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Preface

Understanding vegetation’s structure and function is essential for understanding ecosystems,
biodiversity, and environmental change. While field-based methods are accurate, they are spatially
disabled. Remote sensing provides scalable, repeatable, and non-invasive approaches to capture
vegetation traits and ecosystem functions. With advances in hyperspectral imaging, LiIDAR, satellites,
and UAVs, vegetation function and traits can now be observed across multiple spatial and temporal
scales. This Special Issue showcases global interdisciplinary research connecting remote sensing,

plant science, and environmental management.

Tawanda W. Gara, Cletah Shoko, and Timothy Dube
Guest Editors
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Abstract: Integrating multimodal remote sensing data can optimize the mapping accuracy of indi-
vidual trees. Yet, one issue that is not trivial but generally overlooked in previous studies is the
spatial mismatch of individual trees between remote sensing datasets, especially in different imaging
modalities. These offset errors between the same tree on different data that have been geometrically
corrected can lead to substantial inaccuracies in applications. In this study, we propose a novel
approach to match individual trees between aerial photographs and airborne LiDAR data. To achieve
this, we first leveraged the maximum overlap of the tree crowns in a local area to determine the
correct and the optimal offset vector, and then used the offset vector to rectify the mismatch on
individual tree positions. Finally, we compared our proposed approach with a commonly used
automatic image registration method. We used pairing rate (the percentage of correctly paired trees)
and matching accuracy (the degree of overlap between the correctly paired trees) to measure the
effectiveness of results. We evaluated the performance of our approach across six typical landscapes,
including broadleaved forest, coniferous forest, mixed forest, roadside trees, garden trees, and park-
land trees. Compared to the conventional method, the average pairing rate of individual trees for
all six landscapes increased from 91.13% to 100.00% (p = 0.045, t-test), and the average matching
accuracy increased from 0.692 £ 0.175 (standard deviation) to 0.861 £ 0.152 (p = 0.017, t-test). Our
study demonstrates that the proposed tree-oriented matching approach significantly improves the
registration accuracy of individual trees between aerial photographs and airborne LiDAR data.

Keywords: remote sensing; multimodal images; object-based image analysis; spatial mismatch;
registration noise; intersection over union

1. Introduction

Information on individual trees is essential for forest management, biodiversity con-
servation, and assessment of ecosystem services [1-3]. Meanwhile, as a meaningful unit of
analysis at a fine scale [4], individual tree level information is crucial for accurate estima-
tion of essential biodiversity variables (EBVs) [5-7], such as biomass [8-10], structural and
chemical properties [11,12], as well as functional diversity [13,14]. However, traditional
tree inventory tends to be carried out at the plot or stand level [15-18] since obtaining
individual tree level information over large areas is usually impractical or impossible via
ground survey methods due to extremely high cost and labor-intensive fieldwork [19-21].

To complement in situ measurements, remote sensing has been commonly used to
study individual trees at a local or landscape level over the past two decades [22-24].
A critical step before studying individual trees with remote sensing data is delineating
individual tree crowns [22,25,26]. High spatial resolution optical remote sensing data
(e.g., satellite images, aerial photographs, and drone images) have a proven potential to
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effectively segment individual trees [3,23,27-39]. However, segmenting individual trees
using optical images often leads to over- or under-segmentation of trees as objects in
different scenarios, caused by spectral heterogeneity, noise pixels (intensity variation),
shadows, as well as observation and illumination angles for imaging [30,31,33,40].

Light detection and ranging (LiDAR) can render three-dimensional (3D) structural
information of trees [41-44]. Recently, with the rapid advancement of LiDAR sensors and
the availability of LiIDAR data, LIDAR technology has gradually become an indispensable
active remote sensing technique for delineating individual trees [45-48]. Small-footprint
airborne [49-52] and drone (UAV)-based LiDAR data [53-55] are the primary sources
of LiDAR data that have been widely used to segment individual trees. Compared to
optical sensors, LiDAR is not impacted by illumination artifacts such as the shading of
shorter trees by their taller neighbors [25,56,57]. For that reason, the problem of under-
segmentation has been effectively resolved with LiDAR by some existing individual tree
segmentation algorithms [58-60]. However, these algorithms do detect multiple peaks
in tree crowns, resulting in varying degrees of over-segmentation [61,62]. To address
this problem, recent studies have attempted to improve the accuracy of individual tree
delineation by integrating optical and LiDAR data [63,64]. These studies have shown that
the accuracy of delineating individual trees can be considerably improved by fusing both
spectral (optical images) and structural features (LiDAR data). Consequently, the fusion
of multimodal remote sensing data for delineating individual trees has gained increasing
attraction in recent years.

Local mismatches (misalignments) between images are often overlooked when inte-
grating multimodal remote sensing data (e.g., fusion of optical and LiDAR data) to identify
individual trees [65,66]. However, local mismatch still occurs and is referred to as regis-
tration noise/error [67,68] due to dissimilarities in acquisition circumstances and imaging
principles of the sensor with different modes [69,70]. Moreover, images in different modes
are more likely to cause complicated nonlinear deformation and displacement of ground
objects between images [71-73]. The positional discrepancy between multimodal datasets
has a significant effect on subsequent applications through error propagation [74-77]. Area-
and feature-based matching are two methods commonly utilized to align remotely sensed
images [78].

The area-based matching processes the intensity of corresponding image areas and
searches for the best matching similarity in the window template, but the classic methods
are not robust enough for multimodal image with apparent radiometric difference [79,80].
Although some normalized cross-correlation (NCC) (one of area-based methods) variants
like automatic registration of remote sensing images (ARRSI) and orientation phase con-
sistency histograms (HOPC) were proposed to allow NCC framework to realize image
registration with nonlinear radiometric difference [81,82], they were limited to invariance
of intensity mapping matching process and specific geometric and radiometric constraints,
respectively [81,83]. In terms of feature-based matching, the most common method is to
explore tie points between the reference image and candidate image by manual selection or
automatic techniques [84]. Yet, the manual selection is labor intensive, time consuming,
and prone to subjective errors, which is only suitable for small areas or medium- and low-
resolution remote sensing imagery with spatially consistent offset. In terms of automatic
approach, the scale-invariant feature transform (SIFT) [85] and variations thereof [86-89]
are the most commonly used automatic algorithms [90,91]. These algorithms aim to detect
the homonymy points based on local features in images, which is hence difficult or even not
available to be applied in multimodal images due to the influence of nonlinear radiometric
differences [73,92].

In recent years, researchers have attempted to use deep learning techniques to register
multimodal images [93]. Two main strategies have been explored to leverage deep learning
for image registration [72]. The first strategy is deep iterative methods that employ neural
networks to compute advanced similarity metrics between image pairs and guide iterative
optimization for accurate registration [94]. Examples of deep iterative methods include
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stacked autoencoders [95-97], convolutional neural networks (CNNs) [98-100], and re-
inforcement learning [101]. The second method is deep transformation estimation that
directly predicts geometric transformation parameters or deformative fields. This method
can be supervised or unsupervised, depending on the training strategy [102-105]. Super-
vised methods need ground-truth data and use various architectures and loss functions for
training. Unsupervised methods rely on traditional similarity metrics and regularization
for loss functions. They also use spatial transformer networks for end-to-end transfor-
mation learning and adapt to multimodal images. Deep learning-based methods have
achieved remarkable progress in remote sensing image registration, but they also face
challenges to practicality and generalizability [106]. They require substantial labeled data
and computational resources for training and inference. However, traditional approaches,
which are known for their efficiency and simplicity, struggle to match the high accuracy
showcased by deep learning models. Therefore, considering the trade-offs between the
advantages and challenges of deep learning, it is critical to further refine and expedite
image registration processes, especially for multimodal images.

