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ABSTRACT ARTICLE HISTORY
This study presents a novel Spectral Triad feature selection (STfs) Received 3 November 2023
technique based on music theory and compares it to the entire Accepted 18 January 2024
Sentinel-2 feature space and Random Forest-Recursive Feature
Elimination (RF-RFE). The optimal subsets were evaluated with
Random Forest for retrieving Leaf Area Index (LAI), Leaf f 2

; feature selection;
Chlorophyll Co.nte.nt (L;ab), and Canopy Chlorophyll . antent chlorophyll content; leaf
(CCQO) in a semi-arid agricultural landscape. The results indicated area index; sentinel-2;
that the proposed STfs algorithm obtained equivalent or better random forest; biophysical
(i.e. by 1 - 3%) retrieval accuracies for LAl (R%., of 66%, root and biochemical variables
mean squared error of cross-validation [RMSE,] of 0.53 m? m™2),
LCup (R’ 74%, RMSE.: 7.09ug cm™2) and CCC (R’ 77%,
RMSE.: 33.69 ug cm™2), using only 5, 7 and 7 variables, respect-
ively, when compared to RF-RFE and entire Sentinel-2 feature
space. Overall, the proposed STfs algorithm has great potential to
optimize the spectral feature space of quasi-hyperspectral sensors
for rapid crop biophysical and biochemical parameter retrieval.

KEYWORDS
Remote sensing

1. Introduction

The retrieval of biophysical and biochemical variables (BVs) over agricultural areas has
become a critical task in recent years due to the need to optimise yield and farm inputs
and promote sustainability of the agro-ecological landscapes. The BVs such as Leaf Area
Index (LAI), Leat Chlorophyll a+ b (LC,) and Canopy Chlorophyll Content (CCC) have
been identified as the critical plant growth indicators, critical to supporting precision agri-
culture technologies for fertiliser and pesticides application and irrigation management.
LAI defined as one-sided leaf area per unit area (i.e. m*> m™), is a significant plant struc-
tural parameter indicative of the different growth conditions and phenology of the crops,
while LC,; and CCC are essential to detect crop stress due to biotic and abiotic stressors,
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and gross primary productivity (Gitelson et al. 2014) and is highly correlated to the
Nitrogen (N) content. N content is one of the most limiting factors in plants and it is
critical for crop growth, health, and yield (Daughtry et al. 2000; Gitelson et al. 2003).
Remotely sensed parameters of plant structural properties and N content such as LAIL
LC,p, and CCC, reduce the need for destructive, laborious, and costly direct estimation
and lab-based methods, thus crucial for optimizing irrigation, N fertilization for site-spe-
cific management and yield (Vincini et al. 2016; Jia et al. 2013).

To date, the approaches for the retrieval of BVs can be divided into four broad catego-
ries, i.e. spectral vegetation indices (SVIs), Radiative Transfer Models (RTMs), Machine
Learning Regression Algorithms (MLRAs) and hybrid techniques integrating the MLRAs
and Look-up-Tables (LUTs) generated using RTMs (Frampton et al. 2013). Among these,
hybrid techniques have the greatest potential for wide application as the RTM-simulated
LUTs can represent varying acquisition conditions and crop structural, biochemical, and
physiological conditions, while MLRAs can estimate the complex and non-linear relations
between the response and predictor variables. However, the RTMs require substantial
site-specific data (Verrelst et al. 2012), and their universality claim has not been yet fully
explored, as studies assessing the transferability of RTMs are often in similar climatic
environments (e.g. Mediterranean climates). Besides, operational techniques such as
Artificial Neural Networks (ANN) and PROSAIL-generated LUTs were found to perform
poorly in semi-arid regions (Kganyago et al. 2020). Recent studies (Verrelst et al. 2012;
Verrelst et al. 2015; Kganyago et al. 2021) show that simpler tree-based and kernel-based
MLRAs can perform equally well as complex algorithms (e.g. ANN). Therefore, the power
of MLRAs can be combined with real data consisting of various informative variables.

The optimization of the feature space, i.e. selection of informative feature subset, for
BV retrieval is critical to reducing errors and uncertainties, thus increasing trust in
remotely sensed BVs for farm decisions and site-specific management. Feature subset
selection is commonly applied in studies utilizing hyperspectral data, which is character-
ized by many (i.e. thousands of) narrow and adjacent spectral bands. Some of these stud-
ies (Verrelst et al. 2012; Verrelst et al. 2016) have shown that only four to nine bands,
selected through feature selection techniques, are sufficient to achieve robust retrievals of
BVs. For example, Verrelst et al. (2016) developed the Gaussian Process Regression Band
Analysis Tool (GPR-BAT) based on the Sequential Backward Band Removal (SBBR) algo-
rithm, where the GPR prediction error in response to a changing number of explanatory
variables (i.e. from all to one) is evaluated. In estimating Crop Water Content, LAI and
LC,p using field spectroscopy and airborne hyperspectral sensor, i.e. HyMap, the authors
found that the best-performing models for each parameter had 6, 4, and 9 spectral bands,
respectively. Another study, Xu et al. (2022), used GPR feature optimization and RF-RFE
(Recursive Feature Elimination) algorithm to select the most relevant and informative
Sentinel-1 and —2 features for biomass modeling. Their study found that the accuracy of
biomass estimation improved significantly when feature selection methods were employed.
However, hyperspectral data are limited to small areas and are costly to acquire. In the
current study, we argue that feature subset selection is also relevant for retrieving crop
BVs from multispectral data due to the high dimensionality of various possible covariates
that can be derived, such as spectral bands, SVIs, and textural measures. Moreover, the
advent of quasi-hyperspectral sensors such as Sentinel-3, Worldview-2 and its successors,
and Sentinel-2 Multi-Spectral Instrument (MSI)—characterized by many multispectral
broad and narrow bands that are strategically positioned for vegetation characterization
(Fitzgerald et al. 2010; Delegido et al. 2013; Dimitrov et al. 2019)—may introduce collin-
earity, which has been shown to affect MLRA performance (Yu & Liu, 2004). Moreover,
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redundant variables in the dataset introduce additional computational burden to an
already costly process of tuning hyperparameters, and training and testing the machine
learning models.

