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A B S T R A C T

As a dominant terrestrial ecosystem, forests play a pivotal role, which is substantially challenged by climate 
extremes. At the same time, the practice of patient science to investigate and understand different intricate 
climate-driven phenomena is no longer an option. On the other hand, recent technological advancements enable 
scientists to simultaneously collect and analyse a large volume of complex data. High-resolution tree stem radius 
measurements and predictive simulation through machine learning algorithms offer powerful opportunities for 
understanding these dynamics. However, when these machine learning methods are applied without careful 
consideration of data quality, model biases, and other critical factors, their potential is often compromised. In 
this study, we aimed to evaluate four Deep Learning algorithms (namely CNN, LSTM, Transformer, and ETS
Former), using automatically measured and high temporal resolution tree stem radius data. We explore the 
complexities of handling voluminous and authentic datasets required by these algorithms. Initial experiments 
show that it is possible to achieve an MAE as small as 0.0026 mm on the full data. Furthermore, our study delves 
into the temporal resolution of data, demonstrating the feasibility of using reduced datasets without compro
mising accuracy levels. Our best result showed that a reduction of 97 % in collection events increases the MAE by 
only 6 % with the LSTM model, demonstrating that resource use optimisation can be achieved by slightly 
reducing the temporal resolution of data collection with marginal error increase. This also shows that LSTM can 
effectively capture longer-term and complex dependencies, which indicates promising future work with addi
tional environmental data.

1. Introduction

Globally, forests are considered the dominant terrestrial ecosystem 
(Schmitt et al., 2009) and play an important role in regulating water, 
carbon, energy, and nutrient cycling while providing an important hub 
for biodiversity conservation (Bar-On et al., 2018; Cazzolla Gatti et al., 
2022; Keenan and Williams, 2018). These roles have been substantially 
challenged and complicated by frequent and intense global changes such 
as weather extremes, wildfires, and changes in societal demand (Bonan, 
2016). Therefore, forests have been receiving increased scientific 
attention to understand the complex ecological processes and their in
teractions that drive this system (Bennett et al., 2009). However, 
achieving such an understanding of a complex system in a precise 

manner requires both high-quality spatial-temporal data and adequate 
methods to analyse it and enable forestry stakeholders to respond 
accordingly to current and predicted scenarios. In particular, a variety of 
measurements and analyses are needed to enable a data-intensive 
enquiry into the potential of forests to act as a bio-based solution for 
global climate change (Seddon, 2022).

Recent rapid technological advancement has greatly improved the 
ability to capture data with high temporal and spatial resolution. The 
larger datasets captured with such new technology provide unique op
portunities to study complex forestry systems (Baldocchi et al., 2001; 
Bayne et al., 2017; Hock et al., 2016). For instance, automatically 
measured Stem Radius (SR) data can be considered real-time big data, 
and it is well established that it can be turned into environmentally 
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related biological information (Zweifel et al., 2016, 2020, 2021). 
Nevertheless, any automatically collected continuous big data comes 
with major challenges, namely: 1) cleaning the raw datasets to remove 
missing, corrupt, and ambiguous values; 2) processing and separating 
the data into meaningful scientific variations (Luković et al., 2022); and 
3) analysing it promptly to provide actionable feedback for stakeholders 
in a timely manner. Moreover, data of this nature demands significant 
financial and personnel resources for proper upkeep. These challenges 
intensify and have a greater impact over a longer time. Thus, it is crucial 
to select and implement a suitable method at the initial phase of 
experimental execution to ensure the optimal utilisation of such big 
data.

Along with the availability of big data, advancements in hardware 
and software technology have sparked a revolution in nearly all scien
tific fields, with the integration of artificial intelligence (AI) methods 
into all kinds of tasks (Jordan and Mitchell, 2015). Environmental 
research specific to forest science is no different and has embraced the 
latest Machine Learning (ML) and Deep Learning (DL) algorithms. 
However, despite the rising popularity, the use of ML algorithms in 
different domains is continuously going through the debate on its 
applicability toward distinct aspects and still requires the creation of a 
framework that enables sound evaluation of alternatives according to 
the problem at hand (Pichler and Hartig, 2023).

Traditional methods for time series (TS) forecasting, such as Autor
egressive Integrated Moving Average (ARIMA) (Dimri et al., 2020; Kaur 
et al., 2023), Seasonal ARIMA (SARIMA) (Dimri et al., 2020), and 
classical machine learning approaches like Support Vector Machines 
(SVM) and Random Forests (RF) (Camastra et al., 2022; Cervantes et al., 
2020; Jamali, 2019; Salekin et al., 2021), have been widely employed 
for forecasting environmental data. However, these methods present 
limitations in dealing with the complex and non-linear patterns 
(Hyndman and Athanasopoulos, 2021) typical of dendrometer data, 
which often exhibit seasonal and daily trends, as well as long-term 
dependencies.

While some of ARIMA’s seasonal variants are capable of capturing 
multiple seasonal patterns with additional support methods, they are 
time-consuming and may require extensive feature engineering to ach
ieve good results using the available tools (Hyndman and Athanaso
poulos, 2021; Zhang, 2003). In addition, these models rely on large 
amounts of data to correctly extract the seasonal patterns (Shumway 
et al., 2000), which is often rare in the case of natural resources man
agement and optimisation discipline. Moreover, ARIMA’s seasonal 
variations do not produce reliable outcomes when the data acquisition 
site differs; therefore, adjusting each location separately is time- 
consuming. Similarly, applying classical machine learning methods 
like SVMs and Random Forests to environmental data (Camastra et al., 
2022; Cervantes et al., 2020; da Rocha et al., 2024; Jamali, 2019; 
Jemeļjanova et al., 2024; Lin et al., 2023; Salekin et al., 2021; Tang and 
Li, 2023) requires substantial feature engineering and human inter
vention, leading to a large amount of computational time to find a good 
solution. Yet, these models often fail to capture the temporal de
pendencies of the TS data effectively.

As an alternative, Convolutional Neural Networks (CNNs) offer a 
powerful technique to extract higher-level features from TS data 
through convolutions. Moreover, they are particularly useful in 
capturing local patterns such as short-term dependencies and abrupt 
changes (Borovykh et al., 2018). However, convolutions may not be as 
effective in capturing long-term dependencies compared to more 
advanced models (Bai et al., 2018).

While CNN has shown good performance in many problems 
featuring spatial and/or temporal data, more advanced models have 
been adopted as the solution for such problems. For instance, the Long 
Short-Term Memory (LSTM) architecture (Hochreiter and Schmidhuber, 
1997) can model longer-term dependencies that might be missed by 
CNNs due to the architecture design to model sequential and temporal 
relationships. Specifically, LSTMs preserve information over long 

sequences using the cell state. More recently, the Transformers archi
tecture (Vaswani et al., 2017) has benefitted from an even bigger 
“memory” in the form of the attention mechanism, which finds re
lationships based on relevance by computing dependencies between all 
input elements. This approach avoids the sequential bottleneck of earlier 
architectures.

