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ARTICLE INFO ABSTRACT

Keywords: Many global environments face increasing pressures on soil resources, and effective, scalable methods for
The Kingdom of Tonga assessment of soil condition and capital are essential to respond to tangible soil threats. This situation is common
PICTs

across Pacific Island Countries and Territories (PICTs), where high throughput soil analysis laboratories are
limited, and issues such as soil organic carbon decline, acidification and fertility declines are present. Soil
spectral inference presents an opportunity in such regions to provide rapid insights into soil capital and con-
dition, though the need for robust calibration libraries remains a limiting factor. This work investigates the utility
of a regionally appropriate spectral library, the New Zealand Soil Spectral Library (NZSSL) to support the
development of soil spectral inference in data-poor environments, such as PICTs, through a case study on the
island of Tongatapu in The Kingdom of Tonga. We contrast the performance of existing partial least squares
regression (PLSR) models developed for New Zealand soils on soils from Tongatapu and explore the opportunities
for enhancement of predictions formed through memory-based learning (MBL) supplemented with local data.
Our work shows the potential for cost-effective and timely soil monitoring through soil spectral inference in
PICTs. The work further underscores the importance of regional cooperation and data-sharing for addressing soil
security.

Vis-NIR spectroscopy
Memory-based learning
Soil Organic Carbon
Soil pH

Total Nitrogen

Introduction organic carbon (SOC), declining soil nutrients, increasing soil acidity,

salinisation, soil sodicity and erosion (McKenzie et al., 2015; Naidu

In a global context of increased pressures on soil resources, sustain-
ing the ecosystem services provided by soils (such as the mitigation of
climate risk, the securing of water resources, the protection of biodi-
versity and human health, and the support of the production of food and
delivery) is a central part of the soil security challenge (Evangelista
etal., 2023; McBratney et al., 2014). It is of particular importance within
Pacific Island Countries and Territories (PICTs), which face a unique
combination of factors, including changing precipitation patterns, sea
level rise, and rapid shifts towards intensive commercial farming sys-
tems (Antille et al., 2022). These challenges exacerbate existing threats
to soils across PICTs including declining soil fertility, seen in loss of soil
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et al., 1991).

Tongatapu, the largest island within The Kingdom of Tonga is not
immune to these common threats across PICTs. The intensification of
agricultural production systems and tillage regimes, particularly for
squash and taro crops, has led to declining SOC stocks across Tongatapu
(Manu et al., 2014). This SOC decline, paired with other issues common
across the PICTs, such as nutrient mismanagement, and a general trend
towards acidic soils due to high humidity and weathering of soil mate-
rial, compromises soil security (McKenzie et al., 2015). Furthermore,
soil wet chemistry laboratories across the PICTs are limited, with The
Kingdom of Tonga currently lacking a functioning soil chemistry
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laboratory. Thus, intervention into declining soil security across Ton-
gatapu will benefit greatly from scalable methods and analysis tech-
niques with direct involvement by stakeholders.

Visible Near-Infrared (Vis-NIR) proximal sensors are a widely
adopted tool for the inference and prediction of several soil properties.
Vis-NIR reflectance spectroscopy has proven to be valuable in accurately
predicting SOC and total nitrogen (TN) contents of soils and presents a
useful tool for identifying trends in soil pH (Nocita et al., 2015; Stenberg
et al., 2010). However, Vis-NIR proximal sensing relies on the avail-
ability of a spectral library to establish the relationship between spectra
and soil analyte values, which must be representative of the soils on
which inference is to be performed. The construction of new and
comprehensive spectral libraries within PICTs would be a slow and
costly investment, requiring a large amount of samples to be scanned
and analysed in the laboratory. As mentioned, in many PICTs, high
throughput laboratories are not established, further delaying the con-
struction of new soil spectral libraries due to long sample processing
times or requiring the expatriation of soil samples to laboratories in
other countries, with all the associated freight and quarantine induced
time lags, and additional expenses incurred.