In this study, we propose a novel tree-oriented approach to match individual trees
between aerial photographs and airborne LiDAR data. To achieve this, we first leverage
the maximum overlap of the tree crowns in a local area to determine the correct and the
optimal offset vector, and then use the offset vector to rectify the mismatch on individual
tree positions. We used pairing rate (the percentage of correctly paired trees) and matching
accuracy (the degree of overlap between the correctly paired trees) to assess the effectiveness
between our proposed approach in matching individual trees and compare it with a
commonly used automatic image registration method.

2. Methods
2.1. Proposed Tree-Oriented Matching Approach

When processing images, pixels are first grouped as an object, based on either spectral
similarity or external variables (such as ownership and geological unit) as a new analysis
unit, which is a more effective and meaningful alternative way to studying targets than
using pixels directly [107-109], i.e., object-based image analysis (OBIA) [107,110]. The
results of delineating an individual trees boundary fits the concept of OBIA, and some
structural traits may be more easily retrieved at an individual tree level (e.g., tree height,
crown size, and the diameter at breast height) [111,112]. Therefore, we proposed an
individual tree-oriented matching approach to improve the matching accuracy of individual
trees from aerial photographs and airborne LiDAR-derived CHMs. The flow diagram of
the approach is shown in Figure 1 and followed by a detailed description of each step
(Algorithm 1).

2.2. Automatic Image Registration Workflow in ENVI

To compare with the traditional method, we also used the Automatic Image Registration
Workflow module in mainstream commercial software ENVI (version 5.6.3 (c) 2022 L3Harris
Geospatial Solutions, Inc., Manila, Philippines) to geometrically align two images [113].
We chose the mutual information matching method (developed for images with different
modalities) to automatically generate tie points and kept other parameters as default. After
tie points were generated, we removed those with clear errors and then registered the warp
image with the remaining points. Finally, we delineated bounding boxes of individual trees
from the registered images to compare the effectiveness of both methods.
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Algorithm 1: The pseudocode of proposed tree-oriented matching approach.

Matching individual trees is
Initialize:
minimum and maximum crown area ratio: min_car, max_car; maximum offset: max_offset
Input: canopy height models (CHMs) # reference dataset;
aerial photographs (ARPs) # candidate dataset
# Step 1: Mark individual trees with bounding boxes
(The bounding boxes were delineated manually in this study)
CHM_trees <- mark_trees(CHMs)
ARP_trees <- mark_trees(ARPs)
# Step 2 Iterate over a tree in CHMs as a reference tree (Figure 1a)
for reference_tree in CHM_trees:
search_center <- reference_tree.center
# Step 3: Choose candidate trees according to search_center and max_offset (Figure 1b)
(To filter those trees whose center exceeds the maximum offset of the reference tree)
candidate_trees <- ARP_trees.within_radius(search_center, max_offset)
reference_trees <- CHM_trees.within_radius(search_center, max_offset)
# Step 4: Filter candidate trees based on crown area ratio (Figure 1c)
(To filter those trees whose crown area is much larger or smaller than that of the reference
tree)
candidate_trees <- candidate_trees.filter(min_car, max_car, reference_tree.crown_area)
# Step 5: Calculate offset vectors for each candidate tree and rectify tree locations (Figure 1d)
(To rectify the candidate trees according to the offset vectors)
for candidate_tree in candidate_trees:
offset_vector <- reference_tree.center() - candidate_tree.center()
candidate_rectified_trees.append(candidate_trees.rectify_location(offset_vector))
# Step 6: Calculate NIoU and select the correct offset vector (Figure 1e)
(To choose the correct offset vector for the currently selected reference tree that maximizes
the sum of NIoU between the selected reference trees and the candidate trees)
correct_offset_vectors.append(max(sum(NIoU(reference_trees, candidate_rectified_trees))))
# Step 7: Rectify tree locations based on the correct offset vectors (Figure 1f)
(To rectify the trees in aerial photographs with the correct offset vectors)
for correct_offset_vector in correct_offset_vectors:
ARP_rectified_trees.append(ARP_trees.rectify_location(correct_offset_vector))
# Step 8: Determine the final offset vector (Figure 1g)
(To determine the final offset vector that maximizes the sum of NIoU between individual trees in
CHMs and the rectified trees in aerial photographs)
final_offset_vector <- max(sum(NIoU(CHM_trees, ARP_rectified_trees)))
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Trees in LiDAR-derived CHM  Trees in aerial photographs

Reference tree  Candidate tree Search range

P " .

Offset vector Selected vector Tree crown center

Figure 1. The flow diagram of the proposed tree-oriented matching approach.

3. Experiments
3.1. Experimental Site

The experimental site is Arnhem, the Netherlands (Figure 2). Arnhem is a city and
municipality situated in the central part of the Netherlands, containing many parks and
forests. The north corner of the municipality is part of the Veluwe—the largest forest area
in the Netherlands. Following the definition of the United Nations” Food and Agriculture
Organization (FAO) [114] and CORINE land cover classification scheme [115], we divided
the forest landscapes in the study area into broadleaved forest (>75% cover of broadleaved
trees), coniferous forest (>75% coniferous trees formation), and mixed forest (composed of
more than 25% coniferous and broadleaved trees). Furthermore, due to some differences
in the layout, density, species richness, and context of groups of individual trees in the
city, we also chose three more landscape types—roadside trees, garden trees, and parkland
trees. Specifically, roadside trees, regularly lined the road, are often composed of the same
tree species with similar height and crown size in a local area (4-16 trees/100 m of linear
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feature [116]); garden trees, planted in the garden in front or behind a house or buildings, are
often of various species and vary in height and crown size (but contain > 25 trees ha~! [117]);
and parkland trees, planted based on the layout of parkland, are species abundant, usually
having large widely spaced trees separated by grass areas (>18 trees ha~!). Samples of
individual trees were chosen from these six landscapes to represent the diversity and
complexity of tree distribution, with the level of tree cover used to assess the effectiveness
and robustness of our proposed approach.

i Broadleaved
Forest
\Y4

Coniferous
Forest

0
Mixed
Forest

Parkland
Trees

(c)

() Broadleaved Forest (I1) Coniferous Forest (111) Mixed Forest

3

(IV) Roadside Trees (V) Garden Trees (VI) Parkland Trees

Figure 2. Location of the experimental site and the distribution of sample trees within the six typical
landscape areas. (a) The location of the city of Arnhem in the Netherlands, (b) the distribution
of sample trees selected in the typical landscape areas, and (c) sample landscapes from the aerial
photographs of the study area.

3.2. Aerial Photographs

The Dutch government conducts country-wide aerial photography campaigns twice
a year with one winter (leaf-off season) and one summer (leaf-on season) since 2012. The
aerial photographs acquired in summer with four bands (red, green, blue, and infrared)
have a spatial resolution of 25 cm, while the aerial photographs of winter with a spatial
resolution of 8 cm have only three bands (red, green, and blue). Both datasets are openly
accessible through the web map service (WMS) (opendata.beeldmateriaal.nl). The aerial
photographs used in this study were captured during the summer in 2020. There are two
reasons for choosing the aerial photographs acquired in 2020. On the one hand, higher
image clarity and stability help us delineate tree canopies (the comparison is shown in



Remote Sens. 2023, 15, 4128

Figure S1). On the other hand, it can better simulate real-world applications since data from
different sensors are often acquired on different dates and mounted on various platforms.

3.3. Airborne LiDAR Data

The airborne LiDAR point cloud data were from the 3rd national airborne LiDAR flight
campaign in the Netherlands (i.e., Actueel Hoogtebestand Nederland 3, AHN3), which can
be openly accessible via the online repository PDOK (app.pdok.nl/ahn3-downloadpage).
The AHNB3 data of our study area were acquired during the leaf-on season in 2018
(ahn.nl/kwaliteitsbeschrijving). The average point density of AHN3 is between 6 and
10 points m~2, and the area of individual trees can reach approximately 40 points m 2
owing to the penetration capability of LiDAR.