Many applications in Natural Language Processing and Computer 
Vision have benefitted substantially from these techniques. Regarding 
TS, the Exponential Smoothing Transformers for Time-series Forecasting 
(ETSFormer) (Woo et al., 2022) have emerged as a noteworthy exemplar 
of Transformer specialisation by adeptly combining established statis
tical methodologies with the Transformer architecture. The results 
presented in the work introducing ETSFormer showcase better fore
casting capabilities on diverse domains such as electricity, exchange 
market, road traffic, weather, and illnesses. All four architectures, CNNs, 
LSTMs, Transformers, and ETSFormers, are DL approaches that can fill 
the gaps from the classic auto-regressive and ML models. For instance, 
once trained, these models may be able to better generalize at different 
locations, and forecasting could be faster than auto-regressive methods. 
Moreover, CNNs, LSTMs, and Transformers are widely used and present 
good performance in other TS forecasting problems (Bai et al., 2018; 
Borovykh et al., 2018; Che et al., 2018; Gopali et al., 2021; Hewamalage 
et al., 2021; Jemeļjanova et al., 2024; Khosravi et al., 2025; Pedro et al., 
2021; Pölz et al., 2024). At the same time, ETSFormer is a promising 
alternative since it combines Exponential Smoothing methods with the 
Transformer architecture, making it particularly suitable to model both 
seasonal and trend components in TS data (Woo et al., 2022).

The main aim of this study is to investigate the application and 
performance of the four DL algorithms mentioned above for forecasting 
SR. To the best of our knowledge, this is the first study to analyse the 
transferability of DL models for SR forecasting into slightly different 
locations through an exploratory experiment without having access to 
topographic and climate data. Moreover, this study pioneers the analysis 
of the impact of different temporal resolutions on the forecasting per
formance of SR using these DL models.

Understanding the influence of temporal resolution is crucial for 
optimising monitoring strategies, as it allows forest managers and re
searchers to determine the most appropriate data collection intervals 
that balance accuracy with cost efficiency. By identifying the optimal 
temporal resolution, current and future infrastructures for monitoring 
plantation forests can be designed to operate more effectively, reducing 
unnecessary data collection and associated expenses while maintaining 
high forecasting precision. Moreover, while capturing the intra-diurnal 
behaviour of trees provides valuable insights into short-term physio
logical responses, understanding long-term dependencies is more crit
ical in the context of plantation forestry, where the period from planting 
to harvesting can extend over several decades.

Our approach allows for a comprehensive analysis of how different 
DL models handle both short-term variations and long-term trends, 
shedding light on their respective strengths and limitations. This con
tributes to a deeper understanding of model performance under varying 
conditions and offers guidance for future research on model configura
tion, parameter selection, and the broader implications of these choices 
for forest management and monitoring practices.

2. Materials and methods

2.1. Experimental site description, establishment and data acquisition

The plantation forest catchment used in this study is shown in Fig. 1, 
it spans over 38 ha converted from pasture to forest. The catchment is on 
its second forest rotation of Pinus radiata (D. Don), with approximately 
88 % of the total planted in 1999 and the remaining 12 % planted in 
2006. The area experiences an annual precipitation of 800 mm and an 
annual mean daily temperature of 12.2 ◦C. Geologically, the catchment 
sits on greywacke-cast conglomerate terrain, with elevations ranging 
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from 170 to 300 m above sea level.
Site-specific digital elevation model surface of 1 m resolution was 

sourced from the forest company. A total of 25 plots were established 
measuring 20 m × 20 m across the catchment by following the meth
odology presented in (Salekin et al., 2021). In broad terms, the authors 
created three hundred random points using DEM surface. These points 
were strategically spaced at least 20 m apart and excluded any point 
within a 15 m radius of the catchment boundary or anthropogenic 
structures like forest roads. Topographic metrics are then derived from 
the DEM at each point, and a cluster analysis is conducted to group the 
random points. Ultimately, 25 distinct groups of points are identified to 
determine plot locations, based on the assumption that each catchment 
inherently comprises 25 characteristic locations.

At each one of the twenty-five experimental plots, four trees with 
long slender bole and healthy canopies were equipped with point den
drometers, each comprising a potentiometer with a retractable plunger. 
A button situated at the plunger’s end evenly distributes pressure to 
minimise damage to the tree stem, thus preventing any potential wound 

response. Potentiometers function by measuring resistance (in micro
volts, μV); a fully extended plunger results in maximum resistance, while 
a fully retracted plunger exhibits no resistance. As the tree stem un
dergoes growth and contraction, these movements alter the plunger’s 
position on the potentiometer, subsequently modifying the voltage 
output. These voltage fluctuations are then converted into micrometres 
(μm) of movement. Moreover, the potentiometer is connected to a chip 
that stores manually uploaded calibration data necessary for converting 
μV to μm. Each sensor records readings of stem radius fluctuations (SR) 
at 5-min intervals, with the readings from the time series used in this 
work representing the cumulative SR expansion in millimetres (mm) 
since the installation of the sensor. While the dendrometers’ installation 
data may differ slightly, the earliest data used in this study was collected 
on the 16th of August 2021, and the latest data used is from the 20th of 
July 2022.

The dendrometers transmit their data wirelessly to a dedicated 
processing and storage datalogger node (FlowLab, Infact, Christchurch, 
New Zealand). Each plot is equipped with a single node, responsible for 

Fig. 1. Study site and plots (train and testing) locations (Salekin et al., 2021).
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relaying data to a gateway node connected to both the cellular network 
and the internet. At the site, only one gateway node exists, tasked with 
forwarding data to an Internet of Things (IoT) Platform, which subse
quently distributes the data to traditional database systems through 
Apache Kafka. Data is published into the Kafka topics once daily, with 
each sensor type (e.g., dendrometer).

2.2. Data mesh and apache Kafka

The Data Mesh presents an innovative approach to organising data 
across distributed systems, aiming to improve data management by 
breaking down the data space into domains (Zhamak Dehghani, 2022). 
Each domain is responsible for managing data related to specific tasks, 
promoting more agile development through the data-as-a-product 
paradigm, which encourages the sharing of pre-processed data among 
domains. The system used in the experiments was built on top of Apache 
Kafka, a streaming platform widely used in industry and academia. 
Apache Kafka serves as an open-source distributed event streaming 
platform designed for efficiently handling data pipelines, streaming 
analytics, data integration, and essential applications (Apache Kafka, 
2023). It operates through multiple servers known as brokers, which 

manage the storage and transmission of data by partitioning it into 
topics. These topics contain messages produced by data sources, which 
are distributed to subscribed users. This setup allows high-speed and 
low-delay data processing, making it ideal for real-time applications. 
Notably, Kafka ensures data integrity by safely storing data across 
distributed systems, making it a suitable choice for various data science 
applications.