Existing soil spectral libraries may be a useful tool for soil spectral
inference in PICTs, but direct usage of existing soil spectral resources in
new environments has historically proved difficult. Regression or deci-
sion tree based models trained on large datasets or local subsets from
these libraries often struggle to maintain prediction accuracy in new
areas due to limitations in representing soil attributes and spectral data
(Grunwald et al., 2018; Wetterlind and Stenberg, 2010). These issues are
exacerbated in PICTs due to their small geographic extents, spatial
discontinuity of land area, and diversity of soil forming factors making
each new island a unique prediction challenge. More recently, deep
learning techniques, such as convolutional neural networks have shown
potential in predicting soil spectra in new domains (Padarian et al.,
2019b; Wang et al., 2019). And a focus on transfer learning approaches,
wherein a neural network trained on a large soil spectral library is
adapted to local situation through re training of the final layers, has
shown success in predicting soil properties at country or regional scales
(Padarian et al., 2019a; Viscarra Rossel et al., 2024). Such methods may
hold promise for use in PICTs as locally collected datasets grow but
remain impractical for implementation currently without well distrib-
uted and representative local soil libraries.

An alternative, more accessible approach for PICTs may exist in using
library constraining approaches, such as memory-based learning. Rather
than producing a generalised model for all unknown spectra, memory
based learning produces individual weighted averaged partial least
squares regression (WAPLSR) models for each unknown sample, con-
sisting of only the most similar samples from a reference library in the
spectral domain (Ramirez-Lopez et al., 2013). Thus making any spectral
inference more representative of the relationship between soil spectra
and soil analytical values seen in only the most similar samples.

As a large spectral library within the region, with existing Partial
Least Squares Regression (PLSR) models of many soil properties, the
New Zealand Soil Spectral Library (NZSSL, Ma et al., 2023) presents a
promising candidate resource for predicting soil properties for moni-
toring soil security within the soils of Tongatapu. Beyond the benefits of
regional proximity, the soils of New Zealand hold many potential sites
with properties like those found within Tongatapu. Developed on a
raised atoll, Tongatapu’s soils have been formed from two layers of
fine-grained andesitic volcanic ash, deposited 5000 and 20,000 years
ago, respectively, sitting atop a raised coral limestone (Cowie, 1980;
Gibbs, 1976). This depositional environment may hold analogues in
soils classified within the Allophanic and Recent orders of the New
Zealand Soil Classification (Hewitt et al., 2021) predominantly located
in the North Island (Taranaki, Waikato, Bay of Plenty regions in
particular) (Parfitt, 1990). The presence of these potentially analogous
sites makes the NZSSL a more attractive option for use in Tongatapu
than other large soil spectral libraries in the region, such as the CSIRO
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Australian Vis-NIR Soil Spectral Library (Moloney et al., 2023), or
globally available libraries (Shepherd et al., 2022).

This work aims to assess the applicability of the NZSSL (Ma et al.,
2023) for predicting three soil properties for monitoring soil security
within Tongatapu, namely SOC, total nitrogen, and soil pH. To this end,
this work will:

Compare soil spectra collected from two surveys of Tongatapu island
conducted in 2018 and 2022, representing periods pre and post the
2022 Hunga Tonga-Hunga Ha’apai volcanic eruption and tsunami to
those soil spectra within the NZSSL,

Evaluate the performance of the national scale NZSSL Vis-NIR PLSR
models for pH, total nitrogen, and SOC on the soils of Tongatapu,
Highlight the importance of robust spectral libraries in the produc-
tion of PLSR models for PICTs, through building models of pH, total
nitrogen and SOC using subsets of varying size of the spectra
collected in the 2018 and 2022 surveys of Tongatapu,

Investigate methods for the use of the most appropriate spectra
within the NZSSL for spectral inference of Tongatapu soils, through
the use of memory-based learning, and

Evaluate the relative improvement in memory-based learning pre-
dictions when supplementing the NZSSL with local data from
Tongatapu.