3.4. Generation of Canopy Height Models from Airborne LiDAR Data

Canopy height models (CHMs) derived from LiDAR point cloud data have been
commonly used to generate the boundaries of individual tree crowns [49,118,119], which
is obtained through cutting a digital surface model (DSM) with a digital terrain model
(DTM) [120-122]. To maintain the same spatial resolution as aerial photographs, we
processed AHN3 LiDAR point cloud data to generate CHMs with a spatial resolution of
25 cm. To generate CHMs that could show clearer boundary of tree crowns, we conducted
the following processing chain for the LIDAR point cloud. The first step was to normalize
the LiDAR data, aiming to eliminate the influence of topographic relief on the elevation
value of point, and those points classified as “unclassified” were extracted from the original
AHNZ3 data. To perform normalization, the elevation of the nearest ground point to each
point is subtracted from its elevation value. Then, the points with elevation less than 25%
of the mean elevation in clipped point cloud dataset were eliminated, and the outliers
were removed [123,124]. Finally, inverse distance weighting (IDW) function was chosen to
generate the CHMSs, a widely employed deterministic model in spatial interpolation that
relies on the first law of geography [125-127]. The above processing was all implemented
with the software LiIDAR360 (version 4.1).

3.5. Delineating Individual Tree Crowns from Aerial Photographs and CHMs

In this study, we used manually delineated individual trees as samples to verify and
test our proposed approach, which can effectively avoid the omission and commission
error of automatic detection algorithms for tree detection. To improve the reliability of the
crown boundaries in aerial photographs and CHMs, airborne images with higher spatial
resolution (8 cm) and LiDAR point cloud data with 3D spatial structure information were
employed as reference images. To guarantee the representativeness of the samples, we
uniformly selected individual trees in space and number according to different landscape
types. Specifically, we first delineated the boundaries of individual trees in the aerial
photographs. Then, we further delineated individual trees” boundaries in CHMs according
to the boundaries sketched in aerial photographs. The number of individual trees sketched
in each landscape and the area of each landscape are shown in Table 1.

There are some small differences in the number of delineated individual trees between
aerial photographs and LiDAR-derived CHMs, with more tree crowns sketched in CHMs
than in aerial photographs. We chose trees that could be delineated in both the aerial
photograph and CHM to validate the proposed approach, and meanwhile assigned a same
ID number to the same trees by editing the vector in QGIS for both datasets, establishing
which tree pairs matched correctly. In other words, a pair of trees are considered correctly
matched when they have the same ID number. The percentage of correctly matched trees is
used to evaluate the matching accuracy of individual trees for our proposed approach.
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Table 1. The number of individual trees manually delineated from aerial photographs and LiDAR-
derived CHMs, as well as its corresponding number of sample plots and total area in each landscape.

Landscape Number of Trees in Number of Trees in Number of Sample Total Area of Sample
Aerial Photographs CHMs Plots Plots (ha)

Broadleaved Forest 788 829 8 11.93
Coniferous Forest 739 831 8 7.99
Mixed Forest 676 725 8 8.86
Roadside Trees 792 808 18 17.31
Garden Trees 680 776 7 16.07
Parkland Trees 768 783 7 18.84

3.6. Visualization of Individual Tree Mismatches between Aerial Photographs and CHMs

As shown in Figure 3, there are some examples of the spatial mismatch of individual
trees in the manually delineated datasets, which are caused by local displacement between
aerial photograph and CHMs. These mismatches are spatially inconsistent in both distance
and orientation, and consequently cannot be directly addressed through traditional global
geographic calibration for images [69,128-130].

Individual tree delineated fromaerial photographs

{ O Corresponding tree delineated from LiDAR derived CHMs

Figure 3. Examples of the spatial mismatches between individual trees resulting from local displace-
ment between aerial photographs and the canopy height models (CHMSs) generated from the airborne
LiDAR point cloud data in the study area. Yellow and red circles with the same letter have the same
geographical location.

3.7. Statistical Description on Mismatch of Individual Trees

We used crown area ratio and offset to explore the mismatch of individual trees
between aerial photographs and CHMs (airborne LiDAR point cloud data were considered
as the reference data in this study) (Figure 4). We defined the crown area ratio as the
ratio of the crown area of an individual tree in the aerial photographs to the crown area
of the corresponding tree in CHMs. The offset is defined as the distance between centers
of two matching trees in aerial photographs and CHMs. We also performed a statistical
description on the original offset of individual trees in each landscape (Figure S2).
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Figure 4. The statistical description on the mismatch of individual trees between aerial photographs
and CHM s before rectifying the offset. (a) Density histograms of the crown area ratio of individual
trees in aerial photographs to the corresponding trees in CHMs, and (b) density histograms of the
offset between the center of two matching trees separately from aerial photographs and CHMs. The
bar, vertical dotted line, and curve represent the density, mean, and density distribution curve of
corresponding metrics, respectively.

3.8. Normalized Intersection over Union

The intersection over union (IoU, Figure 5a) is commonly used to evaluate the perfor-
mance of an object detector for a specific dataset [131-133]. In the case of object detection
and segmentation, IoU quantifies the degree of overlap between the target bounding box
and the predicted bounding box [134-136]. The larger the overlapping area, the greater
the IoU. The bounding boxes are usually the same size in most applications about object
matching. While in our study, we found that the bounding box size between the tree in the
aerial photograph and the corresponding tree in the CHMs was not always the same in
most pairs of individual trees (Figure 4a), leading to discrepancies when evaluating the
matching accuracy with IoU. In response, we proposed a normalized intersection over
union (NIoU) to eliminate the impact of area difference on IoU by multiplying the ratio
of the area of the larger tree to that of the smaller one (Figure 5b). The value of NIoU is
between 0 and 1, the closer the value is to 1, the higher the degree of overlap between the
two trees. We computed the IoU and NIoU for a roadside tree sample individually to show
the difference in measuring the overlap between trees in both datasets (Figure 6). In this
study, NlIoU served two functions, i.e., (1) screening out the correct or optimal offset vector
in determining both the correct offset of a particular tree and the final offset of trees in a
region; (2) evaluating the matching accuracy after rectifying the offset of individual trees in
two images.

area (object,Nobjecty)

area (object,Uobject,) IR

Figure 5. The formula and schematic diagram of intersection over union (IoU (a)) and normalized
intersection over union (NIoU (b)).
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loU

Figure 6. Comparison of IoU and NIoU in measuring overlap between trees. The numbers over the

bounding boxes represent the corresponding values.

3.9. Accuracy Assessment

In our preliminary experiment, we found that some trees were assigned to non-
matching trees when calculating the NIoU, especially in coniferous forest (Figure 3b). This
is due to the fact that the algorithm considers the tree with maximum NloU as the matching
tree when calculating neighbor candidate trees with the reference tree. Therefore, we first
used the pairing rate (the percentage of correctly paired trees) to screen out those trees that
de facto were not pairwise matching with the reference tree (Equation (1)).

pairing rate = % x 100% (1)

where N0 1p represents the number of tree pairs with the same ID number when calculat-
ing the NIoU of individual trees between two data, while N is the total number of tree pairs.
And then, we define matching accuracy (Equation (2)) as the mean NIoU calculated from
the remaining matching tree pairs to measure the degree of overlap between the correctly
paired trees.

Y. NloU

matching accuracy = N
same_ID

@)
where ENIoU indicates the sum of NIoU calculated from each matching tree pair. Moreover,
the density histograms with curves of NIoU calculated from matching tree pairs were
exploited to compare the difference more intuitively between the results before and after
rectifying the offset.

