Networks that Extract Local Information 

In the context of spectral super-resolution, local information refers to the spatial details and structure 

within a small neighbourhood of pixels around a target pixel. It includes edges, corners, and textures 

that are important for preserving the fine details. Since the MIRNET, HINET and HDNET mostly 

extract local spatial information as a circular area centred by the target pixel and show less relation 

to features like texture, in this discussion we are going to focus on the EDSR and HRNET only. 

Figure 65 presents several examples of gradient results for EDSR and HRNET.  
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(b) 

Figure 65. The gradient of input image where networks are sensitive to local information. 
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As discussed earlier, EDSR is sensitive to a square area centred around the target pixel, whereas 

HRNET is sensitive to an arbitrary-shaped area within a specific range. When tackling the same 

reconstruction task, these networks appear to be sensitive to distinct features within the image patch. 

In the case illustrated by Figure 65 (a), HRNET is successful in effectively extracting the pattern of 

the target, while EDSR fails to delineate a clear shape of the patterns. However, neither network is 

able to learn the shape of the target spectrum, this result could be attributed to the rarity of the 

material in the training dataset. This assumption is supported by the fact that deep models also fail 

to learn the spectral shape, as detailed in Appendix 6. In Figure 65 (b), EDSR demonstrates a 

notable sensitivity to the edge feature, which results in assigning different weights to each side of 

the boundary. This differentiation becomes evident in the variations observed in EDSR's gradient 

across the boundary. Conversely, the gradient results produced by HRNET reveal a weak correlation 

to the edge information within the image patch. More gradient results of all five networks using the 

local spatial information can be found in Appendix 6.  

In this study, it has been observed that EDSR and HRNET adopt different strategies for utilizing 

local spatial information. The HRNET tends to be highly sensitive to the pixels surrounding the target 

pixel and demonstrates an affinity for extracting local patterns within the region of interest. 

Conversely, EDSR exhibits a heightened sensitivity to low-level features, particularly edges, within 

local spatial information. 

This ability of EDSR to discern detailed local structures and patterns could potentially account for its 

superior performance over HRNET. Through this investigation, we have underscored the importance 

of local spatial information in spectral reconstruction. It can serve as critical context information, 

aiding in the precise determination of particular spectra. Extracting spatial information from a fixed 

local area presents a promising approach for harnessing local spatial information effectively. By 

refining these strategies, we can further develop our method that uses local spatial information as 

context to estimate PQR weights.  

5.5.6. Gradient Analysis of the Neighbour Pixels of the Target 

In this section, we analyse the gradients of the immediate four neighbouring pixels around the target 

sample (above, below, left, and right). The rationale for studying neighbouring pixels is to assess 

the consistency of network-based spectral reconstruction. Analysing the gradients of neighbouring 

pixels, which are typically similar or closely related to the target sample, can provide valuable 

insights into the strategies employed by these networks. It is important to note that the gradients in 

this analysis were extracted based on the accuracy of reconstructing neighbouring pixels instead of 

the target pixel. Figure 66 presents an instance where the gradient outcomes for the immediate 

neighbouring pixels as similar to that of the target pixel. 
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Figure 66. Examples of gradient of neighbour pixels which are similar to the target pixel. 
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Figure 67. Example of gradient of neighbour pixels which are different from the target pixel. 
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Upon examining all gathered gradient results from neighbouring pixels, it becomes apparent that 

when these neighbouring pixels are similar to the target (as shown in Figure 66), the information 

extracted by a network also exhibits global and local congruency. This insight suggests that networks 

are adaptive in capturing consistent patterns and structures when neighbouring pixels have 

comparable characteristics to the target pixel. 

Figure 67 showcases instances when neighbouring pixels greatly differ from the target pixel. Such 

situations arise when the target pixel is near an edge or when the image contains complex patterns. 

Consequently, neighbouring pixels and the target pixel may originate from distinct materials, or the 

spectral of the edge pixel may be a mixture of different end-members. In these scenarios, even when 

the local scene remains consistent, networks extract different local features. 

From these observations, one insight can be derived: networks can extract different features from 

similar local scenes. Moreover, the spatial information extracted bears a relation to the RGB value 

of the pixel under reconstruction. This suggests that networks dynamically adapt their feature 

extraction strategies based on the specific characteristics of the pixel being reconstructed.  

5.5.7. Conclusion 

Based on an evaluation of the gradient results from the five networks, their sensitivity to spatial 

information reduces significantly when the distance from the target pixel exceeds 5-10 pixels. As 

such, the area from which these networks predominantly extract spatial information can be 

approximated to a 20 × 20 pixels neighbour or even smaller, even though more recent networks 

possess the capacity to encompass larger regions. This conclusion is further supported by a close 

observation of the gradient results. Instances, wherein networks exhibit sensitivity to global 

information, are relatively infrequent among the evaluated samples. Thus, despite potential 

capabilities for global feature extraction, networks appear to prioritize local spatial information within 

a limited range around the target pixel.  

In the analysis of the local gradient results, it has become evident that networks exhibit sensitivity to 

the local structural elements such as lines, corners, and edges among others. Additionally, networks 

can extract textural elements from within local areas. Networks that exclusively lean on local spatial 

information, particularly EDSR, demonstrate a heightened capability in deriving local spatial 

information. Considering the relatively superior spectral reconstruction accuracy exhibited by EDSR, 

it could be inferred that local spatial information can be employed as supplemental data to alleviate 

metamerism.  

When it comes to global spatial information, there are limited instances indicating that networks 

exhibit sensitivity to high-level global information, such as objects. Although such high-level global 
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information can serve to uniquely identify a training image and its associated spectral reflectance, it 

also carries a potential risk. HINET which has the highest sensitivity to global information, didn’t 

provide a higher reconstruction than other networks. However, from the literature, MST++, which 

uses a masking mechanism to guide the attention of the network on extracting global information, 

appears with relatively higher reconstruction accuracy. In future designs of deep learning models for 

spectral super-resolution methods, it is advisable to steer the network's focus towards more relevant 

areas within the image scene.  

5.6. Summary and Conclusion  

At the beginning of this chapter, our experiments revealed that local texture information can impact 

HSCNN+'s ability to reconstruct the shape of the spectrum. However, it's important to note that this 

case study was based on a single specific metamerism sample and hence, might not be broadly 

representative.  

To draw inspiration from existing neural networks for our explainable method, we conducted two 

sensitivity analyses and leveraged automatic differentiation to visualize areas of the image that 

impacted reconstruction accuracy. The experiments were tailored to answer two research questions: 

the required spatial size to resolve metamerism, and what type of spatial information can be utilized. 

Both sensitivity analysis and gradient analysis suggest that networks are most sensitive to pixels 

close surrounding the target pixel, with sensitivity decreasing as the distance from the target pixel 

increases. Sensitivity analysis further indicates that networks primarily rely on local information to 

determine the shape of the reconstructed spectrum. Within the local area, according to the gradient 

analysis, networks are sensitive to structure and texture; removing textural information impacts the 

shape of the reconstructed spectrum.  

In conclusion, our findings suggest that networks predominantly rely on local spatial information to 

resolve metamerism. A circular region with a radius of 20 pixels, or even less, could provide 

adequate information for networks to ascertain the shape of the recovered spectrum in most cases. 

Tested neural networks are sensitive to local texture features, and removing these features would 

eliminate the contextual information necessary for neural networks to resolve metamerism. However, 

neural networks do not show a preference for any local texture in a particular scale or orientation. 

Different samples were sensitive to different scales and different orientations. Therefore, when 

designing our feature extraction method, a general texture descriptor would be beneficial.  

Based on these findings, in the next chapter, we will present an explainable spectrum super-

resolution method that uses features extracted by multiple scale Local Binary Pattern (LBP) as 

context to estimate the PQR coefficients.  
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Chapter 6. Single Image Spectral Super-Resolution Using 

RGBPQR 

In the previous sections, we introduced the RGBPQR colour space and illustrated its advantages in 

spectral reconstruction tasks. The RGB components of a standard RGB colour image directly make 

up the first three components of the colour space. These directly weight corresponding spectral 

bases that ensure colour consistency. The residuals are then represented using PCA components 

as PQR. Estimating the PQR residual weights directly from the RGB values without supplementary 

information leads to limited accuracy due to metamerism. From analysing deep convolutional neural 

network-based methods, it has been shown that spatial information, particularly local texture, holds 

promise as contextual information for addressing the metamerism issue. Consequently, in this 

section, we will explore the use of the RGBPQR colour space for single image super-resolution, 

while employing local texture as context to tackle metamerism in an interpretable manner.  