Materials and methods
Datasets
Vis-NIR soil spectral library of the Kingdom of Tonga — Tongatapu

Soil survey and soil data collection. A total of 194 soil samples were
collected across Tongatapu island, in the Kingdom of Tonga, during two
soil surveys: the first survey was conducted in 2018 to assess the baseline
state of the soils across the island, and the second survey conducted in
2022, after the Hunga Tonga-Hunga Ha’apai volcanic eruption and
subsequent tsunami, to assess the impact of these events on soils. 23 soil
sampling locations across the island were chosen at agricultural sites and
sites deemed ‘native’ or uncultivated with existing soil legacy informa-
tion (Cowie et al., 1991; Potter, 1986), allowing for comparison of the
impact of management practices on the soil’s status (Stockmann et al.,
under revision; Stockmann, U., Farrell, M., Carter, T., Krawitz, S., Wong,
V.N.L., Minoneti, V., Finau, D., Sharma, A., Barringer, J., Manu, V.T.,
Karunaratne, S., Macdonald, B.C.T. “State and trend of surface soil
organic carbon stocks and associated nutrients in Tongatapu, Kingdom
of Tonga”. Soil Research). In 2022, additional sampling was conducted
in the western region of the island, examining fifteen new sites which
experienced the most impact from the January 2022 tsunami wave
(Fig. 1).

For the 2018 and 2022 surveys, soil core samples were taken from
the centre of 1 ha plots at each site using a hand auger, representative of
the top- and subsoil (i.e., 0-15, 15-30 and 30-60 cm). Subsequently, the
soil samples were shipped to the CSIRO Analytical Services Unit Quar-
antine Laboratory in Adelaide, South Australia. Soils were processed to
air-dry 40 °C condition, ground, and sieved to obtain fine earth material
with a diameter of <2 mm. A series of laboratory analyses were per-
formed to acquire various soil property information, including total soil
organic carbon % by dry combustion (Leco) using the method 6B2 from
Rayment & Lyons (2011), soil total N % (method 7A8), and pH in 1:5 soil
to water (method 4A1) and CaCl, (method 4B4) solution ratio. In
addition, the 2018 soil samples were scanned with an ASD FieldSpec 3
(Malvern Panalytical, Worcestershire, UK), while the 2022 soil samples
were scanned using an ASD Terraspec 4 (Malvern Panalytical, Worces-
tershire, UK) Vis-NIR spectrometer, with an ASD high intensity contact
probe.
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Fig. 1. Map of the soil types of the Island of Tongatapu, displaying sampling locations from the 2018 and 2022 Surveys.

Soils of Tongatapu. Dominant soils on Tongatapu are allophanic soils,
originating from volcanic ash, with younger reddish-brown tephra
overlying older browner and finer textured tephra deposits. These
generally fertile soils are well drained with clayey textures and deep
dark-coloured A horizons. Smaller areas also have occurrence of soils
formed from coastal coral sands. These soils tend to be nutrient deficient
with high pH and elevated calcium content, which makes them less
suitable for cropping (Cowie et al., 1991).

Vis-NIR soil spectral library of New Zealand. The New Zealand Vis-NIR
soil spectral library (NZSSL) is comprised of 11,246 paired Vis-NIR
spectra and corresponding soil analytical values from a diverse range
of soils of New Zealand, collected since 1971. The collection includes
observations on soils classified as Allophanic and Recent orders in the
NZSC, corresponding to Andisols and Entisols or Inceptisols of the World
Reference Base classification system, respectively (Hewitt et al., 2021).
Because of the similarity in parent material type and age, these soil or-
ders are the most likely to be similar to the soils of Tongatapu. All
samples were scanned in air-dry condition, following grinding and
sieving for fine earth material (<2 mm). Samples were then scanned
with an ASD FieldSpec 3 (Malvern Panalytical, Cambridge, UK) with an
ASD high intensity contact probe, which covers the same spectral range
of the instrument used to scan the Tongan soils. Within the spectral li-
brary, a total of 10,164 total carbon observations and spectra are
recorded, alongside 10,110 total Nitrogen observations, and 2833 ob-
servations of pH in 1:5 soil:water solution. A full description of the li-
brary is available in Ma et al. (2023).

Pre-Processing. Spectra from both the NZSSL and those collected from
Tongatapu soils underwent the same pre-processing procedures used to
calibrate the national PLSR models from the Vis-NIR data of the NZSL
(Ma et al., 2023). Using the spectacles package (Roudier, 2023) within
the R statistical computing language (R Core Team, 2020), spectra were
first converted to absorbance, trimmed to wavelengths between 450 and
2450 nm, and treated with a Savitzky Golay filter with a window size of

9, using a second order polynomial, to remove high frequency noise, and
then treated with a standard normal variate (SNV) transformation.