3.10. Parameter Tuning

The key parameter for our approach is the number of reference trees used for calculat-
ing, selecting, and determining the final offset vector. Hence, we tested the pairing rate
and matching accuracy as the number of reference trees increases. We tested the number of
reference trees from one to ten. Depending on the number of reference trees we needed
to test, we randomly selected the specific number of trees from CHMSs as reference tree
to calculate their correct offset vectors, and then chose the final one to rectify the trees in
aerial photographs (the core steps are the same as our proposed approach in Section 2.1).
We repeated the above experimental steps with 20 different random seeds in all samples of
six landscapes (Figure 1b) and calculated the average value of the pairing rate, matching
accuracy, and their standard deviation.
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4. Results
4.1. Parameter Tuning

As shown in Figure 7a, when the number of reference trees reaches three, the pairing
rate is close to saturation and its standard deviation (SD) no longer significantly changes.
While the matching accuracy and its SD becomes steady after the number greater than eight
(Figure 7b). Therefore, in accordance with the “maximum principle”, we set the number of
reference trees to be eight to apply our proposed method if there are too many reference
trees for selecting the correct offset vectors.
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Figure 7. The evaluation indices and their standard deviation (SD) of individual trees using our

proposed matching approach as the number of reference trees increases. (a) pairing rate; (b) match-
ing accuracy.

4.2. Pairing Rate after Using Our Proposed Approach

The pairing rate of the individual trees in all six landscapes before and after rectifying
the offset is presented in Figure 8, which shows that all trees were correctly paired after
offset rectification using our proposed approach. The mean pairing rate of all six landscapes
increased from 71.13% (SD = £29.83) to 100.00% (SD = 0). Specifically, coniferous forest
had the largest improvement with an increase of 76.54%, followed by broadleaved forest
(55.03%), mixed forest (37.96%), and garden trees (3.70%), while the individual tree pairs in
roadside trees and parkland trees were totally paired even before offset rectification.
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Figure 8. The pairing rate of the individual trees in all six landscapes before and after offset rectification.

4.3. Matching Accuracy after Using Our Proposed Approach

Figure 9 details the density of NIoU calculated from matching tree pairs in all six
landscapes before and after rectifying the offset. In all six landscapes, the matching
accuracy (mean NIoU) improved significantly (p < 0.001, ANOVA), and coniferous forest
demonstrated the greatest improvement with an increase of 0.546, followed by mixed forest
(0.469), broadleaved forest (0.391), roadside trees (0.218), garden trees (0.178), and parkland
trees (0.091). The optimal matching accuracy of individual trees before and after offset
rectification was respectively in parkland trees (0.796) and roadside trees (0.919), which
was also the only landscape with matching accuracy greater than 0.9. Before applying our
approach, the mean matching accuracy of landscapes in city (Figure 9d—f) was 0.718, which
was significantly higher than that in forest (0.362). While after rectifying the offset, the
six landscapes with matching accuracy in descending order were sequentially roadside
trees (0.919), parkland trees (0.887), broadleaved forest (0.853), garden trees (0.835), mixed
forest (0.823), and coniferous forest (0.815). Overall, the mean matching accuracy of all six
landscapes significantly rose from 0.642 + 0.264 (SD) to 0.861 & 0.152 (SD).

12




Remote Sens. 2023, 15, 4128

(a) Broadleaved Forest (b) Coniferous Forest
15 - I | 14 ' |
1 1 1 1
1 1 1 1
' mean:' ! L
1 1 10 - 1 mean:,
210 \ 0.853 . : 0.815 !
0 1 1 1 1
(= o 1 1 [}
O mean:, ! 6 mean:' !
B 5] 0.462 I 0.269 | l
| | | ‘ :
1 2 -
0 -
0.0 0.5 1.0 0.0 0.5 1.0
(c) Mixed Forest (d) Roadside Trees
13 T 1 1 28 1 1
: i imean:,
| mean:, 21 4 10.919:
9 ' 0.8231 K .
>, : J mean:: !
2 ! ! 0.701 | ,
[ 1 ] 14 . 1 1
(0] 1 1 1 1
A 5 4 mean:, 1 1 1
0.354" ! ! !
1 1 7 1 1
| 1 1
1
o ____A
0 .
0.0 0.5 1.0 0.0 0.5 1.0
(e) Garden Trees (f) Parkland Trees
131 Lo 21 - Do
1 1 mean:
mean: 0.887 !
9 0.835, .
2 mean:1 1 ek meals | |
n ;
5 0.657 ' ! OLI08 ) |
S 5y . ;| mmm Before .
: | B After |
1 --_A A
0 =

0.0 0.5 1.0 0.0 0.5 1.0
NioU NloU

Figure 9. The overlaid density histograms with density curves of NIoU before and after offset
rectification. The bar and curve represent the density and its distribution curve of NIoU, respectively,
while the vertical dash line is the mean NIoU (i.e., matching accuracy). The blue elements denote the
results before offset rectification, while the results after rectifying the offset are shown in green.

4.4. Visualization of Pairing Rate and Matching Accuracy before and after Rectification

We selected a representative sample from each landscape to visually illustrate the pair-
ing and matching effect of individual trees before and after offset rectification (Figure 10).
As observed in Figure 10, the pairing rate of the individual trees in all six landscapes was
improved to 100% following application of the new matching algorithm described above,
while the pairing rate was 14.65%, 52.60%, and 88.59% in broadleaved, coniferous, and
mixed forest, respectively, before rectifying the offset (Figure 10a—c). Meanwhile, mean
matching accuracy increased to 0.839. Regarding the roadside, garden, and parkland trees,
although the pairing rate has not increased significantly, the matching accuracy of roadside
and garden trees has been substantially raised (Figure 10d,e). Furthermore, the matching
accuracy in parkland trees was slightly improved after offset rectification (Figure 10f).
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Figure 10. Instance of visualization of the pairing and matching effects of individual trees in all six
landscapes before and after offset rectification.

14




Remote Sens. 2023, 15, 4128

4.5. Comparison of Results Using Image Registration with Our Proposed Approach

We compared the pairing rate and matching accuracy of individual trees after regis-
tering images with ENVI automatic registration module and matching with our proposed
approach, respectively. As shown in Table 2, through our proposed approach, the mean
pairing rate is up to 100.00%, while about 10% of the trees remain mismatched when using
the conventional image registration method. In terms of matching accuracy, our proposed
approach achieved better results and had smaller standard deviations. It is noted that the
matching accuracy in urban areas (roadside trees, garden trees, and parkland trees) has
a certain degree of decline, although the pairing rate increases. Moreover, comparing the
evaluation indices of the traditional method and our proposed approach, the p-values of
the paired t-test for pairing rate and matching accuracy were 0.045 and 0.017, respectively.

Table 2. The pairing rate, matching accuracy, and its standard deviation (SD) of each landscape using
image registration module (ENVI) and our proposed approach.

Image Registration (ENVI) Our Proposed Approach
Landscape .. Matchin .. Matchin
Pairing Rate Accuracy (égD) Pairing Rate Accuracy (égD)
Broadleaved
88.98% 0.710 (0.196) 100.00% 0.853 (0.175)
Forest
Coniferous Forest 99.75% 0.788 (0.186) 100.00% 0.815 (0.178)
Mixed Forest 100.0% 0.797 (0.181) 100.00% 0.823 (0.171)
Roadside Trees 79.13% 0.656 (0.153) 100.00% 0.919 (0.100)
Garden Trees 92.94% 0.682 (0.206) 100.00% 0.835 (0.199)
Parkland Trees 87.06% 0.676 (0.157) 100.00% 0.887 (0.147)
Mean 91.31% 0.692 (0.175) 100.00% 0.861 (0.152)

5. Discussion
5.1. Influence of Registration Noise on Pairing Rate

Results of this study show that the pairing rate of individual trees in the deciduous,
coniferous, and mixed forest classes was clearly lower than that for roadside, garden,
and parkland trees (Figure 8). We can readily infer that registration noise exerts a greater
influence on forest classes, which might be caused by the quantity and quality of ground
control points available for geo-correcting aerial photographs. Compared to roadside,
garden, and parkland trees, it is more challenging to locate highly precise control points
for fine registration in forested areas (Figure 2), and this leads to a larger offset between
individual trees of two data. In general, the lower the density of trees, the higher the
matching accuracy and vice versa [137]. It is not a unique problem to this study as there is
generally a lack of tie points in areas that are difficult to survey (e.g., mountains, grasslands,
and forests) [138]. There are only a few trees in the garden class that were not calculated
from matching tree pairs, probably due to the larger variance in canopy and tree height
from a higher abundance of tree species (Figure 2c(V)).