6.1. Using Local Binary Patterns to Resolve Metamerism  

6.1.1. Introduction 

In the last chapter, by analysing the existing deep convolutional neural network-based methods, we 

demonstrated that local textural features from a limited area are essential in resolving metamerism. 

Surfaces of particular materials often exhibit distinctive textural characteristics. Therefore, by 

characterizing the spatial features of these surfaces, including their texture, it is possible to 

distinguish the materials and further resolve the metamerism problem. In the last section, we 

demonstrated that networks are sensitive to textures detected by Gabor filters. However, Gabor 

filters face a challenge in converting results from a filter bank into a context vector. Unlike Gabor 

filters, Local Binary Patterns (LBPs) do not have this issue, so we chose LBPs as our texture 

descriptor in this chapter.  
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LBPs are a simple and efficient texture descriptor first introduced by Ojala et al. (1994). The LBP 

operator works by comparing the intensity of a central pixel with its surrounding neighbours in a local 

neighbourhood. It then generates a binary code based on whether the intensity of the neighbouring 

pixels is greater than or equal to the intensity of the central pixel. A histogram of LBP values can be 

calculated for an entire image or specific regions within the image. The LBP histograms can then be 

used as feature vectors for various tasks, such as classification, recognition, or comparison. The 

key benefits of LBP include its computational efficiency, robustness to monotonic changes in 

illumination, and its ability to capture local texture information effectively (L. Liu et al., 2017). Given 

that LBPs have shown remarkable performance in texture classification tasks, there is a strong basis 

for our hypothesis that the feature vector extracted by LBPs could be used to distinguish 

metamerism samples. Before testing the LBPs to resolve metamerism in spectral reconstruction, in 

this section, we will test whether it is possible to use LBP histograms to distinguish the metamerism 

samples.  

6.1.2. Dataset and LBP Histogram Extraction 

• Dataset 

In this experiment, we collected a new dataset based on the NTIRE 2022 database. We produced 

the RGB values in the same manner as described in Chapter 3, which differs from the original 

approach in NTIRE 2022. To investigate the metamerism issue in depth, we compiled this dataset 

with a focus on metamer RGB values. A total of 5,000 unique RGB values were utilized as 

benchmarks to identify associated spectral data from the NTIRE 2022 database. These RGB 

references were randomly selected, fitting within the gamut span of the NTIRE 2022 dataset. 

Depending on the occurrence frequency of each reference RGB value within the database, we 

collected anywhere from hundreds to thousands of samples per value. Notably, a single RGB 

reference value could be associated with multiple materials appearing with varying spectral shapes. 

In total, our comprehensive collection process resulted in over 1.5 million spectral samples.  

While collecting the training spectral data, the RGB values from a 31 × 31 image patch centred on 

each target sample have also been collected. In Chapter 5, we have demonstrated that a clear 

neighbour with a radius of 20 pixels shows an insignificant difference compared with the original 

image; while the gradient analysis also shows that pixels that are more than 10 pixels away from the 

target sample show insignificant influence on the reconstruction result. Therefore, in this experiment, 

we limited the size of local spatial information to a 31 × 31 patch for each sample.  
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• Local Binary Patterns 

In this experiment, we implemented two distinct Local Binary Pattern (LBP) methods, both of which 

are computed from the grayscale image. The first method examines the eight neighbouring pixels 

surrounding each central pixel in a clockwise sequence, beginning with the top-left pixel. The centre 

pixel is used as the threshold. The resulting 8-bit local binary values range in value from 0 to 255. 

From here, we create an LBP feature vector, generated by the histogram of local binary pattern 

values derived from the 31 × 31 image patch centred by the metamerism sample. This results in a 

256-dimensional feature vector.  

As inferred from Chapter 5, networks make use of local textures from multiple scales to resolve 

metamerism. Therefore, we introduce the Multi-Scale LBP (MLBP) as the second method. Unlike 

the single-scale LBP, which only assesses neighbouring pixels, MLBP measures pixels at three 

distinct scales: 1, 5, and 9, enabling it to capture both fine and large-scale textures. Figure 68 

illustrates the pixels evaluated at different scales. The left side of Figure 68 is the same as the single-

scale LBP, which measures the immediate neighbouring pixels. In the middle of Figure 68, the pixels 

assessed are approximately 5 pixels distant from the target pixel. On the right side of Figure 68, the 

evaluated pixels are approximately 9 pixels away from the target. Compared to LBP, MLBP captures 

texture features over a range of scales. When constructing the feature vector, each scale contributes 

its own histogram. These three histograms are then concatenated to produce the final feature vector, 

which has 768 dimensions. 

 

Figure 68. MLBP with different scales, the red pixel is the target pixel, while the green pixels show the pixel 

that has been compared to generate the LBP code of the target pixel.  

Figure 69 displays an example image patch along with the extracted MLBPs at three different scales. 

From the results, we observe that the LBPs with a radius of 1 can extract fine details, while the LBPs 

with radii of 5 and 9 capture larger-scale features. 
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Figure 69. Examples of extracted features on different scales, and their corresponding histogram. 

6.1.3. Using LBP Context to Distinguish Metamerism Samples.  

• Single-Scale Local Binary Pattern 

Figure 70 depicts the spectra of an example metamerism set, constituting two distinctive spectral 

groups (Group 1 and Group 2).  

 

Figure 70. Spectral reflectance from example metamerism set. 
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Figure 71 presents the image patches from both spectral groups, along with their corresponding 

spectra and LBP histograms. The left three columns represent image patches related to Group 1, 

while the right three columns display patches from Group 2.  

 

Group 1  Group 2 

Figure 71. Example image patches from both spectral groups together with their corresponding spectra and 

LBP histograms. 

In this example, image patches from Group 1 exhibit varied patterns, while the image patches from 

Group 2 are all flat which corresponds to the sky. Remarkably, LBP histograms between the two 

groups, given their distinct patterns, are noticeably different. In this context, it is evident that the LBP 

vector has the potential to differentiate metamerism samples. However, an important observation to 

note is the variability in the appearance of image patches within Group 1. This suggests that a single 

material could have multiple local structures. This variability increases the complexity of capturing 

the relationship between a material's local texture and its associated spectrum. It also highlights the 

difficulty of using the LBP descriptor in encoding such variations.  
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To assess the viability of using the LBP histogram for distinguishing metamerism samples, we 

employed t-SNE to visualize the clusters or groupings (data structure) within the data of these high-

dimensional vectors in a simplified 2-dimensional format. The left of Figure 72 presents the t-SNE 

plot of the 256-dimensional LBP histograms from the example metamer samples. Spectral samples 

from Group 2 form a distinct cluster, clearly separate from Group 1. This result suggests the potential 

of leveraging LBP histograms, representing local spatial information, to differentiate metamerism 

samples. However, the samples in Group 1 also appear with multiple clusters. This variation can be 

attributed to the unique local textures of the corresponding samples. A crucial aspect to acknowledge 

is that a single material could correspond to multiple types of local textures, thereby leading to a 

complex relationship between the local texture and the spectra.  

 

Figure 72. Left: the t-SNE result of the 256-dimensional LBP vector; Right: Sample distribution in PCA space 

defined by the first two components. Sample dots are colour-mapped based on their corresponding spectral 

group. 

However, using all 256 dimensions of the LBP vector as context can significantly increase the 

model's complexity and raise the risk of overfitting. To address this, we applied PCA to the LBP 

histogram vectors, revealing that the first three components accounted for 87.7% of the total 

variance. When considering the first six components, this explanation of variance rises to 91.9%. It's 

important to note that these LBP histograms discussed herein originate from all 5,000 metamerism 

sets. The right part of Figure 72 uses the weights of the first two PCA components to cluster the 

example metamer samples. This clearly shows that the first two components could distinguish the 

Groups for this metamerism set.  