Generally, the optimization of variables for retrieval of crop BVs has been limitedly
explored, especially for quasi-hyperspectral sensors. In fact, previous studies (Kganyago
et al. 2021; Kganyago et al. 2022; Kganyago et al. 2022) either applied the entire feature
space (i.e. visible, near-infrared, and shortwave infrared) from such sensors or tested
VNIR (ie. S2-10m) and RE-SWIR (i.e. S2-20m) configurations of Sentinel-2. Others
combined all spectral bands with derived co-variates such as SVIs and textural measures,
which are often arbitrarily selected or based on prior knowledge (Sibanda et al. 2017). For
example, in estimating grassland LAI, LI et al. (2017) integrated Landsat Operational
Land Imager (OLI) bands with seven vegetation indices and found improvements in
accuracy once the variables were optimized, while Ramoelo et al. (2015) utilized
WorldView-2 spectral bands and vegetation indices as input to an RF model in estimating
grass quality indicators, i.e. leaf N and above-ground biomass, to R of 89% and 84%,
respectively. However, selecting covariates based on prior knowledge is beset with subject-
ivity and uncertainty due to the complex and interacting environmental and climatic fac-
tors that affect biophysical and biochemical traits in vegetation canopies, thus the canopy
reflectance. In agricultural environments, the selection of relevant covariates using prior
knowledge is further complicated by the varying agricultural management practices, phen-
ology, crop types, and limiting factors such as soil nutrients and water. Therefore, statis-
tical, data-based feature selection techniques are highly sought due to their capability to
associate each or a set of covariates to the BVs of interest and assign a rank (e.g. impor-
tance) based on linear and non-linear relationships among covariates or between covari-
ates and BVs. The statistical, data-based approaches, commonly classified as filter-based
(e.g. analysis of variance), wrapper-based (e.g. Recursive Feature elimination-Support
Vector Machine), and embedded (e.g. sparse Partial Least Squares) algorithms, are attract-
ive for optimizing crop BVs for site-specific management in various environments and
field conditions and are more objective since they determine the few optimal variables
based on the information content of the covariates, while also eliminating collinearity and
reducing training time. It is, therefore, essential to evaluate existing and develop new
approaches to optimize crop BV retrieval with quasi-hyperspectral sensors such as
Sentinel-2 MSL

The aim of this study was to optimize crop BV retrieval using feature selection techni-
ques to identify and select relevant remotely sensed covariates from Sentinel-2 data. To
achieve this, we propose a novel Spectral Triad feature selection (STfs) algorithm inspired
by music theory. The STfs algorithm was compared to the entire MSI feature space (i.e.
no variable selection) and a popular wrapper-based algorithm, i.e. Recursive Feature elim-
ination, coupled with Random Forest (RF-RFE) (Gregorutti et al. 2017) in terms of their
accuracy and training times in retrieving LAI, LC,, and CCC. Moreover, we assessed the
consistency in the selected feature subsets between STfs and RF-RFE in a semi-arid agri-
cultural landscape, i.e. Bothaville, South Africa. The characteristics of the study area were
described in our previous works (Kganyago 2021; Kganyago et al. 2021; Kganyago et al.
2022; Kganyago et al. 2022).

2. Materials and methods

Figure 1 summarizes the methods of the study. Generally, in situ data consisting of
observed BVs and GPS coordinates of the plot centroid (subsection 2.1) were used to



4 M. KGANYAGO ET AL.
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Figure 1. An overview of the data and methods used in this study.

extract spectral values using a 4m x 4m pixel block from the Sentinel-2 image. The
extracted tabular data were then subjected to the various variable selection techniques,
including the Spectral Triads feature selection algorithm (subsection 2.2) and Recursive
Feature Elimination (subsection 2.3), yielding optimal spectral bands for each BV. Next,
the optimal spectral bands from variable selection techniques and the entire dataset (i.e.
No feature selection) were used to build BV prediction models using the Random Forest
algorithm and 10-fold cross-validation (subsection 2.4).