5.2. Effectiveness of the Proposed Approach

The improvement of pairing rate was more prominent in coniferous forest, probably
since coniferous trees typically had large spaces between adjacent trees than broadleaved
trees [25,139,140]. As shown in Figure 3b, coniferous forests were prone to be reference
trees to compute the NIoU with a non-matching tree once the offset exceeds the diameter of
the tree (especially in forest with high-density trees). In comparison, broadleaved forest and
mixed forest had a relatively better pairing rate. Moreover, the improvement of matching
accuracy in forest was more evident than that in landscapes of city. The matching accuracy
of individual trees in forest before rectifying the offset was much lower than for roadside,
garden, and parkland trees. After offset rectification, the matching accuracy reached an
asymptotic and highest level for all six landscapes, demonstrating the effectiveness of our
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proposed matching approach in improving matching accuracy regardless of landscape type
(see Figure 9).

5.3. Matching Accuracy in Different Landscapes

As described above for the pairing rate, the most dramatic improvement in the match-
ing accuracy was for coniferous forest. Except for the greater offsets in forests, smaller
crowns of coniferous trees had smaller NIoU values, as expected from the NloU formula
(Figure 5). Therefore, in forests, the matching accuracy of broadleaved forest ranks first,
followed by mixed forest, and finally coniferous forest. For roadside, garden, and park-
land trees, the maximum increment and the maximum value of matching accuracy after
rectifying the offsets were for the roadside trees. Several possible reasons may have con-
tributed. Most roadside trees consist of broadleaved trees which were usually the same
species, similar in tree age (i.e., tree height and crown size) [141-143]. The regular layout of
roadside trees made the offset simple and spatially consistent [144,145], reducing the local
registration noise for roadside trees.

The best matching accuracy was observed in different landscapes before and after
offset rectification. Before rectifying the offsets between individual trees from two datasets,
the best matching accuracy was observed in parkland trees, one possible reason is that
the design and context of parklands provide richer features for geographic registration
of aerial photographs, as well as parklands had large widely spaced trees separated by
grass areas [146,147]. Moreover, although garden trees were characterized by highly
accurate ground control points due to their (mostly) solitary and isolated nature and
growing environments surrounded by roads and buildings, tree matching results were
not as satisfactory as expected, probably stemming from the species-rich areas with trees
varying in height and crown size [148-151], complicating the degree and orientation of
offsets between different trees.

5.4. Analyzing the Results Using Conventional Image Registration Approach

Compared with that before image registration, the matching accuracy has been im-
proved for forest landscape (broadleaved forest, coniferous forest, and mixed forest), but
there has been a certain degree of decline in urban landscapes (roadside trees, garden
trees, and parkland trees) (Table 2). Meanwhile, the pairing rate of the corresponding
landscape had a similar trend. The above phenomenon was mainly caused by unevenly
distributed, low precision, and insufficient control points (CPs) that were found by ENVI
automatic program. In this study, we chose landscapes in small patches to verify our
proposed method, while it was difficult to find suitable and sufficient CPs to align images
with high accuracy [152-155]. Taking the landscape roadside trees as an instance, its area is
always narrow and long, thus the unevenly distributed points can easily change the shape
of the image to be registered, resulting in serious distortion of the edge of the image. There-
fore, though many methods have been proposed to solve multimodal images registration
problems, they are usually suitable for large-scale images due to the uneven distribution
and limited quantity of CPs [156,157], which is opposed to solving local registration noise.

In our study, aerial photographs and CHMs (different modalities) make it more
difficult to find high-precision CPs. On the one hand, the values in different images
represent different meanings, e.g., individual trees with high optical reflectance do not
always correspond to high altitude in LiDAR height products and vice versa. On the other
hand, different viewpoints also result in different shapes for the same objects, e.g., area
(aerial photographs) to line (CHMs), line (aerial photographs) to point (CHMs). In addition,
the characteristics of ground features change with time. Moreover, pixel values in CHMs
are not always geographically true values and some values are generated by interpolation
of adjacent values due to missing or insufficient points of the corresponding location in
LiDAR point cloud data [158-160]. Therefore, looking for evenly distributed and high-
quality CPs between multimodal images requires a large amount of manual intervention,
while the method is usually not applicable for large-scale area and fine-grained object
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studies. In conclusion, in the face of different area sizes, our proposed matching approach
is more robust.

5.5. Choosing a Suitable Threshold for Specific Applications

In the object detection domain, a predicted bounding box is widely considered
to be correctly detected if its IoU with the ground truth bounding box is greater than
0.5[1,133,134]. In this study, we used NIoU to determine whether the candidate tree was
correctly matched with the reference one, and we found the widely accepted threshold of
NIoU (i.e., 0.5) was not always optimal. Meanwhile, other factors like stand density and
crown size of individual trees ought to be considered. For instance, in roadside trees where
there was sufficient space between adjacent trees, we found an NIoU of around 0.4 or less.
In a nutshell, the choice of an appropriate NIoU threshold for a specific application was
required, which [161] also recommended. Last but not the least, in theory, the smaller the
area of individual trees to be matched, the higher the matching accuracy. However, the
corresponding amount of computation will also increase substantially, which should not
be overlooked for large areas.

5.6. Possible Challenges and Improvements in Practical Application

First, one apparent challenge comes from the quality of individual tree products.
Unlike the manual delineated trees used in this study, the over- and under- segmentation
are unavoidable phenomena when using algorithm to automatically extract boundary
information of individual trees, which can easily lead to some trees not having the corre-
sponding trees in another dataset. While the rapid advancement of deep learning promises
opportunities to reduce the errors caused by the phenomena. Another possible challenge
may arise in plantation forests, the offset vector might be wrongly chosen when the spatial
layout of trees is similar. At this point, we can expand the range of candidate trees to
alleviate achieving the wrong offset vector. Moreover, we can make an improvement of our
proposed approach by sightly modifying. If we need to achieve a more accurate or even
completely corresponding offset vector for each tree, we can narrow down the trees that
used to confirm which offset vector is optimal. However, it would cause a large amount of
computation and is not suitable for large-scale use, like national or continental scales.

6. Conclusions

In this study, we proposed a novel tree-oriented matching algorithm that improved the
pairing rate and matching accuracy of individual trees derived from aerial photographs and
airborne LiDAR point cloud data. Our results demonstrated that the proposed approach
effectively increases the pairing rate and matching accuracy of individual trees that were
manually delineated from aerial photographs and LiDAR-derived CHMs. Compared to
the traditional registration method, the average pairing rate of individual trees for all six
landscapes increased from 91.13% to 100.00% (p = 0.045, t-test), which suggested that our
proposed approach could perfectly solve the problem of matching trees. Meanwhile, the
average matching accuracy increased from 0.692 £ 0.175 (standard deviation) to 0.861 +
0.152 (p = 0.017, t-test), demonstrating the effectiveness of the proposed matching approach
in matching individual trees between multimodal images.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs15174128/s1. Figure S1: Aerial photographs respectively
acquired in 2018 (a) and 2020 (b). Figure S2: The original offsets of individual trees between aerial
photographs and CHMs derived from airborne LiDAR data in six landscapes.
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Abstract: Urban tree species identification performs a significant role in tree management and the
sustainable development of cities. Conventionally, multispectral or hyperspectral remote sensing
images are applied to identify species. However, spectral profiles of trees on images are easily
affected by surroundings and illuminations, resulting in urban trees of different species possibly
having similar spectral features. The handheld laser scanning (HLS) technique can capture 3D
structural information of trees and be confirmed to be effective in reducing the problem of spectral
similarity through tree structural properties (TSP). TSP usually varies in different leaf conditions,
especially TSP of tropical tree species. In this study, we investigated the effects of leaves on urban
tropical tree species identification using HLS. A total of 89 metrics that characterized the TSP were
evaluated, including 19 branches, 12 stems, 45 crowns, and 13 entire tree metrics. All metrics were
derived under different leaf conditions. The correlation and importance of these metrics were further
evaluated. Our results demonstrated that crown metrics perform the most important role in urban
species identification in leaf-on and leaf-off conditions and that the combination of metrics derived
in different leaf conditions can improve the identification accuracy. Furthermore, we discovered
9 robust metrics that perform well in all leaf conditions, including 3 crowns, 2 branches, 2 stems, and
2 entire tree metrics. These metrics give a deep understanding of numerous structural properties and
provide a significant reference for the relevant structure-based classification of other tropical species.
This study also illustrated that HLS could help to overcome the spectrum-related limitations and
improve the efficiency of species identification and sustainable forest management.