Figure 73 depicts another example of a metamerism set. This set, like the previous one, consists of 

two types of spectra which exhibit differences primarily in the red wavelengths. However, compared 

to Example 1, the local structures within this example appear to be considerably more complex for 

both spectral groups. Correspondingly, there is also notable variation within the LBP histograms of 

each group.  
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Group 1  Group 2 

Figure 73. Image patches from both spectral groups together with their corresponding spectra and the LBP 

histograms. 

The left panel of Figure 74 shows the t-SNE plot when using the 256-dimensional LBP histogram 

vector as a reference, it is clear the two spectral groups have been separated. The right panel of 

Figure 74 illustrates that in cases such as this, where the local structure is relatively complex, the 

first two components are insufficient to fully differentiate between the metamerism samples. 

However, when using the first six components as a reference the metamerism samples could be 

separated. Figure 75 shows the t-SNE plot of the weights from the first 6 PCA components.  

From the previous illustrations and the result from analysing the other metamerism samples, the 

local spatial information represented by LBP histograms can be used to distinguish metamerism 

samples. However, since one material could be associated with multiple types of local structure, the 

relation between the local structure and the corresponding spectral reflectance is relatively complex. 

In some cases, detailed spatial features are required to separate metamerism samples.  
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Figure 74. Left: the t-SNE result of the 256-dimensional LBP vector; Right: Sample distribution in PCA space 

defined by the first two components. Sample dots are colour-mapped based on their corresponding spectral 

group. 

 

Figure 75. t-SNE result of the first 6 PCA components, sample dots are colour-mapped based on their 

corresponding spectral group. 

• Multi-scale Local Binary Patterns 

In this experiment, we will also evaluate the effectiveness of MLBPs in distinguishing metamerism 

samples. Figure 76 displays the image patch, target spectra, and the MLBP histogram for the same 

metamerism set as depicted in Figure 73. The MLBP histogram consists of 768 bins, which combine 

the LBP histograms from three scales: 1, 5, and 9. The displayed samples have been chosen at 

random.  
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Group 1  Group 2 

Figure 76. Image patches from both spectral groups together with their corresponding spectra and the MLBP 
histogram. 

 

Figure 77. Sample distribution in PCA space is defined by the first two components of MLBPs. Sample dots 

are colour-mapped based on their corresponding spectral group. 
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Figure 77 shows that the weight of the first PCA components of the MLBP histograms can effectively 

distinguish the metamerism samples. Thus, incorporating multiscale textural features can aid in 

distinguishing metamerism samples with a low dimensionality in this case. However, given the 

complexity of the 768-dimensional histogram, the first three PCA components account for only 74.2% 

of the total variance, and even the first six PCA components explain only 83.9% of the total variance. 

Therefore, relying solely on a limited number of components might result in a loss of valuable 

detailed textural features derived from the MLBPs.  

• Single and Multi-scale LBPs on Distinguishing Metamer Samples 

The previous sections demonstrated the potential effectiveness of LBPs as contextual information 

for distinguishing metamer samples in various case studies. In this section, our goal is to assess 

how well LBPs can differentiate metamer samples when used as an index in a dictionary, 

considering all the collected samples. Table 16 provides a comparison of the accuracy achieved 

when representing spectral samples using a dictionary. This dictionary uses either RGB values with 

LBPs or MLBPs as indices for estimating 3 PQR weights. The context vector is composed of the 

weights of the first six PCA components of the LBP histogram vectors. The construction of the 

dictionary follows a similar methodology as described in Chapters 3.7.1 and 4.2.3. The present test 

dictionary incorporates both RGB and the tested context for indexing. To build this dictionary, we 

compress each RGB value and context component into 6 bits to mitigate overfitting. Specifically, we 

divide the samples into sub-cubes, and the corresponding PQR weights for each sub-cube are 

determined as the mean of the PQR weights of the residual within that sub-cube. During the 

reconstruction process, the input RGB value and context serve as the index to retrieve the 

corresponding PQR values.  

Table 16. Comparing single and multiple scale LBP on resolving metamerism 

 RMSE SAM 95% RMSE 95% SAM 

Up sampled 0.024 0.071 0.055 0.216 

Best 0.007 0.019 0.014 0.054 

LBPs 0.007 0.020 0.014 0.056 

MLBPs 0.007 0.020 0.014 0.057 

During the reconstruction process, the input RGB value and context serve as the index to retrieve 

the corresponding PQR values. The 'Best' row in the table reflects the representation error of the 

RGBPQR model using only three residual components and assuming the PQR weights are 

estimated accurately. Remarkably, when employing LBPs as context to build a dictionary, the 

representation accuracy closely approaches the best achievable accuracy. These outcomes indicate 
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that utilizing textural features from both LBP and MLBP can markedly distinguish metamer samples. 

It is essential to emphasize that the results presented in Table 16, which showcase the 

representation error, represent the best achievable performance of a dictionary-based method. 

However, given the memory consumption associated with using a huge dictionary, the remainder of 

this chapter focuses on developing a smaller yet effective model to learn the mapping.  

6.1.4. Conclusion 

In this section, we have showcased the effectiveness of both single and multi-scale LBP histogram 

vectors in distinguishing metamerism samples. The ability of LBPs to capture local texture variations 

could play a crucial role in addressing challenges related to metamerism in spectral super-resolution. 

The next challenge is to accurately estimate the PQR weights using RGB values, and the contextual 

information provided by LBPs.  

6.2. Proposed Single Image Spectral Super-Resolution Method 

In this section, we aim to leverage the RGBPQR colour space as a spectral model for recovering 

spectral information from individual RGB images. Concurrently, we utilize spatial information derived 

from LBPs to address the metamerism problem. The RGB value of the target pixel, combined with 

the spatial context represented by the LBP code, will be used to estimate the residual component 

weights (PQR) as a regression problem. Given the non-linear relationship between the PQR 

coefficients and the context vector, the regression method must be able to model such complex 

mapping. Therefore, we have chosen to employ neural networks to address this regression problem. 

The next section describes our proposed method.  

6.2.1. Methodology 

• Dataset  

Similar to Chapter 3, the spectral data for this experiment was sourced from the NTIRE 2022 dataset 

(Arad et al., 2022). A total of 1,980,000 samples were collected from 900 images. These were 

divided into 1,800,000 training samples and 180,000 validation samples. The RGB values were 

generated in the same manner as in the previous chapters, which differs from the original NTIRE 

2022 dataset. While collecting the training spectral data, the RGB values from a 31 × 31 patch 

centred around each target sample were also collected.  
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• Training Neural Network to Estimate the PQR Weights from RGB Value and 

Feature Vectors.  

In this section, our objective is to develop a model capable of estimating PQR coefficients using 

RGB values, with the local spatial feature vector serving as context. Neural networks, known for their 

ability to learn complex nonlinear mappings, are our model of choice for this experiment. (Potentially 

any other non-linear regression mapping could be used.) To enhance the model's ability to represent 

the mapping while maintaining interpretability, our approach utilizes shallow networks consisting of 

three fully connected layers to deduce PQR coefficients from RGB values alongside feature vectors. 

Each layer contains 256 nodes and an associated ReLU activation layer. Various network structures 

were tested, and in this section, we report only the model that demonstrated outstanding accuracy. 

The MATLAB regression learner was used for network training, employing a 5-fold cross-validation 

strategy. The network's primary goal was to minimize the disparity between the predicted PQR 

coefficients and the benchmarked ones. 

In the regression, the input is a concatenation of the RGB value and the spatial context vector. This 

spatial context originates from the LBP histograms extracted from a 31x31 image patch centred on 

the target pixel. Both single and multiple-scale LBP introduced in the previous section have been 

tested. The scores (weights) from the first six principal components serve as the context vector. Our 

objective in testing these varied LBP vectors is to identify the most effective spatial context.  

This combined 9-dimensional vector is then used as input for the trained model to estimate the 

corresponding PQR weight. The network is trained to minimize the RMSE between the estimated 

PQR coefficients and the reference PQR coefficients, a higher estimation accuracy in the estimated 

PQR coefficient could lead to a better spectral reconstruction accuracy. When the residual 

components (PQR) weights have been predicted, the spectral reflectance can be recovered as 

described in Chapter 3.  