2.1. Data

The experimental data for this study was collected in Bothaville between April 11" and
23", 2021. The measured crop parameters consisted of LAI and LC,p, using the Plant
Canopy Analyzer (Li-Cor 2200c, LiCor Inc., Lincoln, NE, USA) and Chlorophyll
Concentration Meter (MC-100 Apogee Instruments, Inc., Logan, UT, USA), respectively.
The Plant Canopy Analyzer was equipped with a view restricting cap of 180° FOV to
reduce the operator’s influence and that of neighboring objects on the LAl measurements.
On the contrary, LC,;, samples were acquired on sun-exposed leaves, where any sampling
point within the plot comprised a mean of several (i.e. 3 to 5) leaf measurements. For
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each 40 m x 40 m plot—selected on a random transect within various crop fields—an aver-
age of six to eight random sampling points were measured for both LC,, and LAI In
total, 351 plots were sampled (Table 1). The third parameter studied here, i.e. CCC, was
obtained as LC,, x LAI (Jacquemoud et al. 1995). The plots were Geo-tagged with a GPS
coordinate and a picture using TDC600 (Trimble Inc., Irvine, CA, USA) with an accuracy
of 1.5m. Table 1 shows the descriptive statistics of the measurements.

A Sentinel-2 image was collected on 14-04-2021 and was close to fieldwork dates. The
Level-2A image (i.e. atmospherically corrected) was retrieved from Sentinel Hub Cloud
API (Sinergise Laboratory for geographical information systems, Ltd., Ljubljana, Slovenia).
We used 10m spectral bands located at 490 nm (B2), 560 nm (B3), 665nm (B4), and
842 nm (B8), and 20 m bands at 705nm (B5), 740nm (B6), 783 nm (B7), 865nm (B8A),
1610nm (B11), and 2190nm (B12). To standardize the various resolutions, the 10 m
bands were converted to 20 m using nearest neighbor resampling technique in SNAP
Toolbox for further analysis.

The selected bands were masked using a crop mask, and non-vegetated pixels were
masked using an NDVT threshold of 0.2 following Kganyago et al. (2021).

2.2. Spectral Triads feature selection algorithm

For decades, algorithm development has been inspired by nature with a range of algo-
rithms developed based on the structures of the trees (e.g. Classification and Regression
Trees, CART), tree ensembles (i.e. Random Forests, RF), neural activity (e.g. Artificial
Neural Networks, ANN), and genetic mutations (i.e. Genetic Algorithm, GA). For
example, the popular RF algorithm for the classification and regression of remotely sensed
images is based on CART but builds many trees instead of one to form a forest. On the
other hand, GA was designed using theories of natural selection and population genetics
mechanisms (Ye 2018), while ANN uses the natural behavior of animals.

The Spectral Triads feature selection (STfs) algorithm, introduced here, aims to select
the most harmonious (i.e. informative) subset of features (e.g. spectral bands) from multi-
spectral data. The STfs algorithm is based on music theory, specifically, the major chord
formula, which consists of intervals 1-3-5 on a diatonic scale. A chord consists of three or
more pitches (or notes) played simultaneously; a diatonic scale is any scale with seven
pitches in an octave and consists of five whole steps (or tones) and two half steps (or
semitones) in each octave. The major chords, i.e. 1-3-5, consist of the root note (i.e. start-
ing note), a major third (3'Y), and the perfect fifth (5™). Therefore, the intervals of the
major chords (on a diatonic scale) inspire the formulation of the STfs algorithm because
their formula remains the same regardless of the root note and ensures a pattern where
there is a maximal separation between the half steps (i.e. adjacent variables) in multiple
octaves. In the context of the STfs algorithm, this interval ensures that each spectral triad
contains variables that are adequately separated (i.e. spectrally), thus avoiding excessive
collinearity in evaluating the triad. The STfs algorithm uses the major triad chord for-
mula, where 1-3-5 represents the starting variable (root note, Rn) and the third and fifth

Table 1. Descriptive statistics of measured LAl (m*> m~2), LC,p (ug cm™2), and CCC (g cm™2). n represents the total
number of plots.

n Min Mean Max SD Range Coef. var
LAI 351 1.16 3.46 6.17 0.89 5.01 0.26
LCab 351 332 28.38 63.62 12.79 60.30 0.45

CcC 351 7.87 100.46 339.09 58.85 331.23 0.59
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variables, respectively. The Rn refers to the starting variable (an index of the explanatory
variables in the dataset), which is 1 by default. The octaves, in the context of STfs, are the
search iterations or sequences (progressions) that stop when there are no more unique
spectral triads to evaluate or all the explanatory variables in the dataset are evaluated (i.e.
equivalent to when all notes on the diatonic scale are played).

For each triad, an evaluation criterion is used to rank the explanatory variables where
the best single variable in a triad is selected. The evaluation criteria in the filter mode of
STfs (Algorithm 1) can be an Entropy-based measure (e.g. Information gain) or ReliefF
while in wrapper mode, it uses an explainable machine learning algorithm such as Multiple
Linear Regression (MLR) or RF Variable Importance measure (Percent Increase in Mean
Squared Error, %IncMSE). The overview of the algorithm is outlined in Figure 2.