To compare the spectra of the NZSSL with those recorded from the
soils of Tongatapu, spectra from both collections were projected to the
principal component space of the NZSSL. Pairwise comparisons of the
distribution of spectra from both collections across the first three prin-
cipal components were plotted, as well as frequency distributions and
correlations.

Calibration data split. In order to establish a realistic assessment of
model quality under different modelling techniques and data scenarios,
the Tongan spectra were split into calibration and validation sets
through selection of the spectral space. A subset (40 %) of the spectra
was selected using conditioned Latin hypercube sampling (Minasny and
McBratney, 2006) using the clhs package in R (Roudier, 2011) of the
first 5 principal components of the pre-processed spectra, and held out of
the modelling workflow as a validation set. All co-located spectra to
those selected in this manner were also added to the test group, to
improve the independence of the two populations. All goodness of fit
metrics under the different chemometric modelling approaches explored
are reported on this validation set, to ensure a consistent point of
comparison. We reported five goodness of fit metrics against our vali-
dation set. The coefficient of determination (R%) and Lin’s concordance
correlation coefficient (LCCC) to identify the agreement between our
observed and predicted soil property values. The root mean squared
error (RMSE) and model bias (Bias) to assess the size and trends in our
residuals, and the ratio of prediction to the interquartile range (RPIQ)
was used as a general modelling performance indicator which is less
impacted by skewed datasets, as is common in soil properties.

Modelling

Existing New Zealand NZSSL models
The current operational models from the NZSSL were applied to the
pre-processed spectra from Tongatapu for our three soil properties of
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interest. These models, outlined further in section 2.4 of Ma et al.
(2023), are partial least squares regression (PLSR) models, where the
observed spectra are transformed into a latent variable space that both
reduces the dimensionality of the predictor variables (spectra) for use in
modelling, and maximises the covariance between the soil properties
and predictor variables. The number of latent variables used in the final
model was optimised through 50 repeated 10-fold cross validation runs.
A summary of their performance on New Zealand soils is shown in
Table 1. As inorganic carbon content within the soils of New Zealand is
generally considered to be negligible (Metson et al., 1979; Sparling and
Schipper, 2002), we consider the national NZSSL models for soil total
carbon, to act as an appropriate proxy for soil organic carbon in this
work.

Local Tongatapu PLSR models

To highlight the importance of robust soil spectral libraries in the
construction of PLSR models for soil spectral inference, and emulate
model construction under data poor conditions, local PLSR models were
created from the Tongatapu samples for each of the three soil properties
of interest. Twenty subsets of data were evaluated from amongst those
Tongatapu samples within the calibration set, ranging from 5 to 100
samples. The PLSR models were constructed using each of these sets
with the caret package (Kuhn, 2022) in the R statistical programming
language. LCCC, Bias and RMSE values for each of these models was
reported and compared to those of the existing NZSSL PLSR models
when applied to Tongatapu spectra.

Memory-based learning

Memory-based learning was used to produce predictions for Tonga-
tapu soils using the most spectrally similar candidates within the NZSSL
for soil organic carbon, total nitrogen, and pH in a 1:5 soil to water
suspension. Memory-based learning predictions were first generated on
the test set of Tongatapu data, using exclusively spectra and analytical
values from the NZSSL. To avoid the influence of organic horizons with
large organic carbon values performing poorly on mineral soils, all ho-
rizons with TOC greater than 18 % defined as peaty horizons in the New
Zealand Soils Classification (Hewitt, 2010) were eliminated.

Using the resemble package (Ramirez-Lopez et al., 2016) in the R
statistical language, for each of the three indicators of soil security
assessed, unique weighted average partial least squares regression
(WAPLSR) models (Cleveland and Devlin, 1988; Shenk et al., 1997).
These WAPLS predictions were produced for each Tongatapu sample
within the test set, by constructing a weighted PLS calibration based on a
limited number of nearest neighbours in principal component space to
our unknown sample from the NZSSL. Weights were determined by a
tri-cubic function of the Mahalanobis distance to our unknown sample in
the principal component space of the spectra. We contrasted different
ranges of nearest neighbours from which to construct the WAPLS models
ranging from a population of 50 to 300 samples in increments of fifty.