6.2.2. Results and Discussion 

• Validation 

This section examines the training error based on the validation data collected from the training 

images. Conducting in-sample tests allows us to assess the model's ability to estimate the residual 

and mitigate the effects of metamerism. Moreover, comparing these results with the testing data will 

help ascertain if the model is prone to overfitting. Table 17 presents a comparison of the 

reconstruction errors for the training spectral samples. This includes the up-sampled spectrum 

discussed in Chapter 3, spectra where the residual is estimated solely from RGB values, and spectra 
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where the residual is predicated using the regression model. Mean error and 95% error associated 

with both single-scale LBP and multi-scale LBP are included in the comparison.  

Table 17 indicates that including the spatial context from LBP enhances reconstruction accuracy. 

This demonstrates that the LBP-based spatial context can mitigate the PQR ambiguities related to 

metamerism. This marked increase in reconstruction accuracy demonstrates that the spatial insights 

from LBP effectively tackle the metamerism challenge within the training dataset. 

Table 17. Comparison of reconstructing validation spectra by different ways of estimating the PQR weights. 

 Up-sampled 
PQR estimated from 

RGB 
PQR estimated 
from RGB+LBP 

PQR estimated 
from RGB+MLBP 

RMSE 0.025 0.023 0.016 0.016 

Mean SAM 0.136 0.126 0.105 0.106 

95% 

RMSE 
0.049 0.044 0.034 0.035 

95% SAM 0.371 0.363 0.312 0.307 

Figure 78 compares the error distributions measured by SAM when reconstructing the validation 

dataset using the trained models. It's evident that using LBP or MLBP as context could significantly 

reduce errors in the reconstructed spectra. The proportion of larger SAM (larger than 0.2) has been 

reduced from 24% from the up-sampled to 12% for both LBP and MLBP solutions. This improvement 

is particularly noticeable for samples that are affected by metamerism.  

 

Figure 78. SAM distribution and the 95% error (dotted line), the legend shows how the residual spectra are 

estimated. From the error distribution adding spatial context extracted from LBP could reduce the influence 

from the metamerism. 
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• Collected Testing Samples. 

To evaluate the trained model's efficacy, we sourced a test spectral dataset from an additional 50 

spectral images supplied in the NTIRE 2022 dataset. From each image, 2,000 spectral samples 

were randomly selected, giving a total of 100,000 samples. The RGB values of the test samples 

were produced using the identical procedure employed for the training dataset.  

The testing results shown in Table 18 indicate that the strategy utilizing RGB values, concatenating 

with local spatial details as context, consistently outperforms the others, as evidenced by both the 

mean and the 95% error metrics. This underscores the pivotal role of spatial information, 

represented here by the local binary pattern, in improving reconstruction precision by reducing the 

influence of metamerism.  

Table 18. Comparison of reconstructing testing spectrum with different ways to estimate PQR weights in 

terms of two performance metrics. 

 Up-sampled 
PQR estimated from 

RGB 
PQR estimated 
from RGB+LBP 

PQR estimated 
from RGB+MLBP 

RMSE 0.026 0.024 0.021 0.020 

Mean 
SAM 

0.129 0.118 0.100 0.098 

95% 

RMSE 
0.055 0.053 0.050 0.046 

95% SAM 0.368 0.304 0.285 0.282 

Figure 79 illustrates the error distribution and the 95% error of the testing dataset, represented as 

SAM. Our focus on SAM stems from its connection to the reconstructed spectrum's shape. It is 

observed that the error distribution appears with three variations, which correspond to the up-

sampled spectra (without residual), estimating the residual solely using RGB, and using RGB plus 

spatial context to recover the residual. While the peaks of these error distributions are closely aligned, 

it's noteworthy that when the residual is derived from the spatial context, the proportion of samples 

with a pronounced SAM (exceeding 0.2) diminishes. Similarly, as seen in the validation results, the 

proportion of large SAM values has been reduced from 23% in the up-sampled method to less than 

12% in the LBP-based methods. Additionally, the proportion of samples with a SAM less than 0.1 

has increased by 10% with the introduction of textural context represented by LBPs. In comparison 

with the validation results, there is no evidence that the model has been overfitted. The MLBP-based 

method shows a slight improvement in the reconstruction accuracy compared to the single-scale 

LBP.  
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In comparison with the reconstruction accuracy when solely using RGB values to estimate the PQR 

weights, the increase in reconstruction accuracy is attributed to using local texture to resolve 

metamerism.  

 

Figure 79. SAM distribution and the 95% error (dotted line). From the error distribution adding spatial context 

extracted from LBP could reduce the influence from the metamerism. 

• Quantization Error 

In this experiment, the RGB values were quantized to 8 bits in the same manner as NTIRE 2018, 

2020. However, the quantised RGB values would introduce quantization errors, particularly for 

darker scenes. Normalizing the RGB values with a global maximum introduced higher relative 

quantization errors in darker scenes compared to brighter scenes. To assess the extent to which the 

reported reconstruction error has been influenced by quantization errors, we tested using the real 

RGB values to learn the RGBPQR model and train the regression neural networks. The real RGB 

values refer to linear RGB values calculated from spectral radiance and camera functions without 

quantization. Table 19 presents the mean and 95% reconstruction error for the testing data. It's 

important to note that these results are derived from the same testing spectral dataset presented in 

the previous sections, and MLBP was used as context.  

It is evident that eliminating the quantization error in RGB values can lead to a slight improvement 

in reconstruction accuracy. This improvement can be explained by the fact that quantization 

introduces additional metamerism samples where, without quantization, the real RGB values are 

distinguishable. However, it's important to note that quantization errors do not alter the overall trend 

of reconstruction accuracy when using MLBP to estimate the PQR weights. To maintain alignment 

with real-world scenarios where RGB values are typically quantized, and to ensure consistency in 

our discussion, the remainder of this section will continue to be based on quantized RGB values. 
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Nevertheless, it's worth noting that it is possible to further enhance reconstruction accuracy by using 

real RGB values or higher precision, such as 12-bit RGB values.  

Table 19. Comparing real RGB values with quantised RGB values for reconstructing the test sample. 

 

Real values Quantised to 8 bits 

Up-sampled 
PQR estimated 

from RGB+MLBP 
Up-sampled 

PQR estimated 
from RGB+MLBP 

RMSE 0.025 0.021 0.026 0.021 

SAM 0.116 0.094 0.129 0.100 

95% RMSE 0.052 0.048 0.055 0.050 

95% SAM 0.340 0.265 0.368 0.285 

• Reconstruct Complete Image 

In this section, we evaluate the performance of the trained model on complete images, rather than 

collected spectral samples. We assessed the model using an additional 50 hyperspectral images 

from the NTIRE dataset. These images are distinct from those used for training. Due to the model's 

requirement for a 31×31 image patch to reconstruct the centre pixel, we only reconstruct pixels that 

are at least 15 pixels away from the image edge during our image reconstruction process. 

Nonetheless, this narrow edge constraint will not adversely impact our analysis of the reconstructed 

image results. The reason we didn’t use a padding technique for full image reconstruction is that 

such padding would adversely distort the LBP used to represent patch textual information.  

Table 20. Reconstructing complete images with different methods to estimate the PQR weights.  

 Up-sampled 
PQR estimated from 

RGB 
PQR estimated from 

RGB+MLBP 

RMSE 0.026 0.024 0.022 

SAM 0.127 0.110 0.103 

95% RMSE 0.049 0.045 0.041 

95% SAM 0.260 0.232 0.213 

The data indicates that incorporating spatial context, derived from multi-scale LBP, reduces the error 

in reconstructing real images, both in terms of mean error and the 95% error. Thus, for actual images, 

the proposed method effectively enhances reconstruction accuracy by partially resolving 

metamerism.  
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Figure 80 compares the reconstruction accuracy of an example image, as measured by the absolute 

error, at three selected wavelengths corresponding to blue, green, and red wavelengths. Results of 

the reconstruction of other hyperspectral images can be found in Appendix 7.  

 

 

Figure 80. Error in the reconstructed image, from left to right: without estimating the residual; estimating 

residual from RGB value; estimating residual from RGB value and single scale LBP context and estimating 

residual from RGB value and multi-scale LBP context. 

The findings suggest that estimating the residual from spatial context helps the model to recover 

spectral scenes more accurately. Nevertheless, in some instances, the trained model doesn't 

succeed in accurately predicting the PQR coefficients, leading to elevated errors. Several factors 

could contribute to these errors: the material may not have been represented in the training samples, 

or the model might lack the complexity needed to accurately predict PQR. Lastly, the local texture 

feature encapsulated by the LBP histogram may be inadequate in distinguishing between the 

spectra. Our emphasis on solely local textural characteristics might have overlooked other potentially 

valuable features within the image. 