Fig. 2 depicts the workflow of the Kafka system utilised in the 
application discussed in this paper. The cylinders indicate topic names, 
which serve as Kafka abstraction to categorise stored data into distinct 
“buckets.” Ellipses symbolise the numerous sensors deployed in the field 
to collect data. Round rectangles denote special nodes responsible for 
transmitting data from the sensors to the backbone. The large rectangle 
representing the Kafka system outlines the extent of the data it manages. 
Diamonds represent various processes running within the system, with 
directed connections indicating the flow of data as input and output for 
each process.

2.3. Data pre-processing

This study uses the dendrometer readings in the form of a univariate 

Fig. 2. Data workflow for the system.
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time series where each dendrometer corresponds to an independent time 
series. Formally, a univariate time series consists of a single variable 
observation at each time (Hyndman and Athanasopoulos, 2021).

The basic pre-processing method for general DL methods uses the 
sliding window notion, where multiple time steps are grouped to form 
an input vector and an output is added to this vector. This input vector 
formed from multiple time steps is also called a lookback (LB) sequence, 
and this will be the adopted name throughout this manuscript. Although 
some models can handle missing values and there are methods specif
ically designed to cope with this challenge, it is recommended to avoid 
missing values and large gaps when utilising these models(Che et al., 
2018; García-Laencina et al., 2010). In this context, ensuring that each 
sensor is pre-processed in a way to avoid such issues is crucial as they 
can hinder the model’s performance.

In summary, input data consists of a sequence of data points within a 
set time threshold, while the output data, also called ground truth (gt), 
consists of the data point 24 h in the future. Next, the steps to reach this 
data format are described in detail.

2.3.1. Data curation
The first process applied to the data is the dendrometer readings 

sanitisation, which includes tasks such as removing outliers from the 
time series and adjusting the values to account for sensor limitations. In 
essence, the dendrometers’ potentiometer has a limit to how much it can 
contract, and once the limit is reached, the readings will not reflect the 
real state of the tree. To avoid this, the sensors are reset when close to 
this limit to allow continuation of the monitoring. However, this process 
causes the time series to use smaller values, which need to be adjusted by 
adding the value before the reset to all readings starting from that point 
to reflect the cumulative SR expansion. This stage is agnostic of the ML 
algorithm used later to build the model, as its goal is primarily to make 
the data biologically consistent.

2.3.2. Building time series data
Deploying large monitoring infrastructures in places that are not 

easily accessible may raise challenges, such as gaps in the data due to 
sensor and communication failures. To address this, data must go 
through an interpolation process to fill in any missing values before 
creating the required input-output pairs. Filling data gaps poses a sig
nificant challenge, with various approaches discussed in the literature, 
as reviewed by Lepot et al. (2017).

While it is possible to address missing data in dendrometers by 
interpolating the full sensor time series at the 5-min resolution (i.e., a 
time series with 288 data points per day), it appears more appropriate to 
interpolate at the level of individual timestamps (i.e., creating 288 daily 
time series from the same dendrometer at different times of the day). 
This approach is particularly effective when dealing with dendrometer 
data due to trees’ sinusoidal growth pattern following the day-night 
cycle. Consequently, each dendrometer time series is divided into 288 
distinct time series, each representing readings collected at specific 
timestamps of the day (e.g., 01:00 pm and 01:05 pm). This approach 
serves two purposes: (i) it facilitates easier interpolation of a time series 
by simplifying the overall sinusoidal trend from the dendrometer into a 
linear trend; and (ii) it minimises data gaps, as a full day of missing data 
(288 consecutive records) becomes a single missing record in each of the 
288 daily time series. After interpolating the gaps, all the 288 time series 
are merged and ordered by timestamp to form a contiguous sequence for 
each sensor, as shown in Fig. 3 where the original and the interpolated 
time series can be seen. The time series pre-processing removes the 
outliers and interpolates the gaps.

Subsequently, each time series undergoes pre-processing to create 
the lookback sequences based on the chosen lookback period, which is 
facilitated by the DL libraries, and the intended output (i.e., data point 
24 h in the future) is also added to the vector. The challenge at this stage 
stems from the experimental design, where data from multiple time 
series are utilised to build the training dataset. Therefore, it is essential 

to individually create the lookback sequences for each time series before 
merging them into one comprehensive training dataset.

The average length of each one of the 100 interpolated time series is 
78,860.39, with a standard deviation of 12,933.94. Also, there are 7.8 M 
data points across all the time series.

2.4. Algorithms

Neural networks (NN), the most prominent class of models for DL, 
have been widely applied in for modelling and predicting complex 
system dynamics, pattern recognition, insight extraction, and making 
precise predictions from large datasets (Lindemann et al., 2021).

While NNs are known for their high computational demands, 
requiring significant resources and lengthy training processes, recent 
advancements in hardware, especially the development of high- 
performance Graphical Processing Units (GPUs), have considerably 
reduced processing times. This development, along with the availability 
of large datasets, has profoundly impacted the fields of AI and ML. A 
large number of different NN architectures can be found in the litera
ture, each employing unique techniques to capture specific behaviours. 
In this paper, we focus on three such architectures, which will be 
described subsequently.

2.4.1. Convolutional neural network
CNNs are widely employed in time series forecasting problems (Bai 

et al., 2018; Borovykh et al., 2018; Hyndman and Athanasopoulos, 
2021) due to their relatively low computational demands and good 
performance. Fig. 4 presents a sample diagram of a CNN with a single 
Convolutional layer, a MaxPooling layer (in red), a Flatten layer fol
lowed by two Dense layers to form the single point output. The idea in 
this architecture is that the Convolutional layers will extract features.

2.4.2. Long short-term memory
The Long Short-Term Memory (LSTM) network, a variant of Recur

rent Neural Networks (RNNs), was developed to address the limitations 
of traditional RNNs, particularly in handling long-term dependencies. 
Initially proposed by Hochreiter and Schmidhuber (1997), this archi
tecture incorporates a forget gate mechanism to discard unnecessary 
information, aiding in the neural network’s convergence and learning 
process. LSTMs have risen to prominence because of their impressive 
performance when capturing and analysing temporal dependencies in 
sequential tasks, including time series forecasting and language 
modelling. This is primarily due to their design being focused on 
enabling them to deal with long-range dependencies and preserving 
information over lengthy intervals. This makes them particularly 

Fig. 3. The original and the interpolated time series for a sensor (01A17T013).