Once a value of nearest neighbours was identified which produced
predictions with a good balance of goodness of fit metrics, we evaluated
the relative improvements in performance offered by supplementing the
population from which the nearest neighbours could be drawn with
additional spectra from Tongatapu. To this end the twenty representa-
tive subsets of Tongatapu soils used for local PLSR model calibration, of
sizes ranging from 5 to 100 samples, were added to the NZSSL, and the
goodness of fit metrics of memory-based learning predictions were

Table 1
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recorded using the previously identified optimal number of nearest
neighbours.

Results
Soil analytical values

Observed soil organic carbon, total nitrogen, and pH values within
Tongatapu were quite varied, representing a variety of soil conditions,
with different degrees of consistency to the distributions of soil prop-
erties within the NZSSL (Table 2, Fig. 2). Organic carbon across the
Tongatapu soils ranged from 0.58 % to 7.19 %, with a median of 2.79 %.
Comparatively, values within the NZSSL held a much larger range, with
some organic soil horizons reaching as high as 62.2 %, though the me-
dian value of 2.14 % was similar to the Tongatapu soils. Total nitrogen in
the Tongatapu soils was again centred similarly to the distribution seen
in the NZSSL, at 0.23 % and 0.18 % respectively, though the upper range
of observations within the New Zealand data were higher than that seen
in Tongatapu. The pH range in Tongatapu was in the higher range of the
samples within the NZSSL, with Tongatapu soils ranging from a pH of
5.57 to 9.6. The lower bound of the Tongatapu pH values was close to
the median of those within the NZSSL, at 5.7, with no overlap between
the central two quartiles of pH in each soil population (Fig. 2). The
agreement between the distributions of total organic carbon and total
nitrogen across the Tongatapu and NZSSL soils is a positive indicator
towards the utility of shared soil information benefiting soil spectral
inference, though the difference in the centres of pH between the two
regions is not as promising.

Spectral space comparison Tongatapu - NZSSL

Initial comparison of the spectra collected from the two Tongatapu
surveys indicated that they were well positioned within the spectral
space of the NZSSL (Fig. 3). The Tongatapu samples were well centred
within the first two principal components of the NZSSL, and largely
overlap with the third. This supports our hypothesis that there are
indeed similar soils to the Tongatapu soils within the NZSSL. Within the
Tongan datasets, each of the first three principal component projections
show a decent amount of correlation, with PC1 and PC3 holding a cor-
relation of 0.592 in contrast to their orthogonal, uncorrelated nature in
the New Zealand dataset from which they were generated.

Table 2
Summary statistics of three soil properties from the sampled soils of Tongatapu
contrasted against those within the NZSSL.

Library Soil Property Mean Median Range Min Max

Tongatapu  Total Organic 2.76 2.69 6.61 0.58 7.19
Carbon (%)

NZSSL Total Organic 4.25 2.14 62.14 0.06 62.20
Carbon (%)

Tongatapu  Total Nitrogen (%) 0.24 0.23 0.65 0.04  0.69

NZSSL Total Nitrogen (%) 0.26 0.18 3.09 0.01 3.10

Tongatapu  pH 1:5 Soil in Water ~ 7.04 6.60 4.03 5.57 9.60

NZSSL pH 1:5 Soil in Water ~ 5.74 5.70 6.50 2.80 9.30

A summary table displaying the validation goodness of fit measures of the NZSSL national partial least squares regression models for our three soil properties, adapted

from Ma et al. (2023, Table 4).

Indicator Transformation Latent Variables R2 LCCC RMSE Bias RPIQ
Total C (%) Square Root 29 0.92 0.96 2.2 —0.05 1.44
Total N (%) Square Root 28 0.85 0.91 0.12 —0.01 2.09
pH - 28 0.58 0.74 0.49 —0.00 1.80
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the NZSSL.

Direct application of NZSSL models to Tongatapu spectra

When the NZSSL PLSR models for total carbon, total nitrogen, and
pH 1:5 soil in water (Ma et al., 2023) were applied directly to the spectra

of the Tongatapu validation set, model quality metrics indicated a low
level of performance (Fig. 4, Table 3). The total carbon model, here used
as a proxy for organic carbon due to a lack of carbonate presence in New
Zealand soils, performed the best, with an LCCC of 0.44, showing a
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Table 3
Model quality of fit metrics for the NZSSL PLSR calibration models applied to the
Tongatapu validation set.