• Comparison to Other Works  

In this subsection, we compare the proposed method against Arad’s sparse coding method and 

several deep model-based methods which are the U-net, MIRNET and HINET. Arad’s work is trained 

on the code published by the author with the same RGB image in our experiment. The deep models 

are also retrained on this dataset. Note that since the RGB image in this study is different from that 
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in NTIRE 2022, we can’t directly compare the results presented in the NTIRE competitions. Table 

21 compares the mean and 95% reconstruction errors among the discussed methods.  

Table 21. Comparison of the proposed method and the existing methods. 

 MLBP Arad U-net MIRNET HINET 

RMSE 0.022 0.064 0.037 0.015 0.020 

SAM 0.103 0.272 0.096 0.063 0.084 

95% RMSE 0.041 0.129 0.077 0.029 0.038 

95% SAM 0.213 0.485 0.218 0.135 0.176 

In contrast to the sparse coding approach, our method provides superior reconstruction accuracy. 

Nevertheless, when compared with deep learning models, particularly those with complex 

architectures, our method doesn't fare as well. Four main reasons for this discrepancy are: 

• The proposed model was trained solely on specific sample collections, while the deep 

learning models had the advantage of being trained on the entire database. This could mean 

our model had fewer opportunities to learn the intricate mappings from RGB to spectrum. 

There may also be additional instances of metamerism not seen during training. The reason 

for using selected data rather than the entire dataset is to account for the possibility that the 

number of parameters within our model may not be sufficient to learn all the mappings from 

the entire database. The selected samples were designed to maximize the ability to 

represent the entirety of the database. 

• The inherent simplicity of our model, combined with its significantly fewer parameters, might 

limit its ability to model the mapping as comprehensively as the more complex deep models. 

• In particular, PQR are only the principal components of the residual and do not account for 

all of the errors. Also, only a few principal components of the texture histograms could not 

account for all the detailed textures.  

• Our model only leverages local texture as its contextual basis. In contrast, deeper models 

might potentially harness any available information from the image patch. Our method might 

be missing out on pertinent information that may be represented by other local features.  

That said, our objective was to develop a model that is more interpretable, rather than a "black box." 

This focus on interpretability comes at the cost of some accuracy. While the results are aligned with 

our expectations, it underscores the need for further refinement to enhance the method's 

reconstruction accuracy in future works.  
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• Explainability of the Proposed Method 

Compared to end-to-end deep models, our proposed method offers enhanced explainability. Rooted 

in the RGBPQR colour space, our approach transforms the spectral reconstruction task into a non-

linear regression challenge, focusing on estimating the weight of a three-dimensional residual 

component. Through an analysis of prevalent deep models, we have demonstrated that local textural 

information can aid in resolving metamerism. However, due to the black-box nature of deep models, 

understanding the exact spatial features they utilize and their application methods remains 

challenging.  

Our design leverages local textural information extracted from LBP, providing a clear outline of the 

type of contextual information used. Even though we do employ a shallow neural network for the 

regression, it plays a minimal role in our overarching method. The neural network utilized in the 

proposed method aims to address a non-linear regression problem, serving as a small component 

within the overall model. Its impact on the interpretability of the entire method is minimal. Several 

alternative solutions to NN exist, as the primary requirement is to address non-linear regression. 

The choice of NN is based on its effectiveness in resolving non-linear regression problems. Other 

viable options include regression tree, support vector machines, Gaussian process regression, and 

kernel approximation regression. The clarity of its purpose and function, in contrast to the black-box 

operations of deep models, underscores the superior explainability of our approach. Furthermore, 

our proposed model is inherently simpler than many deep models. With fewer parameters and 

dimensions, it not only streamlines operations but also enhances the model's transparency and 

interpretability. This simplicity is a key factor in enhancing its interpretability. The following section 

demonstrates the interpretability of the proposed model through a case study that analyses the 

reconstruction error in a single image. 

Figure 81 shows the reconstruction error of a selected test image, with absolute errors presented in 

three channels. Using LBP or MLBP the reconstruction error in the white painting areas of the image 

is reduced. This indicates that the method successfully used the local context to resolve metamerism 

associated with the input RGB values.  

Figure 82 shows an example of reconstructed spectra and the original spectrum from the 'letter E' 

in the image. The reconstruction with MLBP as the context has a similar shape to the original. Due 

to the limited number of components used in the RGBPQR model, very detailed spectral features 

cannot be recovered in this case (the basis functions in Figure 15 are smooth). Figure 83 displays 

an example image patch from the 'letter E' in the image, with LBP features at different scales. We 

searched for the most similar training sample in the training set based on the 9-dimensional code of 

the shown sample. The closest training sample is shown in Figure 84. The training spectrum is 

displayed on the left, which is the same as the target sample. Since the local textures are also similar, 

the model is based on the selected training sample to reconstruct the target spectrum.  
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Figure 81. Error in the reconstructed image, from left to right: without estimating the residual; estimating 

residual from RGB value; estimating residual from RGB value and single scale LBP context and estimating 

residual from RGB value and multi-scale LBP context. 

 

Figure 82. Reconstructed spectra and the original spectrum from the ‘letter E’ in the image.  
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Figure 83. Examples of the target image patch and the extracted features on different scales.  

 

Figure 84. The closest sample to the ‘Letter E’ from the training dataset and the corresponding LBP features.  

Figure 85 displays an example from the 'red pattern' in the image, where the proposed model failed 

to reconstruct the spectrum accurately. We selected a target pixel and displayed it in the image 

patch, along with the corresponding LBP features in Figure 86. Similarly, we also identified the 

closest training sample to the 'red pattern' from the training dataset, as shown in Figure 87. However, 

the closest training sample has a different shape spectrum than the target, which explains the 

incorrect shape of the reconstructed spectrum. We also searched for metamer samples of the 'red 

pattern' in the training set, but there were no samples with the same shape as the target sample. 

Therefore, we cannot expect the model to accurately recover the 'red pattern' since it was not learned 

during training.  
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Figure 85. Reconstructed spectra and the original spectrum from the ‘red pattern’ in the image.  

 

Figure 86. Examples of the target image patch and the extracted features on different scales. 

 

Figure 87. The closest sample to the ‘red pattern’ from the training dataset and the corresponding LBP 

features.  
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6.3. Conclusion and Subsequent Studies 

In this chapter, we explored the feasibility of utilizing the RGBPQR colour space as a spectral model 

to achieve single spectral super-resolution. The final reconstructed spectrum results from the 

addition of an up-sampled spectrum derived from RGB values and an estimated residual (often 

termed as 'metamer black'). The linear up-sampling function is informed by prior data, while the 

residual is estimated by determining the weights of the learned residual components. For this 

process, we leveraged a shallow neural network to predict the weights of the residual component. 

This network uses RGB combined with a spatial context vector that is derived from PCA scores of 

the LBP histogram of a 31x31 image patch centred on the target pixel as its input. The network 

output is the learned residual (PQR) component.  

In conclusion, our proposed method significantly enhances reconstruction accuracy compared to a 

strategy that exclusively uses RGB values to approximate the residual. The examination of the SAM 

distribution of samples demonstrates that our method reduces the proportion of samples with a high 

SAM (exceeding 0.2) caused by metamerism. As a result, our approach effectively mitigates the 

adverse effects of metamerism on reconstruction precision. 

When compared to sparse code methods that cannot resolve metamerism, our proposed method 

offers higher reconstruction accuracy. The RGBPQR model has demonstrated its advantage as a 

spectral model in spectral super-resolution tasks. Additionally, local texture has been shown to be 

effective in resolving metamerism as contextual information. 

However, it's important to note that our proposed model does not perform as well as existing deep 

convolutional neural network-based methods. Nevertheless, its significant advantage lies in its 

simplicity, rooted in a low-dimensional model and a shallow regression network. This simplicity 

enhances interpretability, making it a valuable approach in scenarios where explainability is crucial. 

While the RGBPQR model isn't lossless, potential solutions for enhancing reconstruction accuracy 

include employing more components to represent the residual, beyond just the first three (PQR). 