G. Cassales et al.                                                                                                                                                                                                                                Ecological Informatics 86 (2025) 103014 

5 



promising candidates for modelling the intricate and nonlinear temporal 
patterns found in forestry data, such as tree growth patterns and forest 
ecosystem dynamics.

Fig. 5 shows the LSTM cell architecture. In addition, LSTM’s 

mathematical formulations are presented in Eqs. (1) to (5) using an 
arbitrary activation function denoted by σ. The subscripts represented 
by t, f , i, o, and c represent the timestamp, forget gate, input gate, output 
gate, and cell state, respectively. The symbols W,U and b represent 
weight vectors. 

ft = σg
(
Wfxt +Uf ht− 1 + bf

)
(1) 

it = σg(Wixt +Uiht− 1 + bi) (2) 

ot = σg(Woxt +Uoht− 1 + bo) (3) 

c̃t = σc(Wcxt +Ucht− 1 + bc) (4) 

ht = ot ⊙ σh(ct) (5) 

The Forget gate employs Eq. (1) to decide what information needs to 
be removed from the cell state using the previous timestamp hidden 
state (ht− 1, represented by block A on the left) and the current input 
through the σ activation function. The Input gate employs Eq. (2) and 
uses current input and the previous timestamp hidden state (ht− 1) to 
update the cell state. Eq. (3) represents the output gate, used to provide 
the hidden state for the next timestamp (ht+1, represented by block A on 
the right). The Candidate Cell State Eq. (4) calculates a candidate value 
for the Cell State at timestamp t. Lastly, Eq. (5) shows the final output 
formula (ht), used to calculate the output of the current unit that should 
be used as both the prediction and the input of the hidden state at the 
next timestamp (ht+1).

2.4.3. Transformer
The Transformer is an NN architecture that has revolutionised nat

ural language processing and other sequence-to-sequence tasks with its 
attention mechanism. By encoding temporal information, the Trans
former’s attention network enables it to selectively focus on relation
ships within the data, effectively capturing long-range dependencies. 
Introduced by (Vaswani et al., 2017), the Transformer architecture 
employs a self-attention mechanism that can simultaneously attend to 
different positions in the input sequence, thereby effectively weighing 
the importance of different elements for predictions. Due to their com
plex structure, Transformers are typically trained using learning rate 
schedulers with a warmup phase, where the learning rate increases each 
epoch, followed by a decay phase, where the learning rate starts to decay 
after reaching a peak. This approach accelerates the initial training 

Fig. 4. A diagram representing a CNN architecture drawn using PlotNeuralNeta 

tool. 
ahttps://github.com/HarisIqbal88/PlotNeuralNet.

Fig. 5. A diagram of the LSTM cell architecture adapted from (Steve Jerome Lawrence, 2023).
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phase to quickly find a promising region, then slows down to fine-tune 
the solution within that region. Fig. 6 shows the Transformer’s general 
architecture.

2.4.4. ETSformer
ETSformer: Exponential Smoothing Transformers for Time Series 

Forecasting (ETSformer) is a specialised adaptation of the transformer 
architecture tailored for time series forecasting. The unique feature of 
ETSformer lies in its utilisation of the exponential smoothing principle. 
By incorporating novel exponential smoothing attention (ESA) and fre
quency attention (FA) mechanisms, ETSformer replaces the traditional 
self-attention mechanism in standard Transformers, resulting in 
improved accuracy and efficiency in time series forecasting by 
furnishing them with an enhanced capability to leverage the periodic 
and seasonal patterns often found in time series data (Woo et al., 2022).

3. Experimental set up

All experiments were performed using an NVIDIA GeForce GTX 
1080Ti with 11GB, allocated to a node with an i7-6700K CPU at 
4.00GHz and 62GB RAM. The results present the Mean Average Error 
(MAE) and the Mean Squared Error (MSE), along with statistical mea
sures of the results aggregation. The MAE measure indicates the average 
prediction error in absolute terms (real value), while MSE represents the 
average squared error (Hodson, 2022).

3.1. Experiment 1 - evaluation of the four methods with 5-min resolution

In the first experiment, three DL methods were evaluated in the task 
of forecasting dendrometer-measured SRs for individual sensors 24 h 

ahead under different parameter configurations. The 25 plots were split 
into two groups. Group 1 comprised sensors from plots 1 through 13 and 
was used for training the models, while Group 2 comprised sensors from 
plots 14 through 25 and was used for testing. This arguably small 
training split was chosen for a few reasons, such as to assess the 
generalisation capacity of the trained models, the risk of overfitting, and 
data availability. Generalisation capability is important because one of 
the aims of this study is to understand how well a model can forecast 
data from plots with different topographic characteristics while not 
having access to such information. The preliminary results using the 
“simple” CNN baseline indicate the risk of overfitting because the model 
achieves a stable loss in a few epochs and does not improve after this as 
seen in Fig. 7. Moreover, this behaviour happens in most methods, 
indicating the risk of undertraining is small. Finally, even with only 52 
sensors, the data has 3.4 M samples available with a 5-min resolution. 
The utilised models are described below.

Two CNN architectures were included in this study, their layer 
composition is described in Tables 1 and 2. Architecture SingleConvL (a 
single pair of convolutional 1D and MaxPooling 1D) has 15,201 total 
parameters, while Architecture DoubleConvL (two pairs of convolu
tional 1D and MaxPooling 1D) has 8049 total parameters. Both archi
tectures were trained with a combination of the parameters: a) Lookback 
hours – 10, 24, and 48 h; b) Learning Rate – 0.001 and 0.0001; and c) 
Configuration – SingleConvL and DoubleConvL (output shapes differ 
based on lookback).

In the LSTM models, we varied the parameters units, lookback hours 
(LB), and learning rate (LR) according to Table 3. Every LSTM model 
consists of a single layer. The units parameter specifies how many LSTM 
cells the model has in parallel, determining the complexity of relation
ships that can be learned. The LB parameter indicates how much recent 
history information the model is using to output a prediction in the 
future. Longer lookback sequences provide more information to the 
model in the form of an increased receptive field. The receptive field 
refers to the specific region of the input data that a particular neuron in 
the network can “see” or respond to. Finally, the learning rate de
termines the step size during the optimisation process, with each step 
aimed at bringing the model closer to a local minimum in parameter 
space.