Keywords: handheld laser scanning; structural properties; metric importance; optimal metric set;
tropical species classification

1. Introduction

Information about species distribution in urban areas performs a significant role in tree
management and conservation. Studies of tree species classification were commonly imple-
mented by identifying spectral features from remote sensing images, such as multispectral
and hyperspectral images [1,2]. However, the performance of spectral features is limited by
the similarity problem, i.e., the spectral features of the same species may be different due to
some factors, such as varying shapes in details and the surrounding environment [3], or
the spectral features of different species may be similar [4]. This problem can be reduced
by considering tree structures that vary between species because of the different branching
patterns and foliage distributions [5]. The light detection and ranging (LiDAR) technology
that measures distances using roundtrip time of pulsed laser energy between targets and
sensors [6] can capture and represent tree structure information via three-dimensional (3D)
point clouds.
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The conventional terrestrial LIDAR (TLS) emits laser pulses from a sensor standing on
the ground. To capture as complete as possible the structural information, time-consuming
preparations and point cloud fusion are required [7]. HLS technology, which places a laser
scanning sensor on a handheld moving platform, is able to capture dense and complete
tree point clouds economically and efficiently [8]. Its flexible mobility not only reduces
the occlusion effect (i.e., the trees far away from the scanner may be occluded by trees
near the scanner, causing an incomplete point cloud of trees away from the scanner) but
also simplifies the complex preparation and co-registration procedures. Additionally,
performance of HLS for forest inventory evaluation has been validated. For instance,
Chen et al. [9] achieved an estimation of the diameter at the breast height (DBH) of an arbor
forest in the Haidian District in Beijing with an RMSE of 1.58 cm using ZEB-REVO-RT.
Oveland et al. [10] and Su et al. [11] accurately estimated the DBH of boreal forest in the
southeastern part of Norway with an RMSE of 14.3% using GeoSLAM ZEB1. However,
many studies used HLS to estimate the inventory of trees in forests, rarely focusing on
inventory surveys of urban trees. To bridge this gap, this study aims to investigate the
potential of HLS for urban tree inventory.

Species identification from 3D point clouds usually relies on tree structural proper-
ties (TSP) characterized by structural metrics, such as tree height, crown diameter, and
DBH [12,13]. Over decades, many structural metrics have been developed and applied
to classify species, such as explicit structural parameters [3], quantitative structural fea-
tures [14], and salient geometric features [15]. These metrics can be divided into two
categories according to their extraction methods. One category is metrics that are ex-
tracted directly from individual tree point clouds. Explicit structural parameters and
salient geometric features both belong to this category. Another category is metrics that
are extracted from the reconstructed 3D tree model, which is hierarchically generated
by cylinder fitting [14]. Metrics extracted from point clouds mainly represent external
geometric characteristics, while metrics extracted from 3D models can describe internal and
external geometric characteristics of trees. Most studies concentrate on optimization and
improvement of identification accuracy by combining diverse types of data or developing
optimized algorithms [16,17]. A comprehensive and thorough understanding of the contri-
bution of structural metrics for species identification is rarely studied [18,19], such as the
relationship between derived metrics and specific structural properties of different species
and the importance of different types of structural metrics for species identification [20].
Therefore, we proposed to estimate the performance and importance of existing structural
metrics for tree species identification using HLS in an urban setting.

A challenge for urban tree species identification based on structural metrics is that
structural metrics would change with leaf conditions [21]. Different leaf conditions result
in different tree structures [22], thus influencing structural metric values and species identi-
fication accuracy. However, related studies demonstrated that leaf condition shows varied
influences on the identification of different species. Hamraz et al. [23] demonstrated that
leaf-off data could provide more useful information for the identification of mixed tem-
perate species in southeastern Kentucky, while Shi et al. [5] indicated no greatly different
performance between leaf-on and leaf-off conditions for the identification of species in
Central Europe but the combination of metrics derived under two leaf conditions could
improve identification accuracy. The influence of leaf conditions on tropical species identifi-
cation was rarely studied. Thus, we propose to evaluate certain influences of leaf conditions
on tropical species identification in an urban setting.

In this study, we collected 89 structural metrics from previous studies, including 19 in
branches, 12 in stems, 45 in crowns, and 13 of entire tree metrics. Under the assumption that
leaf conditions may affect the extraction of structural metrics and urban tropical species
identification results, an experiment evaluating the specific influence of leaf conditions on
species identification was conducted. We removed leaf points by combining the TLSep-
aration [24] algorithm and manual refinement. TLSeparation is a method developed for
the separation of wood and leaf points from individual tree point clouds based on 3D
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geometric features and has been set as a Python library. All metrics were extracted under
two leaf conditions (leaf-on and leaf-off).

2. Materials and Methods
2.1. Study Site and Research Data

Hong Kong (HK) is located south of China (22°08'-22°35'N, 113°49’-114°31'E). The
certain climate, namely, long rainy summer and tiny temperate differences in four seasons,
creates a great environment for vegetation, resulting in considerable tropical and subtropical
tree species diversity. To improve the sustainable development of HK, the government
invests enormous efforts in managing urban trees. Information on most trees has been
collected and kept, including location, species, and basic structural parameters. Compared
to forests, urban trees tend to have low density, and their structural characteristics are less
affected by neighboring trees [25]. These make HK urban trees good study objects.

For the selection of tree species, we proposed three rules, i.e., separability, availability,
and invariability. Separability means target samples can be greatly separated spatially
to ensure the completion of individual tree point cloud and structural metrics extraction.
There should be clear boundaries between target trees and neighbors. Availability indicates
that enough trees of species are available to be measured. Invariability indicates that
the general shape of the target species is not easily affected by neighbors. Following
these three rules, four species were finally selected from the dominant species in Hong
Kong [26-28], i.e., Aleurites moluccana (L.) Willd (AM), Ficus altissima Blume (FA), Delonix
regia (Boj. ex Hook.) Raf. (DR), and Hibiscus tiliaceus L. (HT). AM and HT have spherical
crowns with simple and complex structures, respectively, while FA and DR have upright
funnel crowns with complex and simple structures, respectively. The simple and complex
structure stands for the number of main branches of a tree. The number of main branches
of AM are relatively smaller than the number of main branches of HT and FA. A total of
85 AM, 69 FA, 65 DR, and 68 HT trees were chosen as research samples (Figure 1). Basic
structural parameters, i.e., tree height (TH), DBH, and crown width (CS) of all trees, were
simultaneously measured in the field (Table 1). TH and CS were measured by a laser
rangefinder. DBH was measured by a tree caliper. The height difference between the lowest
and highest points of a tree is defined as TH. The maximum horizontal difference of a
crown is defined as CS. The trunk diameter at a tree height of 1.3 m is defined as DBH.
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Figure 1. Research site. The yellow icons are the site for the tree point cloud collection. The collected
trees are mainly in the park or along the roadside in Hong Kong Island and Kwun Tong District.
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Table 1. Basic structural information of each species. Subscript “avg”, “median”, and “sd” indicate
the average, median, and standard deviation values, respectively. The unit of TH and CS is m and
the unit of DBH is mm.