The STfs algorithm then returns an optimal subset of features #yy¢imar i.€. optimal fea-
tures selected from each triad, which is fewer than the original input features. Indeed,
depending on the dimensionality of the dataset, the number of evaluated spectral triads
and selected variables in a triad may still retain high dimensionality, and cause a loss in

)

Evaluation criteria ()

Spectral Triad feature selection (STfs)

TIIIIIIII HE

Dataset

Search space
A

g Ranked scores (r)

ER D Bl o

k= .97

]

& 3 .79
A\ J

T
-~
A

Optimal subset

Figure 2. An overview of the spectral triads feature selection (STfs) algorithm, demonstrating a case of variable subset
selection with Sentinel-2's ten spectral bands as input data matrix (m x n, where m is the Sentinel-2 bands [Bj], and n
is the number of observations) superimposed on ten keys to form a search space for the algorithm and correlation
analysis r as an evaluation criterion. All possible spectral triads (7) are evaluated using the search space, with the stop-
ping criterion reached when all triads are evaluated. A final subset consists of all best bands (i.e. with the highest
rank scores) from each triad (i.e. Mgpiima). The colors indicate the pattern of the different triads across the feature
space and overlaps of bands per triad.”
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computational efficiency. Therefore, in such cases, an optimal desired number of variables
or subset size (Pd) can be defined. If this value is different from the default my,sma (i.e.
all optimal features selected from each triad), the algorithm will be triggered to form and
evaluate new triads from the default m,,q until Pd is achieved. If features in the triad
cannot be distinguished using the evaluation metric or the evaluation criteria (see subsub-
section 2.2.2), e.g. 1, R?, %IncMSE, or the p-value, the entire triad is discarded. The pro-
posed algorithm steps are given in Algorithm 1.

Given the training data with the number of covariates n, the STfs routine in the filter
or wrapper modes (i.e. combined with an explainable learning algorithm such as RF) is
outlined below.

Algorithm 1. Spectral Triad feature selection

1. for Number of covariates n do

2. Choose the Root note Rn (from 1 to n of variables),

3. Based on the Rn, select the third R; and fifth Rs; notes (i.e., variables) to form a
triad T},

4. Evaluate the relationship of T; to the response variable y using ReliefF as an evalu-
ation criterion OR Train the MLR algorithm or Random Forest Model using T, to
T, and the relevant response variable y,

5. Rank and select the most significant (i.e., influential) variable R;, i.e., one with the
lowest p-value of F-Statistic or highest importance score,

6. Repeat steps 3 to 5, until all triads T, are evaluated,

7. Return all significant or important variables from T; to T, with their triad of origin
Ty and p-value or importance scores,

8. End for

2.2.1. Evaluation criteria

The STfs algorithm can accommodate various evaluation criteria, determining if the algo-
rithm is used in a filter or wrapper mode. For example, Pearson’s correlation coefficient r
(or its non-parametric alternative, Spearman’s rank coefficient p), Entropy-based algo-
rithms (such as Information gain and ReliefF) can be used in the filter mode, while an
explainable model such as MLR (or its non-parametric alternative, Generalized Additive
Models, GAM) and RF can be used in the wrapper mode. To demonstrate the perform-
ance of STfs in filter mode, we used the ReliefF algorithm, while in wrapper mode, we
used MLR and RF variable importance as evaluation criteria for each triad. Below is a
short description of the evaluation criteria considered here.

2.2.2. ReliefF

The ReliefF algorithm was developed to overcome the limitations of the original Relief
algorithm (Robnik-Sikonja and Kononenko 2003), which was limited to classification
problems and could not deal with missing values in the data. Relief and its adaptations
aim to estimate the quality of variables according to how well they can distinguish close
observations. To achieve this, the original Relief algorithm first randomly selects an obser-
vation R;, then determines two nearest observations (i.e. neighbors), where one is from
the same class as R;, i.e. nearest hit H, and the other is from a different class, i.e. nearest
miss M. Then, it estimates and updates the quality W[A] of all variables A depending on
their values for R;, H, and M. This process is repeated for m times, defined by the user.
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Instead of only two nearest neighbors (i.e. H and M), the extension of Relief, i.e. ReliefF,
uses k nearest H and M, and the final W[A] of A is determined by averaging the contri-
bution of k. ReliefF was later adapted for regression problems (called RReliefF), where a
probability that the predicted values of two observations are different is used instead of
whether they belong to the same class for classification problems (Robnik-Sikonja and
Kononenko 2003). Further details can be found in relevant publications (Kononenko
et al. 1996; Robnik-Sikonja and Kononenko 2003). RReliefF was performed in R-Statistic
software using the ‘FSelectorRcpp’ package (Zawadzki and Kosinski 2020; Romanski
2021), which is a reimplementation of the ‘FSelector’ package (Romanski 2021), but elimi-
nates dependence on JAVA/WEKA and allows parallel processing and sparse matrix.