In the Transformer models, we varied the parameters feedforward 
dimensions (ff_dim), LB, and LR according to Table 4. The ff_dim 
parameter serves the role of enhancing the model’s capacity to capture 
complex patterns and dependencies in the data; however, increasing it 
too much may reduce the generalisation ability of the model and in
crease computational resource usage (i.e., memory and time) as it will 
have more filters to compute and keep in memory. As stated in Sub
section Transformers, LR schedulers are commonly applied during 
training. We evaluate two schedules, which we call ‘Small’ and ‘Large,’ 
respectively. These schedulers have the warm-up phase with a linear 
increase from the initial LR to the maximum LR, followed by a cosine 
decay from the maximum LR to the final LR. The Large scheduler 
configuration corresponds to an initial LR of 10–6, a maximum LR of 
10–4, and a final LR of 10–5, while the Small configuration corresponds 
to an initial LR of 10− 7, a maximum LR of 10− 5, and a final LR of 10− 6.

Since ETSFormer builds on the standard Transformer, the results 
obtained using the above configurations for the Transformer were uti
lised to reduce the number of configurations tested for ETSFormer. We 
copy the best-performing Transformer configuration and vary only the 
LR, as shown in Table 5.

3.2. Experiment 2 - temporal resolution analysis

In the second experiment, the configurations with the most prom
ising results from Experiment 1 were used to assess the impact of 
reducing the temporal resolution (i.e., increasing the collection interval) 
of the sensors. The dendrometers in the infrastructure collect and 
transmit readings to a station in 5-min intervals, which can raise several 

Fig. 6. A diagram of the vanilla Transformer architecture (Zhumagambetov 
et al., 2021).
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issues such as faster battery drainage, replicated data, and a lack of 
failure tolerance in case of communication failures. If the same forecast 
quality could be obtained using smaller temporal resolution, den
drometer batteries would last longer, manual intervention frequency 

would be reduced, there would be less replicated data, and data would 
be less likely to be discarded in the event of communication failures. In 
summary, costs would be reduced. Thus, data was processed to represent 
intervals of 30 min, 60 min, 3 h, 6 h, and 12 h. Training and testing were 
performed in the same conditions as experiment 1.

4. Results

4.1. Experiment 1 - comparison of three methods

Each model configuration is evaluated by forecasting 48 individual 
time series. Results for CNN, LSTM, Transformers, and ETSFormer are 
presented in Tables 6, 7, 8, and 9, respectively. The tables display the 
mean and standard deviation for the MAE and MSE metrics extracted 
from the 48 test time series. Additionally, we show the top 5 results and 
the worst performing configuration for CNN, LSTM and Transformer, 
while both results for ETSFormer.

In addition, scatter plots for the best version of the models can be 

Fig. 7. Training and Validation MSE over epochs for the SingleConvL CNN model with a 10-h lookback.

Table 1 
Sample CNN architecture SingleConvL for 10-h lookback.

Layer (type) Output Shape Param #

Convolutional 1D (None, 118, 16) 64
Max Pooling 1D (None, 59, 16) 0
Flatten (None, 944) 0
Dense (None, 16) 15,120
Dense (None, 1) 17

Table 2 
Sample CNN architecture DoubleConvL for 10-h lookback.

Layer (type) Output Shape Param #

Convolutional 1D (None, 118, 16) 64
Max Pooling 1D (None, 59, 16) 0
Convolutional 1D (None, 57, 16) 784
Max Pooling 1D (None, 28, 16) 0
Flatten (None, 448) 0
Dense (None, 16) 7,184
Dense (None, 1) 17

Table 3 
LSTM configurations.

Configuration Units LB LR

LSTM 1 25 10 0.01
LSTM 2 25 10 0.001
LSTM 3 25 24 0.01
LSTM 4 25 24 0.001
LSTM 5 50 10 0.01
LSTM 6 50 10 0.001
LSTM 7 50 24 0.01
LSTM 8 50 24 0.001
LSTM 9 100 10 0.01
LSTM 10 100 10 0.001
LSTM 11 100 24 0.01
LSTM 12 100 24 0.001

Table 4 
Transformer configurations.

Configuration ff_dim Lookback hours LR scheduler

Transformer 1 8 10 Large
Transformer 2 8 10 Small
Transformer 3 8 24 Large
Transformer 4 8 24 Small
Transformer 5 16 10 Large
Transformer 6 16 10 Small
Transformer 7 16 24 Large
Transformer 8 16 24 Small
Transformer 9 32 10 Large
Transformer 10 32 10 Small
Transformer 11 32 24 Large
Transformer 12 32 24 Small

Table 5 
ETSFormer configurations.

Configuration Ff_dim Lookback hours LR scheduler

ETSFormer 1 8 10 Large
ETSFormer 2 8 10 Small
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seen in Fig. 8, where the points are represented in blue, with a red line 
fitting all validation set points.

A general trend is observed in the four methods, indicating that a 
lookback sequence of 10 h is sufficient when using the 5-min temporal 
resolution. This behaviour correlates with the sinusoidal nature of 
dendrometer SR. With a 10-h lookback, the model has enough data to 

estimate the trend in the sequence and accurately forecast the target 
value. Conversely, using a 24-h lookback adds more input information 
(i.e., parameters) to the model in the form of a longer sequence. Based on 
the results, a longer LB requires a smaller LR to successfully model the 
behaviour, which leads to a slower conversion (requiring more epochs). 
Additionally, all methods with variation in the LB present the best result 
with a 10-h LB.

In CNNs, it is possible to see a sharp drop in performance from the 
best to the fourth-best model, in which the difference is only the ar
chitecture. This indicates that the Double Convolution layer architecture 
can better model the time series with higher-level features.

In addition, while the worst-performing model is not the one with 48- 
h LB, the best-performing 48-h LB model presents a big increase in error 
compared to the best-performing models for 10 and 24 LB. The bad 
overall performance of 48-h LB models coupled with the larger number 
of parameters (in CNNs the number of parameters varies according to 
the LB sequence), indicate that the increased LB may be causing the 
model to overfit training data.

For LSTM models, the differences across all the models are much 
smaller, suggesting that the architecture is successful in modelling both 
the daily trend and the seasonal trend successfully independently of the 
parameter configuration. There is no clear pattern except that when 
using more units, a smaller LR is required to avoid convergence prob
lems due to the increased number of parameters.

The presented Transformer results suggest either a small or a large 
ff_dim parameter, instead of the middle ground 16, yields better fore
casts. Specifically, the Transformer model with 10− 6 initial LR, a 10-h 
LB, and a ff_dim of 8 exhibits the best overall performance, followed 
closely by the model with Large LR, 10-h LB and 32 ff_dim. After these 
two models, there is a sharp drop in performance. We hypothesise that 
reducing the number of intermediate parameters from 16 to 8 di
minishes the risk of overfitting spurious relationships in the training 
data, and increasing it to 32 may create enough depth in the model to be 
able to capture general patterns instead of overfitting to the training 
data. Additionally, the smaller LR seems to work better with the longer 
LB, confirming the previous model’s results.