TH DBH CS
Species
THan THmedian THsd DBHan DBHmedian DBHsd Csavg Csmedian Cssd
AM 13.27 12.69 3.31 353.0 335.0 12.64 9.02 8.83 3.79
FA 12.96 13.33 3.53 311.6 311.2 32.54 10.79 9.99 3.81
DR 10.76 10.28 3.63 238.6 284.0 19.28 11.47 11.81 4.61
HT 9.55 9.70 1.56 284.6 346.6 22.21 7.33 7.37 2.22

Tree point clouds (Figure 2) were collected during May and December in the year
2020 by ZEB Horizon (https:/ /geoslam.com/solutions/zeb-horizon/) accessed on 10 May
2023, which is a lightweight personal HLS developed by GeoSLAM Ltd., consisting of 16
sensors with a wavelength of 903 nm. This equipment can capture approximately 300,000
points per second with a relative accuracy of up to 6 mm. The scanning range is up to 100
m. Its field of view is 360° horizontally and 270° vertically. A detailed description of ZEB
Horizon is listed in Table 2.

Leaf-on Leaf-off Leaf-on Leaf-off

Leaf-on Leaf-off Leaf-on Leaf-off
(c)HT (d) DR

Figure 2. Point cloud examples of four species. The four species are (a) Aleurites moluccana, (b) Ficus
altissima, (c) Hibiscus tiliaceus, (d) Delonix regia.

To capture as complete as possible information about trees, we held the scanner
and walked around the target trees twice. The captured point cloud was automatically
processed using GeoSLAM Hub software which utilizes simultaneous localization and
mapping (SLAM) algorithm to locate the scanner and register 3D point cloud [29]. The
accuracy of the SLAM algorithm used in GeoSLAM Hub is less than 3 cm [30]. Processed
point clouds are outputted in LAS 1.2 format.

A statistical outlier removal approach was applied to reduce noise points. The average
distances of each point to neighbors were computed. Then, points farther than the sum
value of average distance and standard deviation of point distances were regarded as
noise [31]. Subsequently, ground points were removed using a cloth simulation filtering
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algorithm, which simulates the drop procedure of cloth to the ground surface [32]. The noise
removal and ground point removal were conducted with CloudCompare 2.0 software [33].

Table 2. Datasheet of ZEB Horizon.

Range 100 m Intensity yes

Laser Class 1/A903 nm  Real-time processing yes

FOV 360 x 270 degree Scanner points per second 300,000
Protection class 1P54 No. of sensors 16

Processing Post Vertical angular resolution 2°

Scanner weight 1.45kg Horizontal angular resolution 0.2°
ggg?ic:i‘?rglgrbzt?ggg 14 kg Relative accuracy up to 6 mm
Colorized point cloud  yes Raw data file size 25-50 MB/min

2.2. Individual Tree Point Cloud Segmentation

A four-phased approach was employed to segment individual trees (Figure 3). In
phases 1-3, Canopy Height Model (CHM) was first created by rasterizing elevation differ-
ences. Based on CHM, we employed Marker-controlled Watershed Segmentation (MCWS)
algorithm to coarsely segment individual trees. The marker was able to alleviate over-
segmentation by determining segmented object locations [34]. We used tree locations,
which were detected through fitting cylinders to stem using Density-based Spatial Cluster-
ing of Applications with Noise Algorithm (DBSCAN) at tree height of 1.3-1.4 m [35], as
markers of the MCWS algorithm.
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Figure 3. Procedure of individual tree segmentation.

After coarse segmentation, each 2D segment was assigned a segment 1D, and the
segmentation of the 3D point cloud was conducted (i.e., the points located within a segment
were assigned the corresponding segment ID). In phase 4, unsuccessfully segmented trees
were filtered. Subsequently, manual refinement was executed to further separate individual
tree points clouds.

2.3. Structural Metric Derivation

Many structural metrics have been developed for species identification. We divided
existing metrics into four categories based on the part of a tree that structural metrics are
related to, i.e., branch, stem, crown, and entire tree metrics. Eighty-nine metrics were
derived in this study (Tables 3 and 4). Branch and stem metrics were extracted based on
the construction of TreeQSM which was developed by Raumonen et al. [36]. Before QSM
construction, several parameters (i.e., PatchDiam1, PatchDiam2Min, and PatchDiam2Max)
were optimized by grid search based on four tree point clouds (a tree for each species).
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PatchDiam1 was used to control patch size during the first cover sets generation. Patch-
Diam2Min and PatchDiam2Max controlled minimum and maximum patch size during the
second cover sets generation, respectively. Testing ranges of three parameters were [0.06,
0.08, 0.12, 0.14] (PatchDiam1), [0.02, 0.03, 0.04, 0.05] (PatchDiam2Min), and [0.05, 0.07, 0.11,
0.13] (PatchDiam2Max).

Table 3. Definition of stem, branch, and entire tree metrics.

Type No. Definition No. Definition

S1 DBH S7 Stem length

S2 DBH/TH S8 Stem length/TH

S3 DBH/tree volume S9 Stem direction at axis x
Stem S4 DBH/min stem radius S10 Stem direction at axis y

S5 Stem radial irregularity S11 Stem direction at axis z

56 Stem taper 512 Stem volume

Bl Branch symmetry B11 Overall branch length /branch volume

B2 Median 1st branch angle B12 Mean top 10 branch length

B3 Sum 1st branch angle B13 Mean 1st branch radius

B4 Average 1st branch angle B14 B13/TH

B5 Branch angle ratio B15 Mean top 10 branch radius
Branch B6 SD of 1st branch angle B16 Average branch distance

B7 Sum of 1st branch length B17 B16/DBH

B8 Mean 1st branch length B18 Branch volume below 55% of the tree

B9 B8/TH B19 Branch density

B10 B8/DBH

T1 TH T8 Volume below 55% of TH

T2 Mean grid height/TH T9 Total cylinder length/tree volume

T3 Mean grid height T10 Tree volume/crown cover area;
Entire tree T4 Relative coverage ratio T11 Tree volume/TH

T5 Stem grid ratio T12 Tree volume/crown diameter

T6 Tree volume T13 Total surface area of entire tree

T7 Volume distribution

Where TH is tree height, mean grid height means grid representing a tree with an edge length of 0.1 m.

Table 4. Definition of crown metrics.