2.2.3. Multiple linear regression analysis

Multiple Linear Regression (MLR, Equation 1) determines the most influential predictor
variables (x) according to the amount that each predictor variable (y) reduces the residual
sum of squares.

y=mx +mxy+...+mux, +b (1)

Where y is the response variable (i.e. LAI, LC,, CCC), and x;_, are predictor varia-
bles, m; represent regression coefficients, while b represents the intercept. The regression
coefficient, i.e. the partial derivative of the response variable for each predictor variable,
measures the linear sensitivity of y to inputs x; , (Mohanty and Codell 2002). The coeffi-
cient of determination, adjusted for the degree of freedom (adjusted R?), was used to
determine the relationship between the response variable and predictor variables in each
triad, while the F-statistic p-value was used to determine the significance of the relation-
ships at = 0.05 and rank the most significant explanatory variable.

2.3. Recursive Feature Elimination

Recursive Feature Elimination (RFE) is a greedy optimization wrapper-based algorithm,
which sequentially removes the least important variables while retaining a few and an
optimal subset of variables. Because it uses a machine learning regressor to evaluate each
predictor variable for its predictive power in the modeling of a response variable, it falls
under the category of wrapper-based variable selection approaches and can be combined
with various MLRAs. In this way, it starts with a full set of variables to iteratively build
regression models, while progressively eliminating the variables that do not improve the
estimation errors of the model at each iteration until all features are exhausted.
Consequently, RFE reduces dimensionality and eliminates dependencies between predictor
variables. The performance of each model is assessed using RMSE and the cross-valid-
ation resampling technique (Demarchi et al. 2020). Previous studies (Demarchi et al.
2020; Georganos et al. 2018; Kganyago et al. 2017; Rajasheker R Pullanagari et al. 2018)
have combined the RFE algorithm with Support Vector Machine (SVM-RFE) and
Random Forest (RF-RFE) in classification and regression problems. In this study, we used
the RF-RFE, where: at each iteration, the algorithm eliminates the variables with the least
importance in the RF models based on a 10-fold cross-validation strategy.
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2.4. Modelling and prediction accuracy assessment

2.4.1. Random Forest

Utilizing R-statistics software and the ‘randomForest’ package, the retrieval of BVs under
consideration here, LAI, LC,, and CCC, was carried out (Breiman et al. 2018). RF uses
bagging to create several decision trees repeatedly and independently from a set of ran-
dom training samples produced by resampling with replacement from the original sample
(Fawagreh et al. 2014; Breiman 2001). During RF modelling, approximately 64% of the
training data are kept for model building (i.e. in-bag samples), while the remaining 36%
(i.e. out-of-bag or OOB samples) are used for internal model performance evaluation and
variable importance calculations (Gislason et al. 2006). When permuting OOB samples
while holding all the other factors constant, the %IncMSE (Percent Increase in Mean
Squared Error) is calculated to determine the importance of each explanatory variable.
%IncMSE, a ranking metric for the various variables, is used to evaluate the variables’
predictive ability. For instance, a variable might be considered significant if its exclusion
from the model significantly lowers prediction accuracy. In essence, a high importance
score for an explanatory variable implies a strong association with the response variable
or predictive power (Mutanga et al. 2012; Ramoelo et al. 2015). The RF variable impor-
tance measure was used in the STfs algorithm.

For modelling, the optimal tuning parameters ntree (i.e. the number of trees) and miry
(i.e. the number of variables), were determined using a grid-search strategy by testing all
combinations of ntree values from 100 to 500 with an interval of 10 and mtry values from
1 to p (i.e. number of explanatory variables) with a single interval. Five models per BV
(LAI, LC,, and CCC) were built, i.e. STfs-ReliefF, STfs-MLR, STfs-RF, RF-RFE and No
feature selection, totalling 15 models.

2.4.2. Model performance assessment

The prediction errors of each subset of features or the entire feature space were assessed
with the Coefficient of determination (R?.), Root Mean Squared Error (RMSE ,,), and
Mean Absolute Error (MAE,,), Relative RMSE (RRMSE,,) and Bias (BIAS,,) of a 10-fold
cross-validation. In 10-fold cross-validation, the dataset is randomly divided into 10 equal
data subsets, where nine data subsets serve as the training set and one data subset as a
validation set. The regression model is trained 10 times. For each training instance, one
of the subsets is omitted from training and used only to assess the regression accuracy
using the described metrics. The final reported metrics are an average of validation sets
omitted from each training instance. In contrast to the traditional 70/30 (i.e. training/val-
idation), the 10-fold cross-validation ensures that all data are used for training and valid-
ation (Verrelst et al. 2015; Shah et al. 2019). The R? is a correlation-based metric that
determines how much of the variance of the response variable, such as LA, is explained
by the explanatory variables (e.g. spectral bands). The RMSE and MAE, on the other
hand, measure the amount of error between the predictions and observations in the units
of the BV, ie. m* m™> and pg cm™ for LAI and LC,, and CCC, respectively. The
RRMSE is a dimensionless index for comparing different variables or ranges, where values
below 10% are considered Excellent, and 10% to 20% are considered Good (Richter et al.
2012). Lastly, a model’s propensity to under- or overestimate a BV is measured by Bias,
where 0 is the optimum Bias, and values near 0 Bias denote a correct model (Gara et al.
2019). These accuracy metrics were computed using R-statistics version 4.1.2, packages
“Metrics” (https://cran.r-project.org/web/packages/Metrics/index.html, accessed 18 July
2021) and “Fgmutils” (https://rdrr.io/cran/Fgmutils/, accessed 18 July 2021).
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3. Results