In the case of ETSFormer, the configuration with the Large LR 

Table 6 
The top 5 and the worst CNNs according to MAE for a 5-min temporal resolution.

Architecture LR LB MAEmean MAEstd MSEmean MSEstd

DoubleConvL 0.001 10 0.027743 0.006653 0.000089 0.000043
DoubleConvL 0.0001 24 0.029133 0.006024 0.000096 0.000042
SingleConvL 0.001 24 0.031778 0.004375 0.000107 0.000037
SingleConvL 0.001 10 0.034277 0.005224 0.000123 0.000043
SingleConvL 0.0001 48 0.034471 0.014244 0.000139 0.000109
SingleConvL 0.0001 24 0.036289 0.013808 0.000150 0.000106

Table 7 
The top 5 and the worst LSTMs according to MAE for a 5-min temporal 
resolution.

Units LR LB MAEmean MAEstd MSEmean MSEstd

100 0.001 10 0.02663 0.00555 0.000081 0.000038
25 0.001 24 0.02666 0.00620 0.000083 0.000042
25 0.01 10 0.02678 0.00525 0.000081 0.000037
25 0.001 10 0.02700 0.00545 0.000083 0.000038
100 0.001 24 0.02709 0.00588 0.000084 0.000040
100 0.01 24 0.02925 0.00694 0.000095 0.000044

Table 8 
The top 5 and the worst Transformers according to MAE for a 5-min temporal 
resolution.

FF_Dim LR LB MAEmean MAEstd MSEmean MSEstd

8 Large 10 0.033187 0.021621 0.000159 0.000321
32 Large 10 0.034859 0.023479 0.000176 0.000344
16 Small 24 0.046663 0.035619 0.000327 0.000689
8 Small 24 0.046789 0.034887 0.000319 0.000638
16 Large 10 0.047282 0.033305 0.000305 0.000565
8 Large 24 0.065495 0.049804 0.000612 0.001295

Table 9 
The results for ETSFormers according to MAE for a 5-min temporal resolution.

LR LB MAEmean MAEstd MSEmean MSEstd

Large 10 0.02606 0.005627 0.001262 0.000404
Small 10 0.06224 0.016772 0.004965 0.002069

Fig. 8. Scatter plot and linear fit for the best version of each algorithm using all validation points.
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yielded the best results. The optimal ETSFormer model follows the same 
trend showed with Transformers where the Large LR schedule presents 
superior MAE performance with a 10-h LB. The performance achieved 
by such a model improves the Transformer performance by incorpo
rating the classical statistical methods, which facilitate time series 
decomposition and enhance the model.

In general, ETSFormer achieved the best MAE results (0.02606), 
followed by LSTM (0.02663), CNNs (0.02774), and Transformers 
(0.03318) with a 5-min temporal resolution. These results suggest that 
the Transformer model struggles to capture the temporal relationship 
using only dendrometer readings without time encodings, which is the 
extraction of each component (e.g., month, day, and hour) from the 
timestamp string. Moreover, the CNNs present a remarkably good per
formance, almost on par with LSTM and ETSFormer, indicating the 
convolutional layers can successfully extract features that are descrip
tive from the time series. Additionally, despite being the most accurate 
model, ETSFormer was not the most consistent, as it exhibited a higher 
standard deviation than LSTM. Lastly, Fig. 9 shows a sample den
drometer time series with the forecasted time series of the best config
uration of each model.

4.2. Experiment 2 - temporal resolution analysis

In this experiment, the results from all test time series (48) were 
grouped according to the temporal resolution and model. Only the 
models with the best MAE in the previous experiment (5-min resolution) 
are presented. The aggregated MAE for each temporal resolution is 
presented in Table 10 where all models are shown together for easier 
comparison. Additionally, we include the violin plot showing the error 
dispersion for the best version of all four models at the temporal reso
lutions of 5, 30, and 60 min in Fig. 10. Violin plots use the Absolute error 
of each prediction to calculate a few statistics, the red rectangle in
dicates the quartiles, the black line indicates the mean, the long blue 
lines indicate the minimum and maximum values, and the shade in
dicates the frequency that a prediction had that error. The larger the 
shade the more common that value was among all the predictions. The 
X-axis ticks are named after the combination of the model and the time 
resolution. Moreover, the plots use a symlog where the information up to 

0.05 uses a linear scale and above that value it uses a log scale.
Due to the experimental design using time-defined lookback se

quences (10 h and 24 h), we adjust the input sequence of the coarse 
resolutions according to time instead of using the same number of time 
steps for all temporal resolutions. Precisely, a 10-h lookback has 120 
data points using a 5-min resolution, while the same 10-h lookback has 
10 data points using a 60-min resolution. As a result, the input sequence 
of the coarser resolutions (i.e., 360 min and 720 min) contains fewer 
than 5 items. Unfortunately, both CNN and ETSFormer architectures 
require more than five data points to work due to their convolution and 
pooling layers, which causes execution errors with coarse resolutions.

While the 5-min resolution experiments show that CNNs can deliver 
a similar performance to the other models, the reduced temporal reso
lution experiments show the shortcomings of the CNN models when 
dealing with scarce data. While the more complex models suffer a 
decrease in performance, the speed of deterioration is much faster for 
CNNs. This could be attributed to how CNNs handle temporal patterns 
compared to the more robust LSTMs.

CNNs depend on local patterns and are primarily designed to capture 
local dependencies within a small window of data using convolutions 
(Borovykh et al., 2018). Reducing the data frequency effectively reduces 
the receptive field of CNNs, which makes CNNs struggle because they no 
longer have enough local patterns to extract meaningful features (Bai 
et al., 2018; van den Oord et al., 2013). On the other hand, LSTMs use 
their internal memory state to capture long-term dependencies, making 
them more robust to reductions in temporal resolution (Hochreiter and 
Schmidhuber, 1997).

Considering the increase in error from the 5-min resolution, the only 
viable resolution alternatives for LSTMs are 30-min and 180-min in
tervals. The LSTM model shows practically no deterioration in forecast 
quality when comparing the 5-min and 30-min resolutions and exhibits 
only a slight increase in error at the 180-min resolution.