Property R? LCCC RMSE Bias RPIQ
Total Organic Carbon 0.22 0.44 1.42% —0.06% 1.10
Total Nitrogen 0.19 0.39 0.13% —0.04% 1.02
pH 1:5 Soil in Water 0.00 0.02 1.21 —0.42 0.37

moderate fit of the observed and predicted carbon values, but with a few
large outliers of overprediction. The RMSE of 1.42 % demonstrates a
large error, influenced by those overpredicted values, however the Bias
demonstrates a minor, general underprediction at —0.06 %. Total ni-
trogen showed a similar quality of prediction, with an LCCC of 0.39,
though the Bias of —0.04 % should be viewed more critically due to the
lower concentration of Nitrogen within the Tongatapu soils. In contrast,
predictions of pH 1:5 soil in water were extremely poor, with an R2
approaching 0, and a LCCC of just 0.02 highlighting little to no trend
between observed and predicted values.

Local Tongatapu PLSR models

Local PLSR models generated on subsets of the calibration samples
from Tongatapu demonstrated enhanced model quality with increasing
amounts of calibration data (Fig. 5). Local SOC models exceeded the

prediction qualities of the exogenic NZSSL PLSR for both LCCC and
RMSE at around 25 calibration samples, and stabilised at an LCCC be-
tween 0.72 and 0.8, and an RMSE of <0.8 %. Similarly, the performance
of total nitrogen PLSR models from Tongatapu soils also exceeded the
NZSSL PLSR model at 25 samples, with an LCCC of 0.65, and an RMSE of
0.07 %. results for total nitrogen were however less consistent, with
LCCC values returning to values below 0.6 until 50 Tongatapu calibra-
tion samples were used, eventually peaking at 0.76 with 85 samples.
Conversely pH models with Tongatapu spectra exceeded NZSSL PLSR
models with as few as five spectra, eventually plateauing with LCC
values around 0.72, with 14 or more samples, and RMSE values nearing
0.5. In our investigation, local Tongatapu PLSR models generally
exceeded the performance of the large, exogeneous models calibrated on
spectra from New Zealand, with calibration sets of 25 samples or more.
Model qualities from Tongatapu PLSR models with small numbers of
calibration samples were largely inconsistent, until a point of plateauing
around a calibration set size of 50-60 samples where model metrics
stabilised.

Memory-based learning

Memory-based learning predictions using exclusively soils of the
NZSSL as a reference library for inference on soils of Tongatapu gener-
ally produced predictions of generally poor quality (Fig. 6). For soil total
organic carbon, all nearest neighbour numbers assessed in the WAPLSR
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Fig. 5. RMSE and LCCC trends under increasing calibration sample size for Tongatapu PLSR models for total organic carbon, total nitrogen, and pH, contrasted
against the performance of a PLSR model trained exclusively on soils from the New Zealand Soil Spectral Library.

models produced predictions with both lower LCCC values, and higher
RMSE values than the NZSSL PLSR models, with a general trend of
decreasing model metric quality as nearest neighbours increased. In
predictions of total nitrogen, model metrics were stable across different
numbers of nearest neighbours, with LCCC values ranging from 0.26 to
0.28, again lower than the NZSSL PLSR model of the same property.
RMSE values for total nitrogen was comparable to predictions from the
NZSSL PLSR total nitrogen model, at 0.13 %. Conversely, the MBL
predictions of pH 1:5 soil in water produced predictions of greater
quality than the NZSSL PLSR model, though still poor. LCCC reached a
maximum and RMSE a minimum at 250 nearest neighbours, at 0.2, and
0.91 respectively. In all, predictions of soils of Tongatapu using the
NZSSL as a reference library for memory-based learning demonstrated
no substantial improvement over the use of PLSR models generated on
the NZSSL.