As shown by the results in Table 2, the number and location of spectral bands selected by
the proposed STfs algorithms varied by biophysical and biochemical parameters, i.e. LAI,
LC,p, and CCC, and ranged from five to eight. For LAI, STfs-ReliefF had the best per-
formance with R’ of 66% and RMSE,, of 0.53 m* m~> using only five variables (i.e. B3
[560 nm], B5 [705nm], B6 [740 nm], B8 [842nm], and B11 [1610 nm]). In contrast, the
STfs-MLR and STfs-RF had an equivalent performance with R., of 63% and RMSE,, of
0.55 m*> m~2. However, the former used relatively more spectral bands, i.e. seven (B3
[560 nm], B4 [665nm], B5 [705nm], B7 [783 nm], B8 [842nm], B11 [1610 nm], and B12
[2190 nm]), while the later used only six spectral bands (i.e. B3 [560 nm], B4 [665 nm], B5
[705nm], B6 [740nm], B11 [1610nm], and B12 [2190 nm]). On the other hand, STfs-
MLR was optimal in the retrieval of both leaf-level and canopy-level chlorophyll content,
ie. LCu (R’ 74%, RMSE.: 7.09ug cm™2) and CCC (R’.: 77%, RMSE.: 33.69 g
cm™?), using only seven spectral bands, ie. B2 (490 nm), B3 (560 nm), B4 (665nm), B5
(705 nm), B6 (740 nm), BSA (865nm), and B11 (1610 nm) and B3 (560 nm), B4 (665 nm),
B5 (705nm), B6 (740 nm), B7 (783 nm), B8A (865nm), and B11 (1610 nm). The spectral
bands selected by RF-RFE are B3 (560 nm), B5 (705nm), B6 (740 nm), B8A (865 nm), and
B1l (1610nm) for LAI, B4 (665nm), B6 (740nm), B7 (783nm), B1l (1610nm), B12
(2190 nm) for LCC and B3 (560 nm), B5 (705 nm), B6 (740 nm), B8A (865 nm), and B12
(2190 nm) for CCC.

Figure 3 shows the Similarities and differences in selected features between STfs and
RF-RFE. None of the evaluated feature selection algorithms selected B2 (490 nm) for LAI,
while STfs-MLR and STfs-ReliefF selected it for LC,, and only STfs-ReliefF for CCC.
Sentinel-2 B3 (560 nm), B5 (705 nm), and B11 (1610nm) for LAI, B4 (665nm) for LC,p,
and B5 (705nm) and B6 (740nm) for CCC were mutually selected by all algorithms.
Generally, the selected bands by STfs were consistent with those selected by a well-estab-
lished algorithm, i.e. RF-RFE.

When benchmarked against the entire feature space (i.e. no feature selection), results
show that the retrieval accuracy of crop biophysical and biochemical parameters using the
optimized MSI feature space by STfs algorithms was consistently slightly higher R’., by
3%, 1%, and 2% and RMSE,, by 0.03 m* m™2, 0.12ug cm ™2, 1.61 ug cm™>, for LAIL, LC,,
and CCC, respectively. Similarly, the comparison of the optimized MSI feature space by

Table 2. The performance of optimal variables selected by spectral triad feature selection (STfs), Random Forest-
Recursive Feature Elimination (RF-RFE), and comparison to entire feature space (i.e. no feature selection).

Feature selection approaches n Selected features R%, RMSE, MAE, RRMSE. BIAS., Training time (s)

LAl STfs-MLR 7 0.63 0.55 0.37 0.01 0 26.39
STfs-ReliefF 5 066 053 036 0.01 0 24.25
STfs-RF 6 0.63 0.55 0.37 0.01 0 25.67
RF-RFE 5 066 053 037 0.01 0 23.33
No feature selection 10 0.64 0.55 0.37 0.02 —0.15 29.11

LC,, STfs-MLR 7 0.74 7.09 5.45 0.02 -0.1 25.44
STfs-ReliefF 6 073 723 5.63 0.02 -0.15 24.09
STfs-RF 8 074 7.3 5.54 0.02 -0.12 26.43
RF-RFE 5 073 7.4 5.64 0.02 -0.09 22.63
No feature selection 10 073 7.3 5.55 0.02 —0.15 27.34

CCC  STfs-MLR 7 0.77 33.69 24.01 0.02 0.16 27.28
STfs-ReliefF 7 0.76 3445 2426 0.03 -0.13 26.80
STfs-RF 7 0.74 35.13 2550 0.03 0.45 25.89
RF-RFE 5 078 32.82 2324 002 —0.03 23.83
No feature selection 10 075 3476 2471 0.03 0.35 29.58

The best-performing feature selection algorithms are highlighted in bold.
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Figure 3. Similarities and differences in selected features between the proposed spectral triad feature selection (STfs)
and Random Forest-Recursive Feature Elimination (RF-RFE) algorithms. Selected spectral bands for estimating (a) LAI,
(b) LCab, and (c) CCC. The x-axis indicates Sentinel-2 spectral bands used in the analysis.