For the Transformer model, only the 360-min resolution yields an 
MAE (0.0366) close to that of the 5-min resolution (0.0332). Having a 
good MAE with a coarser resolution suggests that the model is over
fitting when using the 5-min resolution, which could also explain the 
large standard deviation (0.0216) by having large errors in samples 
where the time series behaviour deviates from the ones seen in the 

Fig. 9. A dendrometer time series and the forecasted time series from each model.
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training set.
The ETSFormer model achieves excellent performance at the 60-min 

resolution (0.0266), exhibiting an MAE on par with the 5-min resolution 
LSTM and better than the 5-min resolution Transformer (0.0332) and 
CNN (0.0277). This performance advantage arises from employing 
classic statistical methods to enhance the NN’s forecasting ability, 
enabling it to accurately model the dendrometer behaviour. It is note
worthy that the performance significantly deteriorates at 30-min and 3- 
h resolutions. One hypothesis for this performance discrepancy is related 
to the sinusoidal behaviour of trees and their seasonal variation, which 
may require different lookback sequences to accurately model the data 
under various temporal resolutions. This optimisation is not in the scope 
of this work. Another reason could be the reduction in the ratio of 
interpolated data compared to the total data available, which, despite 
our best efforts, could still be the cause for outliers and misrepresented 
behaviours.

5. Discussion

In general, the results of this study confirm that more complex 
models (i.e., models with more parameters) can capture intricate and 
long-term relationships better. To the best of our knowledge, our study 
one of the first to use the Transformer and ETSFormer models to forecast 
environmental data. Indeed, similar studies conducted in this field use 
classic models such as SVM and Random Forests, with a few of them 
touching simple Multilayer Perceptron (MLP) and LSTMs (Camastra 
et al., 2022; Cervantes et al., 2020; da Rocha et al., 2024; Jamali, 2019; 
Jemeļjanova et al., 2024; Khosravi et al., 2025; Tang and Li, 2023). In 
this sense, besides pioneering the use of more advanced models, we also 
pioneered the study of temporal resolution in the problem of forecasting 
complex environmental data.

A key result from our experiments shows that while the more com
plex models can capture the intricate relationships, they require a 
smaller LR. The smaller LR is required because the model has more 

parameters to optimise. This phenomenon is well-documented, as 
highlighted by Bengio (2012), who noted that excessively small LRs lead 
to slow convergence, while overly large ones can cause divergence. Slow 
convergence comes from the fact that the steps toward the minimum 
error are very small and take many epochs to reach convergence. The 
divergence would be the opposite, with a very large step that overshoots 
the minimum error, and thus, the model fails to find the best 
configuration.

Tuning the LR remains an open research topic. Recent works, such as 
Cyclic Learning Rates (CLR) (Smith, 2017), super-convergence (Smith 
and Topin, 2019), and non-monotonic LR schedulers (Seong et al., 
2018), address the challenges of monotonic learning rates and propose 
techniques for faster convergence. However, these approaches still rely 
on hyperparameter tuning, given the hyperparameters associated with 
the scheduling process (e.g., initial LR, maximum LR, minimum LR, and 
warm-up epochs). Yedida et al. (2019) proposed another technique 
aimed at automatically computing an adaptive LR, backed by theoretical 
foundations, which could offer a promising avenue for enhancing results 
in future work without solely relying on hyperparameter tuning.

Despite the reports of forecasting accuracy and computational effi
ciency of Transformers being comparable to LSTMs and CNNs (Gopali 
et al., 2021; Pedro et al., 2021; Pölz et al., 2024), our evaluation in
dicates that using the basic architecture of Transformers for forecasting 
a univariate time series 24 h ahead was not the most efficient use of the 
attention mechanism. Pedro et al. (2021) noted that while Transformers 
excelled in capturing longer-term dependencies, they are generally more 
challenging to parametrise and exhibit higher result variability. These 
model characteristics, combined with the data characteristics of exhib
iting daily and seasonal trends, could explain why the Transformer 
models in this study exhibited the worst performance among the four 
tested models. Analysing a single variable without proper context to 
infer if the tree is in an active or dormant period becomes very 
challenging.

Our CCN results confirm the general assumptions of the architecture. 

Table 10 
Temporal resolution (Tres) results for the best models from Experiment 1. The best MAE results per temporal resolution are highlighted in bold. Averages are calculated 
from 48 samples (test sensors).

CNN LSTM Transformer ETSFormer

Tres MAEmean MAEstd MAEmean MAEstd MAEmean MAEstd MAEmean MAEstd

5 0.0277 0.0066 0.0266 0.00555 0.0332 0.0216 0.0261 0.0056
30 0.1207 0.0233 0.0294 0.0051 0.0404 0.0105 0.0640 0.0180
60 0.2866 0.0514 0.0432 0.0032 0.0393 0.0047 0.0266 0.0198

180 – – 0.0313 0.0066 0.0389 0.0077 0.0757 0.0356
360 – – 0.0359 0.0096 0.0366 0.0082 – –
720 – – 0.0428 0.0059 0.0489 0.0078 – –

Fig. 10. Dispersion of the Absolute Errors from LSTM models prediction.
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The CNNs have presented a good performance at the 5-min resolution. 
However, their performance deteriorates quickly as the temporal reso
lution diminishes. As stated before, CNNs excel at capturing short-term 
dependencies. When data is more sparse, the convolutions struggle to 
extract good information. This is aligned with biophysical systems, 
specifically trees, where the daily sinusoidal growth cycle (short-term) 
appeared to be consistent (Allen et al., 2019; Enright, 1970; Olsen and 
Degn, 1985). On the other hand, as the update frequency becomes 
smaller, the seasonality of data ceases to be daily and starts becoming 
annual, representing the active and dormant states.

Based on our findings, it becomes evident that capturing long-term 
dependencies does not guarantee good performance in this problem. 
In addition to capturing such dependencies, the model has to cope with 
the daily seasonality and the seasons variance with the active and 
dormant growth states of the trees. For such reasons, specialised trans
former architectures designed with unique methodologies to enhance 
the capture of complex temporal dependencies within data sequences 
may be an avenue to improve performance with this type of data. For 
instance, the W-transformer, introduced by Sasal et al. (2022), utilises a 
maximal overlap discrete wavelet transformation, facilitating the 
extraction of intricate nonlinear patterns across extended spans of the 
input sequence. Similarly, the Informer model, as proposed by Zhou 
et al. (2021) introduces a novel ProbSparse self-attention mechanism 
coupled with a distilling process and a generative-style decoder, 
enabling the prediction of longer time series in a single forward opera
tion, thus eliminating the need for step-by-step inference.

Regarding ETSFormer, the decomposition of the time series to aid in 
the forecast appears to enhance forecasting accuracy, as evidenced by 
promising results with 5- and 60-min intervals. However, the results for 
30- and 180-min intervals significantly deviate from this trend, which 
could be attributed to a lack of data, both in the time span of the dataset 
and the size of the lookback sequence, to perform proper smoothing and 
TS decomposition techniques. It is known that such techniques require 
data volume to provide robust and reliable results, and while this study 
uses large amounts of data, it does not span several years as usually 
found in TS studies.