Another possible way to further increase the accuracy is deploying a convolutional neural network 

to estimate the weights of the residual components. Such a network might marginally compromise 

on interpretability but could increase accuracy in estimating residual component weights, thus 

augmenting spectral reconstruction precision. When contrasted with an end-to-end single image 

spectral super-resolution network, a model predicated on the RGBPQR colour space retains 

superior interpretability.  
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Chapter 7. Conclusion and Future Works 

7.1. Summary and Conclusion  

In this study, we introduced a novel, interpretable single-image spectral super-resolution method 

based on a low-dimensional spectral model (RGBPQR).  

Chapter 1 introduces the motivation behind low-cost hyperspectral imaging. It acknowledges the 

benefits and challenges of spectral super-resolution in the context of low-cost hyperspectral imaging. 

The research aims to conduct a thorough analysis of existing techniques, identifying areas for 

enhancement, and leveraging these insights to create an innovative spectral super-resolution 

method. 

In Chapter 2, we provide an overview of low-cost hyperspectral imaging, with a specific focus on 

single-image spectral super-resolution. We identify two main categories of approaches: deep 

convolutional neural network-based methods and traditional machine learning approaches. 

Traditional machine learning methods struggle with metamerism, leading to lower reconstruction 

accuracy. In contrast, deep learning methods, while more accurate, lack interpretability. This has 

driven our objective to develop an interpretable solution that can effectively tackle metamerism. The 

proposed method should meet the following three objectives: 

1. Colour Consistency 

The proposed model should ensure the recovered spectrum produces the same RGB value 

under identical conditions (for the given camera model and exposure). 

2. Ability to Resolve Metamerism 

This study explores what kind of information can resolve the ambiguity associated with 

metamerism in spectral super-resolution. While other researchers have used deep neural 

networks to tackle the one-to-many mapping caused by metamerism in reconstructing the 



 
 
Chapter 7. Conclusion and Future Works 

 
 

172 

spectrum, no discussion has been provided on how existing methods perform with metamerism 

data. We also aim to compare existing deep methods in reconstructing metamerism samples. 

3. Explainable 

Compared to existing deep methods, the proposed model should be more explainable. This 

entails a less complex and low-dimensional model. Furthermore, the steps within the proposed 

model should be clear, necessitating an explicit understanding of the features used. Therefore, 

this study will investigate how spatial information—referring to pixel position and arrangement 

in an image—can be integrated into the process of reconstructing spectral information. 

Additionally, in Chapter 2, we delved into the error measurements and loss functions utilized in this 

research domain, and we introduced the 95th percentile error that provides a more holistic 

representation of overall reconstruction performance. We also advocate for the analysis of the error 

distribution to gain a clearer understanding of reconstruction accuracy. 

Driven by the objectives, in Chapter 3, we derived the RGBPQR colour space from the LabPQR 

colour space. The RGBPQR model provides a compact and accurate representation of spectral data. 

It consists of two main components: an up-sampled spectrum based directly on RGB values, 

generated using an adaptive up-sampling function, and residual components referred to as 

"metamerism black," obtained through PCA of the residuals. The RGBPQR represents spectral data 

in a concise, low-dimensional model. The proposed model maintains colour consistency by design 

by directly using the input RGB components to weight corresponding basis spectra and having the 

additional reconstruction spectra (the PQR components) orthogonal to the camera functions. These 

ensure that the weights for these vectors will not affect the RGB colour produced from the 

reconstructed spectra. The model therefore transfers the problem of resolving metamerism to a 

regression problem through estimating the orthogonal PQR components. This study underscores 

the benefits of the RGBPQR model in single-image spectral super-resolution tasks, including its 

simplicity, low dimensionality, and ease of interpretation. This model can serve as a fundamental 

tool for spectral super-resolution tasks. 

We also made efforts to quantitatively analyse the capacity to resolve metamerism. Chapter 4 

explores the need for additional information beyond RGB values to effectively address metamerism 

and enhance spectral reconstruction accuracy. Many existing deep convolutional neural networks 

leverage spatial context to overcome metamerism challenges. Building upon the RGBPQR model, 

this chapter introduces a bin-based conditional entropy estimation method, which allows for a 

quantitative assessment of the additional information provided by various contextual features. 

Results indicate that local spatial information can significantly diminish ambiguities in PQR weight 

estimation for spectral samples, which demonstrates the effectiveness of utilizing local texture as 

contextual information to address the issue of metamerism. 
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To resolve the metamerism in a more explainable manner, chapter 5 analysed existing deep models 

with two aspects: What spatial regions are crucial for metamerism resolution, and which features 

within these regions are important? To address these, we did two experiments, focusing on 

sensitivity and gradient analyses. Our findings suggest that networks predominantly rely on local 

spatial information to resolve metamerism. A circular region with a radius of 20 pixels, or even less, 

could provide adequate contextual information for networks to ascertain the shape of the recovered 

spectrum in most cases. Tested neural networks are sensitive to local texture features, and removing 

these features impaired the ability of the networks to accurately reconstruct the spectrum. This 

implies that such features are a source of the context necessary for neural networks to resolve 

metamerism. However, neural networks do not show a preference for any particular local texture in 

a particular scale or orientation. Different samples were sensitive to different scales and different 

orientations. Therefore, a general texture descriptor would be beneficial when designing our feature 

extraction method.  

Building on the insights from Chapters 4 and 5, Chapter 6 introduces an innovative, explainable 

single image spectral super-resolution methodology. This approach combines RGB with local spatial 

features extracted from local binary patterns to resolve metamerism. Consequently, our proposed 

strategy reduces reconstruction errors stemming from metamerism. When compared with the sparse 

coding method our technique boasts superior accuracy. Moreover, in comparison with deep 

networks, our method has a lower dimensionality and a more streamlined structure. Given the 

transparency of each step in our process, our method is considerably more interpretable than deep 

network counterparts. This was demonstrated using the data to explain the spectra produced in 

cases where the spectrum was accurately recovered, and more importantly, in cases where the 

recovered spectrum was incorrect.  

The proposed method has successfully achieved the research objectives. RGBPQR ensures that 

the reconstructed spectrum maintains colour consistency, metamerism is effectively resolved by 

utilizing local texture information extracted from LBP as context, and the method retains its 

interpretability through its simple structure and low dimensionality. Through our research, we 

acquired an understanding of the issues within spectral super-resolution from RGB images and 

provided a straightforward, low-dimensional, and interpretable solution. 

7.2. Future Works 

Current spectral super-resolution research is primarily driven by the NTIRE spectral reconstruction 

competition, which is held every two years. Researchers are provided with spectral and RGB data 

by the organizers to train models that recover spectral details from RGB images. However, the data 

published by NTIRE consists of general outdoor and indoor scenes, while the competition is judged 
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by MRAE, which focuses on general reconstruction accuracy. Consequently, researchers in this field 

tend to concentrate solely on recovering spectral images without utilizing the recovered spectral data 

in any practical applications. As a result, there is a lack of in-depth discussion regarding the 

usefulness of spectral super-resolution. It remains unclear whether the recovered spectral data could 

improve classification or regression results compared to using RGB imaging alone. We suggest that 

future researchers explore the potential of using the recovered spectral data in real-world 

applications. They should identify applications based on hyperspectral imaging and assess the 

capability of spectral super-resolution models to handle such tasks effectively. This approach would 

provide valuable insights into the practical utility of spectral super-resolution techniques. 

The current focus of RGB image-based spectral super-resolution is on reconstructing spectral details 

within the visible range. This limitation arises because RGB camera sensors can only provide 

spectral measurements within this range. However, hyperspectral images encompass wavelengths 

beyond the visible range, including the near infrared. Despite the RGB sensor's inability to directly 

measure near infrared wavelengths, the texture features captured by RGB images may still exhibit 

correlations with near infrared wavelengths. Consequently, it may be feasible to utilize RGB images 

to estimate spectral intensities in the near infrared for one or a few wavelengths. This hypothesis 

also worth testing in future research. Also worth exploring is the incorporation of an infrared band, 

resulting in RGBI images, which could facilitate the reconstruction of a broader spectrum of 

wavelengths. 