STfs algorithms to a well-established wrapper-based feature selection algorithm, i.e. RF-
RFE, also shows minute differences in accuracies with R’ differences of only 1% across
all considered crop biophysical and biochemical parameters. In addition, depending on
the crop parameters, the RMSE,, differences were marginally more favourable to STfs or
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RFE-RFE. All models achieved RRMSE_, less than 3%. Table 2 shows that feature subset
selection results in better accuracies.

As shown in Figure 4, the distribution of predicted vs. observed BVs show no apparent
differences between the entire feature space (i.e. No feature selection), RF-RFE, and STfs,
except for LAI, where some values around 2 m* > were overestimated as values
between 3 and 4 m*> m ~2 by all subset and the entire feature space (Figure 4), resulting
in BIAS,, of between 0.002 to 0.005 m®> m ~2 for STfs and RF-RFE. These overestimations
are also visible in some areas (see the red box) on the spatial distribution maps (Figure
5(g)). Moreover, LAI values between 4 m” m ~ and 5.5 m* m ~? were underestimated by
all datasets but severe in No feature selection where a BIAS. of 0.15 m®> m ~2 was
obtained. The optimal subsets by STfs and RF-RFE achieved better characterization of low
LC,; values (shown in cyan to blue in Figure 5(b,e)) than in the entire feature space.

m-

4. Discussion

The advent of quasi-hyperspectral sensors such as Sentinel-2, characterized by many
broad- and narrow-band wavelengths, present challenges of collinearity to machine learn-
ing algorithms, resulting in suboptimal performance. Therefore, this calls for optimizing
the features for specific problems and applications through feature selection to ensure that
the optimal subset (i.e. fewer bands that can achieve equivalent or better accuracy to the
entire dataset) is used for prediction. In this study, the Spectral Triad feature selection
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Figure 4. Comparison of the scatterplots of crop biophysical and biochemical parameters derived from the optimized
Sentinel-2 MSI subsets selected by various feature selection techniques, i.e. spectral triad feature selection (a, d, g),
Random Forest — Recursive Feature Elimination (b, ¢, h), and no feature selection (c, f, i).
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Figure 5. Maps of crop biophysical and biochemical parameters retrieved using the optimized Sentinel-2 MSI subsets
selected by the novel spectral triad feature selection (a, b, and c), Random Forest-Recursive feature Elimination (d, e,
and f), and entire feature space (i.e. no feature selection, g, h, and i).

(STfs) algorithm - based on music theory - is proposed, with two variants, i.e. filter-based
STfs and wrapper-based STfs. Specifically, in filter-based mode, STfs was used with
ReliefF algorithm, while in the wrapper-based mode, it was used with multiple linear
regression and Random Forest (RF) algorithms (see Table 2 and Figure 3). The study
found that feature selection algorithms selected fewer spectral bands, ie. five to eight,
varying by BV. This finding is consistent with studies by Verrelst et al. (2016) and
Verrelst et al. (2012) that found that 4 to 9 spectral bands (out of hundreds from hyper-
spectral sensors) were optimal for retrieving crop parameters. Moreover, LAI and CCC
were characterized by similar bands selected by STfs-Relief (except for B2 selected for
CCC but not LAI) and RF-RFE (except for B12 selected for CCC but not LAI) (see
Figure 3), which indicates that similar plant traits influence the two crop parameters. The
similarity of selected bands across different crop parameters may be due to the known co-
variation of plant traits within various spectral regions covered by MSI (Ollinger 2011).
This finding indicates that the novel STfs can select highly informative variables and is
comparable to a well-established feature subset selection algorithm, i.e. RF-RFE.
Therefore, STfs is promising for optimizing the feature space of quasi-hyperspectral data
to reduce the complexity of the models and improve processing speeds. The fact that the
spectral bands chosen by STfs and RF-RFE were dispersed across the whole MSI spectral
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coverage in Figure 3 is among the most important findings of this study. It highlights the
significance of the MSI for various land applications, including supporting precision agri-
culture applications. Besides, studies reveal that the various plant traits impact the electro-
magnetic spectrum across the board, not just in certain places. For instance, although leaf
pigments like chlorophyll are known to absorb heavily in the blue (400-500 nm) and red-
edge (650-700 nm) regions, LAI affects the entire spectrum (Ollinger 2011; Verrelst et al.
2016).