Overall, our findings indicate that it is possible to reduce the tem
poral resolution of dendrometer SR with minimal performance loss. 
These results have several practical implications for terrestrial sensor 
networks in remote locations. First, reducing the temporal resolution 
leads to a cost reduction in storage space and processing time, as a high 
frequency of collection in many locations simultaneously can quickly 
accumulate several TBs of data. It also leads to the conservation of IoT 
resources, including battery life (by triggering less frequent readings) 
and data transmission over wireless communication. Additionally, 
terrestrial sensor networks in forests are typically in remote locations. 
Thus, they are usually hard to access for maintenance, which generates 
even more costs to manage a high throughput infrastructure.

Despite the promising findings, this research presents limitations 
that should be addressed in future work. These include the 24-h forecast 
horizon, the 10-h lookback sequence, and the lack of lookback sequence 
tuning for the reduced temporal resolution models. While the 24-h 
forecast horizon of this research is a very good demonstration of fore
casting with complex environmental data, it can only provide for deci
sion makers short-term monitoring and early warning of imminent 
problems with the environmental (e.g. floods). To provide adequate 
time for planning and response of decision makers and end users, fore
casting needs to be weeks or months ahead. Nonetheless, our results 
show that DL is a viable alternative that could improve decision-making. 
Although mathematical models are accurate, they may be slow to pro
duce forecasts (Hewamalage et al., 2021) as they usually need to 
compute interactions between several complex systems In addition, they 
require specific data and are fine-tuned for each location and species 
being studied (Hyndman and Athanasopoulos, 2021; Pankratz, 2012). In 
contrast, the DL models employed in this study effectively forecasted the 
radial growth of pine trees without the need for location-specific and 

auxiliary variables as in Baldocchi et al. (2001).
The lookback sequence has an interesting relationship with the 

forecast horizon. Generally, a longer forecast horizon usually requires a 
larger lookback sequence to accurately model recent dependencies and 
project them into the future. Although this study used data collected 
from 100 trees, the dataset spans less than a year, limiting the use of 
larger lookback sequences with coarser temporal resolutions and longer 
forecast horizons. Despite this, the DL methods were able to accurately 
model the time series without auxiliary environmental variables.

A key insight from this study is the evaluation of how different 
temporal resolutions affect forecasting quality. Our findings demon
strate that reducing temporal resolution is feasible with minimal per
formance loss. This approach could be validated by other researchers 
who have access to long-term datasets to assess whether larger datasets 
can further mitigate performance loss when using coarser temporal 
resolutions.

Building on these findings, future studies could incorporate envi
ronmental variables that influence plant and tree growth, such as 
weather conditions, soil properties, and topography. The significance of 
our results lies in establishing the limits of temporal resolution for 
dendrometer data, particularly in contexts where multiple variables are 
monitored at differing temporal frequencies. Understanding these limi
tations can guide the design of forestry monitoring systems, ensuring 
proper alignment and integration of variables collected at different 
resolutions. Ultimately, this knowledge could enhance the predictive 
accuracy of forecasting models and deepen our understanding of the 
mechanisms driving forest growth. Moreover, incorporating these in
sights could improve the models’ ability to generalize across forests with 
varying environmental conditions, which will be a focus of future 
research.

6. Conclusion

In this paper, we have presented an evaluation of four DL algorithms 
for forecasting dendrometer time series, a discussion on the impact of 
hyperparameters concerning the data being modelled, and, to the best of 
our knowledge, the first study that: (i) uses Transformer and ETSFormer 
architecture to forecast complex environmental data; (ii) assesses the 
impact of reducing the temporal resolution of data collection as a means 
to decrease operational costs in remote sensing. Our results show the 
feasibility of reducing data collection intervals from 5 min to 180 min 
while maintaining similar error levels. We also explored the trade-offs 
associated with temporal resolution and their implications for the 
tested models. Finally, we suggest future research directions that could 
further contribute to this field. Our results show that, while CNNs can 
work very well for forecasting environmental data for higher temporal 
resolutions (i.e. 5 min resolution), the complex interdependency of daily 
and seasonal trends in dendrometer data makes them unsuitable for 
reduced temporal resolutions. Under reduced temporal resolution, our 
results show that LSTMs overperform the competitors at maintaining 
forecast quality. In addition, LSTM is a promising architecture for 
forecasting complex environmental data, as it was able to capture 
longer-term complex dependencies under reduced resolution.
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Jemeļjanova, M., Kmoch, A., Uuemaa, E., 2024. Adapting machine learning for 
environmental spatial data - a review. Eco. Inform. 81, 102634. https://doi.org/ 
10.1016/j.ecoinf.2024.102634.

Jordan, M.I., Mitchell, T.M., 2015. Machine learning: trends, perspectives, and prospects. 
Science 349 (6245), 255–260. https://doi.org/10.1126/science.aaa8415.

Kaur, J., Parmar, K.S., Singh, S., 2023. Autoregressive models in environmental 
forecasting time series: a theoretical and application review. Environ. Sci. Pollut. 
Res. 30 (8), 19617–19641. https://doi.org/10.1007/s11356-023-25148-9.

Keenan, T.F., Williams, C.A., 2018. The terrestrial carbon sink. Annu. Rev. Environ. 
Resour. 43 (1), 219–243. https://doi.org/10.1146/annurev-environ-102017- 
030204.

Khosravi, K., Farooque, A.A., Naghibi, A., Heddam, S., Sharafati, A., Hatamiafkoueieh, J., 
Abolfathi, S., 2025. Enhancing Pan evaporation predictions: accuracy and 
uncertainty in hybrid machine learning models. Eco. Inform. 85, 102933. https:// 
doi.org/10.1016/j.ecoinf.2024.102933.

Lawrence, Steve Jerome, 2023, December 20. What Is LSTM? - Introduction to Long 
Short-Term Memory. https://www.scaler.com/topics/deep-learning/lstm/.

Lepot, M., Aubin, J.-B., Clemens, F., 2017. Interpolation in time series: an introductive 
overview of existing methods, their performance criteria and uncertainty 
assessment. Water 9 (10), 796. https://doi.org/10.3390/w9100796.

Lin, Y., Salekin, S., Meason, D.F., 2023. Modelling tree diameter of less commonly 
planted tree species in New Zealand using a machine learning approach. For. Intern. 
J. Forest Res. 96 (1), 87–103. https://doi.org/10.1093/forestry/cpac037.

Lindemann, B., Müller, T., Vietz, H., Jazdi, N., Weyrich, M., 2021. A survey on long 
short-term memory networks for time series prediction. Procedia CIRP 99, 650–655. 
https://doi.org/10.1016/j.procir.2021.03.088.
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