In our proposed method, the residual difference between the up-sampled spectrum derived from 

RGB values and the original spectrum is captured using three principal components from PCA. While 

these first three components account for more than 90% of the total variance in the residual, it is not 

a perfect representation. To enhance the accuracy of reconstruction, it would be worthwhile to 

consider estimating more than just three residual components. 

The model was trained by using only a selection of samples from the available dataset. 

Consequently, some spectra were not represented in the model. Rather than simply selecting the 

training samples randomly an additional step could be added to ensure that all of the spectra within 

the dataset are represented in the training samples.  

To explore the full potential of the RGBPQR colour space in terms of reconstruction accuracy rather 

than interpretability, a convolutional neural network can be employed to estimate the PQR 

coefficients. In this approach, image patches would serve as inputs, with the network outputting the 

PQR weights for each pixel within the input patch. This would enable the local texture features used 

to be optimised by training, at the expense of interpretability. Such a hybrid approach should require 

significantly fewer parameters than conventional deep learning approaches.  
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Furthermore, this research exclusively focuses on utilizing local textures extracted by LBP. However, 

there are other potential sources of local spatial information worth exploring. One particularly 

intriguing option is leveraging learned filters from trained neural networks. These networks are often 

trained for classification tasks, suggesting that their filters could serve as valuable additional 

information for resolving metamerism. Moreover, employing these filters could provide insights into 

the deep model by visualizing the filtered features.  
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Appendix 1 

Chapter 3.4.  

Figure 1 compares the mean relative absolute error (MRAE) of the reconstructed spectrum in the 

450 nm, 550 nm, and 650 nm channels. 

 

 

 

 

 

Figure 1. MRAE of the reconstructed spectrum in 450, 550 and 650nm of the NTIRE 2022, in most cases the 

linearly up-sample spectrum appears with less error. 
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Appendix 2 

Chapter 4.1.3 

Table 1 shows the conditional entropy and the additional information when involving simple statistical 

measurements of the image patch as additional context.  

Table 1. Additional information when adding neighbour RGB pixel from 3×3 image patch. 

 Variables Random data 1 Random data 2 Edge data 

 𝐻(𝑁𝑝) 7.17 7.19 7.26 

RGB 

𝐻(𝑁𝑝, Ρ) 13.19 13.19 13.51 

𝐻(Ρ) 9.14 9.14 9.18 

𝐻(𝑁𝑝|Ρ) 4.05 4.05 4.33 

𝐼𝑟𝑔𝑏 3.12 3.14 2.93 

Simple statistical measures 

Mean RGB 

from the 

patch 

𝐻(𝑁𝑝, Ρ𝐴𝑚𝑒𝑎𝑛) 14.80 14.78 15.25 

𝐻(Ρ𝐴𝑚𝑒𝑎𝑛) 11.77 11.76 12.09 

𝐻(𝑁𝑝|Ρ𝐴𝑚𝑒𝑎𝑛) 3.03 3.02 3.16 

𝐼𝑚𝑒𝑎𝑛 1.02 1.02 1.17 

Minimum 

RGB from the 

patch 

𝐻(𝑁𝑝|Ρ𝐴𝑚𝑖𝑛) 15.00 14.99 15.70 

𝐻(Ρ𝐴𝑚𝑖𝑛) 12.19 12.19 12.92 

𝐻(𝑁𝑝|Ρ𝐴𝑚𝑖𝑛) 2.81 2.80 2.78 

𝐼𝑚𝑖𝑛 1.24 1.25 1.55 

Maximum 

RGB from the 

patch 

𝐻(𝑁𝑝, Ρ𝐴𝑚𝑎𝑥) 15.46 15.44 16.19 

𝐻(Ρ𝐴𝑚𝑎𝑥) 12.81 12.81 13.70 

𝐻(𝑁𝑝|Ρ𝐴𝑚𝑎𝑥) 2.65 2.63 2.50 

𝐼𝑚𝑎𝑥 1.40 1.41 1.84 

Standard 

deviation of 

the patch 

𝐻(𝑁𝑝, Ρ𝐴𝑠𝑡𝑑) 15.44 15.42 16.46 

𝐻(Ρ𝐴𝑠𝑡𝑑) 12.87 12.87 14.15 

𝐻(𝑁𝑝|Ρ𝐴𝑠𝑡𝑑) 2.57 2.55 2.31 

𝐼𝑠𝑡𝑑 1.48 1.49 2.02 

Skewness of 

the patch 

𝐻(𝑁𝑝, Ρ𝐴𝑠𝑘𝑒) 19.25 19.24 18.99 

𝐻(Ρ𝐴𝑠𝑘𝑒) 18.41 18.40 17.82 

𝐻(𝑁𝑝|Ρ𝐴𝑠𝑘𝑒) 0.84 0.83 1.17 

𝐼𝑠𝑘𝑒 3.21 3.21 3.16 

Kurtosis 

deviation of 

the patch 

𝐻(𝑁𝑝, Ρ𝐴𝑡𝑢𝑟) 18.93 18.91 18.44 

𝐻(Ρ𝐴𝑡𝑢𝑟) 17.84 17.83 16.85 

𝐻(𝑁𝑝|Ρ𝐴𝑡𝑢𝑟) 1.09 1.08 1.60 

𝐼𝑡𝑢𝑟 2.96 2.96 2.73 
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Appendix 3 

Chapter 5.2 

• Rectangular area 

In this test, rather than incorporating additional information as random samples into the testing image 

patch, a rectangular area with a width of 20 and a length of 100 is added. This rectangular area has 

a mean RGB value of the painting patch, which is [21, 23, 16]. However, the reconstructed result, 

as depicted in Figure 1, did not recover any spectra within the painting shape. This test indicates 

that simply increasing the density of samples from the painting image does not influence the 

network's decision. 

 

 

Figure 1. Reconstruction results when additional information in the form of a rectangular with RGB values 
from the painting image is added. 
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• Lines  

In this test, instead of adding additional information as random samples to the testing image patch, 

lines with a width of 1 are used. These lines have the mean RGB value of the painting patch, which 

is [21, 23, 16]. However, the reconstructed result, as shown in Figure 2 & 3, did not recover any 

spectra within the painting shape. Interestingly, the network appears to treat horizontal and vertical 

lines differently, which may be related to the feature extraction filters learned by the network. 

However, it's worth noting that HSCNN+ does not rely on straight lines as additional information to 

reconstruct the spectrum into the painting shape. 

 

 

Figure 2. Reconstruction results when additional information in the form of horizontal lines with RGB values 

from the painting image is introduced. 
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Figure 3. Reconstruction results when additional information in the form of vertical lines with RGB values from 

the painting image is introduced. 

• Edge with RGB values purely from the grass  

In this specific test, additional information was added to the identified edge of the painting patch. 

However, the RGB value used was [21, 21, 16], which is exclusively found in grass images and not 

in the painting image. The reconstructed result is shown in Figure 4, and it reveals that no samples 

were recovered in the form of the painting. The added RGB value lacks representation within the 

painting dataset, which means incorporating a sample with this RGB value could increase the 

likelihood of HSCNN+ reconstructing the spectrum as a grass shape.  
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Figure 4. Reconstruction results when additional information in the form of edge with RGB values purely from 

the plant is introduced. 

• Edges detected in grass image.  

In this test, the additional information is added as samples at the detected edge of the grass instead 

of the painting. Figure 5 shows the detected edge, since this patch is from the grass dataset, it 

contains the texture information of the natural plant. The edges are detected with a Canny filter with 

the default threshold. The background of the patch is in [27 29 19]. The added samples are in [21 

23 16] which is the average RGB value of the image patch cropped from the painting patch. 



 
 

Appendix 

 
 

189 

 

Figure 5. the detected edge of the image patch from the manmade dataset. 

The reconstructed result is presented in Figure 6, where some of the recovered spectra appear with 

the shape of the painting, as indicated by the red spectrum in Figure 6 (b). The corresponding pixels 

exhibiting the painting shape are illustrated in Figure 6 (c). One possible explanation for this 

observation is that the texture of the painting and the grass are quite similar, given that they are both 

present in a plant scene. Consequently, the HSCNN+ is able to extract the similar spatial information 

from the edge feature.  