We continued to investigate the influence of introducing up to 100
Tongatapu soils to the reference library for WAPLSR construction, using
150 nearest neighbours for SOC and total nitrogen, so as to not represent
purely local models when Tongatapu data were the closest in

Mahalanobis distance, and 250 for pH, where we observed the maxima
in LCCC and minima in RMSE with New Zealand soils. Supplementing
the NZSSL reference library with Tongatapu soil samples significantly
enhanced the memory-based learning prediction accuracy for all soil
properties investigated. With as few as ten supplementary samples, all
predictions showed LCCC values greater than those in the NZSSL PLSR
models, and RMSE values lower across all three soil properties. For SOC,
prediction quality increased steadily with more Tongatapu soils, until 45
supplemental samples were added to the reference library, where LCCC
stabilised above 0.75, and RMSE below 0.8 %. A similar pattern was
observed in total nitrogen, where quality stabilised at 55 Tongatapu
samples in the reference library, with LCCC values reaching only 0.6,
and RMSE values of 0.09 or lower. for pH, all predictions with 35 or
more supplemental samples held an RMSE of 0.61 or lower and LCCC
values remained above 0.6 once there were 30 or more Tongatapu
samples included in the reference library. As with Local PLSR models,
adding Tongatapu soil samples to the NZSSL reference library signifi-
cantly improved MBL prediction accuracy for all soil properties when
compared to the exogenous NZSSL PLSR models.
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Fig. 6. RMSE and LCCC values of MBL predictions using different nearest neighbours for total organic carbon, total nitrogen and pH, predictions of Tongatapu soils,
using only soils from the New Zealand Soil Spectral Library (NZSSL), contrasted against the performance of a PLSR model trained exclusively on soils from the NZSSL.

Discussion

Initial investigation demonstrated good coverage of the spectral, and
soil property variation seen in the soil surveys of Tongatapu by the
NZSSL. Observations of pH, total nitrogen and total organic carbon in
the soils sampled in Tongatapu were within the range of those properties
seen within the NZSSL, accepting the substitution of total carbon for
total organic carbon. There are differences in the distribution of pH, with
the data from Tongatapu being centred at a pH higher than that of the
New Zealand soils, likely due to a higher carbonate presence. The
principal component space of the of the NZSSL showed good inclusion of
the Tongan dataset (Fig. 3), and the spectra from Tongatapu were well
centred across the pairwise investigations of the first three principal
components of the New Zealand spectra. Whilst these properties show
promise for the usefulness of New Zealand spectra for regional soil
spectral inference within Tongatapu and potentially across other PICTs,
further research may benefit from analysis of other properties for se-
lection of appropriate soils and spectra, such as soil forming factors, or
latent variable space from PLSR models.

The NZSSL models performed inadequately when applied directly to
the soils of Tongatapu, with poor performance metrics for total organic
carbon, total nitrogen, and soil pH. This is not an unexpected finding, as
the soils of New Zealand represent a large and varied range of soil for-
mation factors, not all of which are present across all soils of Tongatapu.
Tephric and allophanic features seen in the soils of Tongatapu are pre-
sent across many regions of the central North Island of New Zealand
(Hewitt et al., 2021), but the bulk of the soils of New Zealand are derived
from a variety of other parent materials, through aeolian, colluvial and
alluvial transport. As the ability of PLSR models trained on large spectral
libraries to predict values across regions which represent a limited
subset of the total variation seen within the library can be quite poor
(Brown et al., 2005; Wetterlind and Stenberg, 2010), this may be no
small part of the reason for the poor performance of the NZSSL models in
Tongatapu. In addition, some features of the soils of Tongatapu, such as
coral-derived, carbonate rich soils are not represented at all within the
soils of New Zealand, meaning that some of the soil variation seen within
the test set were not represented well within the NZSSL. Thus, the NZSSL
models present a poor standard for spectral inference in Tongatapu, with
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much room for improvement upon, reinforcing the need for locally
appropriate spectral models and infrastructure.