Certainly, feature subset selection is beneficial, resulting in better prediction accuracies
(See Table 2). This observation is consistent with Mutanga et al. (2015), who found that
three normalized ratios achieved better RMSE of calibration, i.e. 0.175 vs. 0.187 achieved by
28 normalised difference indices (NDIs), and five ratio indices (RIs) achieved 0.176 vs 0.188
achieved by the entire dataset of 56 RlIs. In estimating crude protein and metabolizable
energy using airborne hyperspectral imaging, Pullanagari et al. (2018) found that RF-RFE
outperformed the full spectrum, achieving R’ of 80% vs. 66% and 78% vs. 61%, respect-
ively. Moreover, Kganyago et al. (2021) found that the sparse Partial Least Squares (i.e.
embedded feature selection algorithm) yielded better performance (i.e. RMSE: 7.90 ug cm™>)
over Gradient Boosting Machines—which achieved RMSE of 8.25ug cm™> with no feature
selection—in retrieving LC,;, by using only seven variables. The optimized subsets in the
current study performed better compared to the Sentinel-2 subsets used by Delloye et al.
(2018) in evaluating the performance of the ANN algorithm for BV retrieval, ie. 10m
bands (n=3, [B3, B4, B5]), SPOT5 bands (n=4, [B3, B4, B8 and Bl11]), Red-edge (n=7,
[same as SPOT5 and B5, B6 and B7]), and All bands (all Sentinel-2 bands, excluding B2).
In LAI retrieval, their results had RMSE values ranging from 0.55 m” to 1 m* m ~2, while
LC,;, RMSE values ranged from 11.03 to 13.94 ug cm™> and for CCC, they achieved RMSE
values from 0.35 to 0.51g m™2. Comparatively, the results obtained from STfs subsets are
higher by 0.02 m* m ~* and 3.93pug cm™?, for LAI and LC,, respectively. Another study
utilizing all Sentinel-2 bands, Partial Least Squares Regression and RF algorithms found
RMSE of 0.68 m*> m ~2 for LAI and 8.88ug cm™> for LC,, resulting in differences of
0.15 m* m ~* and 1.78 pug cm ™2, respectively, with STfs optimized subsets.

In the current study, RF-RFE was consistently faster due to a relatively smaller subset,
i.e. five spectral bands. STfs resulted in better training times when compared to the entire
feature space (i.e. No feature selection). The relatively small feature subsets obtained by
RF-RFE and STfs are critical for reducing model complexity and the chances of overfitting
from redundant features (R. R. Pullanagari et al. 2016). The optimized feature spaces by
STfs and RF-RFE in Figure 4a and b, respectively, could reduce these overestimations to
below 4 m?> m~2, thus demonstrating the robustness of retrievals derived from optimal
feature subsets. As it learns the significance of the features from the data, the STfs algo-
rithm has the potential to be applied to any dataset, including hyperspectral data and
datasets containing diverse variables such as a combination of spectral bands, vegetation
indices, and textural measures.

While STfs algorithms selected various numbers of spectral bands per crop biophysical
and biochemical parameters, RF-RFE consistently selected five spectral bands. This finding
can be attributed to the search criterion used by the proposed STfs algorithm vs. the RFE
algorithm. STfs uses spectral triads, i.e. combinations of three spectral bands, at each iter-
ation and uses the evaluator (i.e. filter-band or machine learning algorithm) to estimate
the relationship with the response variable, ranks, and selects a single most contributing
spectral band in a triad. In contrast, RFE sequentially removes the least contributing
bands in the regression models until there is no possible elimination without causing a
loss in accuracy. The remaining spectral bands are considered the optimal subset. In STfs,
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spectral bands have many chances of being selected because the relatively lowly contribu-
ting spectral bands in each triad may be a high contributor in another triad, while elimi-
nated spectral bands in RFE are not considered again in evaluating the subset. Therefore,
STfs is likely to retain more spectral bands than RFE, as observed in the current study. In
highly dimensional data such as hyperspectral data, it is anticipated that the number of
evaluated spectral triads and selected variables in a triad may still retain high dimension-
ality and cause a loss in computational efficiency. In such cases, it is recommended to
specify the desired number of variables or subset size, in which case, the algorithm will
create and evaluate new triads until the specified subset size has been reached. Future
studies should test the algorithm with hyperspectral data and many datasets to evaluate
the performance of STfs comprehensively. Other evaluation criteria could be incorporated,
as well as other chord structures.

The STfs algorithm offers several advantages: (1) it provides an objective criterion for
choosing the relevant variables, compared to arbitrarily chosen thresholds in filter-based
approaches; (2) any evaluation criteria can be used to rank informative variables in each
triad, thus allowing the user the flexibility and freedom of choice. For example, the users
are not only limited to filter approaches but can employ more robust and explainable
machine learning algorithms; (3) only relevant (i.e. most informative) variables, i.e. in
relation to one another and the response variable, are selected to form the final subset for
prediction, thus simultaneously dealing with problems of collinearity and dimensionality.

5. Conclusion

This study proposed the novel Spectral Triad feature selection (STfs) for optimizing the
spectral feature spaces of quasi-hyperspectral sensors such as Sentinel-2, which are charac-
terized by many typical broad-band and strategically located narrow-band wavebands.
The performance of the proposed feature selection technique was benchmarked against
the well-established Recursive Feature Elimination (RFE) coupled with a machine learning
algorithm, i.e. Random Forest (RF), and the entire MSI spectral feature space, in retriev-
ing essential crop biophysical and biochemical parameters. Overall, the results demon-
strated that the MSI feature space could be optimized through feature selection, which
results in slightly better or equivalent retrieval accuracies to the entire MSI feature space.
Moreover, the spectral bands selected by STfs were consistent with those selected by a
well-established algorithm, i.e. RF-RFE. This study showed that the proposed STfs algo-
rithm has great potential to optimize the spectral feature space of quasi-hyperspectral sen-
sors for rapid crop biophysical and biochemical parameter retrieval.
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