 

 
Figure 6. Reconstruction results when additional information in the form of edges detected in plant image. 
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The results of this experiment clearly demonstrate that in order to resolve metamerism, the HSCNN+ 

network requires spatial information such as texture as contextual information. However, it is 

currently unclear whether both colour and spatial information are necessary or if the network relies 

solely on texture information. Therefore, in the next section, we will investigate how the network 

responds when the colour information is removed. This will allow us to determine whether the 

network can still effectively resolve metamerism without the presence of colour information. 

• Edge with RGB values in grey 

In this test, the additional information is added as samples at the detected edge of the ‘painting’ 

patch. Unlike test 4, the RGB value of the edge pixels in this test is set to grey [21 21 21]. The 

objective is to eliminate colour information and evaluate whether the texture (edge) of the painting 

dataset alone is sufficient for HSCNN+ to identify the input as belonging to the painting category. 

 

 

Figure 7. Reconstruction results upon adding additional information in the form of edges with a grey RGB 

values. Few samples with edge feature have been recovered into the painting shape. 

In this case, the painting shape is only reconstructed for a few spectra, as shown in Figure 7. None 

of the samples on the edge have been recovered into the painting shape, indicating that the network 

needs specific RGB requirements to determine the shape of its output. When texture information is 

present in the scene, the network is more likely to identify the target pixels as belonging to the 
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painting rather than the plant because the RGB of the background can be found in both materials. 

Therefore, in this case, the HSCNN+ requires both spatial information and RGB values as context 

to resolve metamerism.  

• ‘X’ shape with RGB values from the 'Painting' image  

In the last test, the HSCNN+ appears to be sensitive to the diagonal edges, therefore, in this test, 

additional information is added as diagonal lines. In this test, the setting of the background and 

additional samples are same to the last test.  

Figure 10 shows the reconstruction result, there is no sample has been reconstructed into the shape 

of the ‘painting’. It seems the HSCNN+ have not interested in straight lines. The texture requires 

some curvature to be recognised as a ‘painting’. 

 

 

Figure 8. Reconstruction results when additional information in the form of a ‘x’ shape with RGB values from 

the painting image is added. 
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Appendix 4 

Chapter 5.3.1. Remove all information expect the neighbour pixels  

Figure 1 illustrates the RMSE as a function of the radius for HRNET. 

 

Figure 1. The mean RMSE as a function of the untouched neighbour size when all information has been 

removed except the neighbour area. HRNET are sensitive to close neighbour pixels. 

Figure 2-5 illustrates the SAM as a function of the radius for other networks. 

 

Figure 2. The SAM as a function of the untouched neighbour size when all information has been removed 
except the neighbour area of HDNET.  
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Figure 3. The SAM as a function of the untouched neighbour size when all information has been removed 
except the neighbour area of MST++. 

 

Figure 4. The SAM as a function of the untouched neighbour size when all information has been removed 
except the neighbour area of HINET. 
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Figure 5. The SAM as a function of the untouched neighbour size when all information has been removed 
except the neighbour area of EDSR. 

Chapter 5.3.2. Blurring the image outside the neighbour area 

Figure 6 illustrates the RMSE as a function of the radius for HRNET. 

 

Figure 6. The RMSE as a function of the untouched neighbour size when the rest of image is blurred. When 
the size of clear neighbour is larger than 30 pixels, HRNET have sufficient information for reconstruction. 
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Figure 7-10 illustrates the SAM as a function of the radius for other networks. 

 

Figure 7. Responses of networks that extract global information when the image is blurred. The 
reconstruction gets close to the best performance when almost all image is untouched. 

 

Figure 8. MST++ relies on global spatial information to achieve its best performance, but it also displays 
higher sensitivity to local spatial information.  



 
 
Appendix 

 
 

196 

 

Figure 9. HDNET relies on global spatial information to achieve its best performance, but it also displays 
higher sensitivity to local spatial information. 

 

Figure 10. The SAM as a function of the untouched neighbour size when the rest of image is blurred. When 
the size of clear neighbour is larger than 30 pixels, EDSR have sufficient information for reconstruction. 
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Chapter 5.3.3. Adding noise to the image except the neighbour area 

Figure 11-15 illustrates the SAM as a function of the radius for other networks. 

 

Figure 11. The SAM as a function of the untouched neighbour size when the rest of image is noised. HINET 
are more sensitive to local spatial information.  

 

Figure 12. The SAM as a function of the untouched neighbour size when the rest of image is noised. MST++ 
are more sensitive to local spatial information. 
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Figure 13. The SAM as a function of the untouched neighbour size when the rest of the image is noised. 
MIRNET uses global information to resolve metamerism but still exhibits sensitivity to local information. 

 

Figure 14. The SAM as a function of the untouched neighbour size when the rest of the image is noised. 
HDNET uses global information to resolve metamerism but still exhibits sensitivity to local information. 
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Figure 15. The SAM as a function of the untouched neighbour size when the rest of the image is noised. 
When the size of clear neighbour is larger than 30 pixels, HSCNN+ have sufficient information for 

reconstruction. 

Chapter 5.3.4. Attacks in the colour of the input image 

Figure 16-20 illustrates the SAM as a function of the radius for other networks. 
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Figure 16. The average SAM as a function of the untouched neighbour size when the rest of the image is 
attacked in YCbCr colour space. 

 

Figure 17. The average SAM as a function of the untouched neighbour size when the rest of the image is 
attacked in YCbCr colour space. 

 

Figure 18. The average SAM as a function of the untouched neighbour size when the rest of the image is 
attacked in YCbCr colour space. 
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Figure 19. The average SAM as a function of the untouched neighbour size when the rest of the image is 
attacked in YCbCr colour space. 

 

Figure 20. The average SAM as a function of the untouched neighbour size when the rest of the image is 
attacked in YCbCr colour space. 
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Appendix 5 

Chapter 5.4.1.  

Figure 1-4 demonstrate the reconstruction accuracy for other networks, after the neighbouring area 

is attacked by band-stop filters. 

 

(a) 

 

(b) 

Figure 1. The error distribution and 95% error when the image is attacked by band stop filter of EDSR. 
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(a) 

 

(b) 

Figure 2. The error distribution and 95% error when the image is attacked by band stop filter of HSCNN+. 
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(a) 

 

(b) 

Figure 3. The error distribution and 95% error when the image is attacked by band stop filter of MIRNET. 
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(a) 

 

(b) 

Figure 4. The error distribution and 95% error when the image is attacked by band stop filter of MST++. 
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Chapter 5.4.2.  

Figure 5-7 (a) and (b) illustrates the RMSE and SAM of the recovered samples from a metamerism 

set when local textural features are removed across different orientations.  

 

(a) 

 

(b) 

Figure 5. Reconstruction accuracy affected by removing local texture features in varying orientations but 

same scale. The EDSR are sensitive to local textural feature in different orientations, appearing with the 

change of reconstruction accuracy of each spectral sample. 
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(a) 

 

(b) 

Figure 6. Reconstruction accuracy affected by removing local texture features in varying orientations but 
same scale. The HRNET are sensitive to local textural feature in different orientations, appearing with the 

change of reconstruction accuracy of each spectral sample. 

 



 
 
Appendix 

 
 

208 

 

(a) 

 

(b) 

Figure 7. Reconstruction accuracy affected by removing local texture features in varying orientations but 
same scale. The HRNET are sensitive to local textural feature in different orientations, appearing with the 

change of reconstruction accuracy of each spectral sample. 
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Appendix 6 

Chapter 5.5.4.  

Figure 1 illustrates how networks appear to be sensitive to the global information within the input 

RGB image. 

 

 

 

 

 

 
(a) 
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(b) 
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(c) 
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(d) 
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(e) 

Figure 1. Gradient of input image that the listed networks are sensitive to global information. 
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Chapter 5.5.5. 

Figure 2 illustrates how networks appear to be sensitive to the local information within the input RGB 

image. 

 

 

 
(a) 

 

 

 
(b) 
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(c) 

Figure 2. Gradient of input image where networks are sensitive to local information. 
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Appendix 7 

Chapter 6.2.2.  

Figure 1 compares the reconstruction accuracy at three selected wavelengths corresponding to blue, 

green, and red wavelengths. 

 

 

(a) 

 

 

(b) 
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(c) 

 

 
(d) 

Figure 1. Reconstructed image from the left to right: without estimating the residual; estimating residual from 

RGB value; estimating residual from RGB value and single scale LBP context and estimating residual from 

RGB value and multi-scale LBP context. 