The results of the local PLSR models demonstrate a definite potential
for the use of Vis-NIR spectroscopy within The Kingdom of Tonga, and
likely more broadly across PICTs. The LCCC of 0.6 or greater were seen
across all three soil properties assessed, and low RMSE values indicate a
model error comparable to those seen on the NZSSL models when
applied on New Zealand soils (Ma et al., 2023). Whilst this was
demonstrably true for those models produced with 50 or more calibra-
tion samples employed from amongst the broader calibration set of soils
from Tongatapu, the results of the low-calibration sample models
demonstrated inconsistent, poor model performances that do not appear
robust to the new data upon which they are predicting. Previous studies
of optimal calibration set sizes for soil spectral inference have high-
lighted the need for calibration set sizes in the range of 60 to 70 samples
(Debaene et al., 2014; Dorantes et al., 2022; Luca et al., 2017), but
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selection methods to ensure representative calibration sets are employed
has been shown to reduce these required sizes somewhat (Ramir-
ez-Lopez et al., 2014). Thus, efforts to employ soil spectral inference in
PICTs using partial least squares regression models must be mindful of
the dangers of small calibration sample sizes and seek to ensure repre-
sentative selection of samples for laboratory analysis.

Memory-based learning approaches using only spectra from the
NZSSL to produce WAPLSR models for soils of Tongatapu were generally
unsuccessful. Prediction goodness of fit metrics for total organic carbon,
and total nitrogen were poorer than those of the NZSSL models for all
numbers of nearest neighbours explored. Whilst pH predictions made
using 100 or greater nearest neighbours did hold greater LCCC values,
and lower RMSE values than the NZSSL PLSR models, the performance
of MBL using purely New Zealand spectra was still quite poor. When the
spectra from Tongatapu were added to the NZSSL library, creating
regional spectral libraries of differing sizes, prediction performance
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memory-based learning predictions for total organic carbon, total nitrogen and pH, contrasted against the performance of a PLSR model trained exclusively on soils

from the NZSSL.
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improved. In cases where only small amounts of Tongatapu reference
information was added to the NZSSL, MBL outperformed PLSR models
constructed using the same number of samples, generally for 25 or fewer
samples in total organic carbon, and total nitrogen, and 15 or fewer
samples in the case of pH. Generally prediction qualities were not as
varied under low Tongatapu spectral information scenarios under MBL
as they were with small sample PLSR models (Fig. 5, Fig. 7), indicating
that such an approach of adding calibration samples to a larger regional
library may be a more reliable method to make use of spectral inference
in PICTs when traditional chemical analysis budgets may be low. As
these methods were tested with a dataset consisting of a whole island
survey of Tongatapu, and across multiple soil types and parent mate-
rials, the prediction qualities and lessons learned may change when
applied to field scale studies, as such approaches using spiking of local
information in MBL approaches has shown success at field and regional
scales in the past (Li et al., 2022; Moloney et al., 2023).

Soil spectral inference offers a pathway to cost-effective assessment
of soil condition and capital, which is crucial in insulating PICTs against
tangible threats to soil including acidification, carbon loss and declines
in fertility. The use of MBL techniques in PICTs are an opportunity to
enable the rapid development of an operational spectral inference
approach for soil monitoring and evaluation, to support soil security.
These spectral inferences approaches will be improved overtime as soil
type specific spectral libraries are produced for each PICTs. Investment
in regional surveys across the PICTs that target the initial development
of spectral inference approaches via MBL will enable the quantification
of soil security monitoring and evaluation. These investments in capa-
bility building and soil measurement, could be part of a regional
monitoring programs coordinated by the FAO Pacific Soil Partnership.
For example, historic and current investments by the Australian Centre
of International Agricultural Research NIR and MIR capability and soil
measurement in Tonga, Vanuatu, Tuvalu, Samoa, Kiribati, and Fiji could
be augmented with addition spectral information from New Zealand and
other volcanic, (e.g. Hawaii;(McDowell et al., 2012)) and atoll islands
databases and surveys to develop a larger regional library.

Conclusions

This work has highlighted the utility of soil spectral inference as a
low-cost tool for the assessment of soil properties in Tongatapu, and
across PICTs. Large spectral libraries with soils of similar soil forming
factors may provide a useful resource in generating robust predictions of
soil properties whilst local soil spectral libraries are being established in
The Kingdom of Tonga and beyond.

Though small calibration sample sizes can hold limitations in con-
ventional soil spectral inference approaches, the opportunities pre-
sented by MBL techniques makes the concept of regional cooperation in
the sharing and use of soil spectral information an appealing option for
developing soil spectral infrastructure across PICTs.

Further work is needed to evaluate the utility of these approaches for
farm scale or system scale applications of soil spectral inference as our
investigations represented a diverse range of soil types and properties
across an entire island.
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