No. Definition No. Definition

C1 Highest crown bottom C24  Height of max CS/TH

C2 Lowest crown bottom C25  Height of max CS/C5

c3 Crown start height C26 Crown areaxy /TH

C4 Crown start height/TH C27  Crown areaxy /crown vertical area
C5 Largest crown length C28  Average equivalent center height/C2
Coé Crown length ratio C29  Average crown grid height/C2

c7 Mean crown length C30 C34/C18

Cc8 C5/crown diameter C31  Crown symmetry

c9 C5/TH C32  Alpha volume/convex hull volume
Cl0 CD,y/TH C33  Crown top evenness

Cl1  CD,y/the shortest crown length C34  Standard deviation of C28

Cl12  CDyy/CCDyy C35 Crown bottom evenness

C13  CDyy C36  Crown volume

Cl4 CCDyy C37  C36/crown projection area

C15 CDy./CCDy. C38  C36/number of crown points

Cl6  CDy;/CCDxy: C39  Volume of crown grids with max point

density/corresponding grid volume
Standard deviation of grid number of all

C17  Equivalent centers radius/crown radius C40
crown layers
C18  Standard deviation of C17 of crown profiles C41  Crown difference ratio
C19  Semi-axis x of paraboloid fitted to crown C42  Coefficient variation of crown
C20  Semi-axis y of paraboloid fitted to crown C43 Total area of voxel one-side N overs/.con\{ex
hull area from two perpendicular side views
C21  Semi-axis z of paraboloid fitted to crown C44 Eﬁsi;czlgual sum of squared errors of ellipsoid
C22  Crown equivalent diameter C45  shape signature index

C23  Diameter of crown minimum circumscribed circle

Where CDyy, CDy; and CDy; and mean maximum diameter of projected crown on x-y, y-z, x-z plane, respectively.
CCDyy, CCDy; and CCDy; mean maximum distance at the opposite direction of crown diameter of the projected
crown on Xx-y, y-z, X-z plane, respectively.
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Then, model precision was calculated for each QSM by comparing the average differ-
ence of TH, DBH, and CS between derived and field-measured parameters. The smaller
differences, the more precise the QSM. Optimized parameters were finally selected accord-
ing to model precision. Afterwards, QSM was built five times for each tree using same
input parameters to reduce the uncertainty, unreliability, and stochasticity. The appropriate
model was estimated by calculating mean distance between cylinder models and points
of the trunk and all branches by the select-optimum function of TreeQSM. The optimized
structural parameters were output by this function. In addition, a part of the crown and en-
tire tree metrics were extracted directly from the point cloud. Other metrics were extracted
from gridding tree point clouds (tree points were gridded using an edge with a length
of 0.02). Derivation of all metrics was conducted using MATLAB software. The detailed
definition and format of eighty-nine metrics were listed in Supplementary File.

All metrics were derived under two leaf conditions, respectively, to investigate the
effect of leaf points on tree structures and species identification. Leaf-on condition means
individual tree point clouds contain leaf points, and leaf-off condition means leaf points
were not contained in individual tree point clouds. Leaf-off condition was achieved by
removing leaf points using the TLSeparation algorithm developed by Vicari et al. [24]
and manual refinement. TLSeparation is likely to introduce significant underestimation of
crown structural complexity [25]. Manual refinement thus was used to improve separation
results of TLSeparation and to obtain better leaf-off individual tree point clouds. According
to the work of Demol et al. [37] and Lau et al. [38], TreeQSM has limitations on the 3D
model reconstruction of small branches, especially branches whose diameters are thicker
than 20 cm. Therefore, this study mainly focuses on the extraction of structural metrics of
first- and second-order branches.

Removal of highly related metrics not only saves computing power but also boosts the
performance of identification models. We used Pearson’s correlation coefficient, a measure of
the correlation between two sets of data [39], to analyze the relationship between all metrics.
The threshold of r was used to split highly correlated and lowly correlated metrics [40].
We used a popular threshold of 0.7 to distinguish the correlation coefficient (i.e., Ir| > 0.7
demonstrates a high correlation, otherwise demonstrating a low correlation) [41,42].

2.4. Metric Importance Assessment and Metric Selection

A hybrid method was proposed to evaluate the importance of individual metrics (i.e.,
incorporate the importance assessment with identification procedure). During classifier
construction, the metric that made the split, the corresponding changes of Gini impurity
and the number of affected samples were all tracked once a split was done. The times a
metric was used to split a node can be counted by Gini impurity (Equation (1)), which is a
measurement used to determine how the features of a dataset should split nodes to form
the tree [43]. The more frequently a metric is used during a classifier construction, the more
important it is [43]. After classifier construction, the total gain that measures the decrease
in node impurity of each metric can be computed. Accordingly, the importance ranking of
all metrics can be generated. The importance assessment procedure was achieved using
the Python library skicit-learn [44].

k

Gini =1-Y p? 1)
i=1

where k is the number of classes. p is the probability of samples belonging to class i at a
given node.

Redundant and irrelevant metrics adversely affect the performance of identification
models with the increase in metric dimensions [45,46]. For example, highly related or
insignificant metrics increase dimensions without improving identification accuracy [16,47].
Metric selection seeks to find appropriate metrics for improving identification efficiency by
maximizing the performance of identification models and minimizing metric numbers [48].
In this study, structural metrics were selected based on correlation analysis and importance
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assessment. In each pair, the metric that had lower importance values (Ir| < 0.7) was
removed. When the importance of the two metrics was the same, their total |r| values
were compared. Then, metrics that have relatively higher total |r| values were removed.
In addition, an accumulated importance was introduced to evaluate the importance of
metric types for tropical species identification. The accumulated importance equals to the
total sum of importance values of all metrics of the same type.

2.5. Tropical Species Classification

Machine learning approaches have been commonly applied to solve identification
problems. Among various machine learning models, XGBoost has shown great ability
on a metric-based identification problem in recent years [49]. It is an optimized and
scalable end-to-end tree-boosting system based on a gradient-decision tree and provides
a parallel tree-boosting method which fits many large or small trees to the reweighted
version of the training data [50]. We employed XGBoost to identify species using selected
structural metrics. Overall, trees were divided into two datasets. About 20% of trees were
randomly selected as dataset 2 for evaluating the robustness and reliability of identification
models and selected structural metrics. The rest 80% of the trees were used as dataset 1.
Approximately 70% of trees of dataset 1 were used as training data and 30% as testing data
to show the performance of the identification model. The model trained using training
data in dataset 1 was implemented to identify species of dataset 2. Training and testing of
identification models were implemented under two leaf conditions, respectively, to explore
the effect of leaves on species identification.

The performance of XGBoost model is controlled by a number of parameters. Ob-
taining the performance of each parameter value is time-consuming and computationally
intensive. We integrated a grid search that can exhaustively search subsets from param-
eter space and cross-validation to find optimal parameter sets. A five-step strategy was
proposed for parameter optimization: (1) Determine learning rate and an optimum num-
ber of trees; (2) Tune parameters of each tree; (3) Optimize regularization parameters;
(4) Decrease learning rate and repeat the above-mentioned steps; and (5) Finish parameter
optimization until model accuracy does not increase. The experiment was carried out with
the “scikit-learn” package [44].

The performance of selected metrics and identification model was evaluated by three
assessment approaches (Equations (2)—(4)), namely, overall accuracy (O,), user’s accu-
racy (U,), and procedure’s accuracy (P,;). O, illustrated the general performance of the
identification model on four species. U, and P, were used for each species to reduce the
influence of imbalanced samples between species on result assessment. U, evaluates iden-
tification results from the point of view of species, and P, evaluates identification results
from perspective of model. To each species, U, demonstrated rate of correct prediction
made by identification model compared to all predictions. P, demonstrated rate of correct
predictions compared to true sample.

NCorrPred all
O = — ’ (2)
! Ntotal
N
u, = %rrpredl (3)
pred
NCorrPred
p, — —CorrPred 4
! Ntrue ( )

where Ncosrpred a1 is the number of precisely predicted samples, Ny, is the count of all
samples, N4 is the number of predicted samples of a species, Ncoyrpreq 15 the number of
samples predicted as that species, and Ny, is the number of true samples of a species.
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3. Results
3.1. Validation of HLS-Based Tree Structure Characterization

The differences between manually measured and HLS-derived metrics, including
mean, standard deviation (SD), and median of difference values, are listed in Table 5.
Overall mean differences of DBH, TH, and CS are 4.35 mm, 0.69 m, and 0.82 m, respectively,
demonstrating that HLS can effectively capture basic structural information of trees. In
terms of specific species, FA has relatively larger errors than others in TH and DBH. This
may be because some aerial roots of FA influenced the automated measurement of structural
metrics. For CS, the possible reason for the large differences between manually measured
and HLS-derived metrics is human vision error.

Table 5. Difference between manual measured and HLS-derived metrics. Sd means standard
deviation. MPE means the mean percentage error (unit is %).

Soec TH (m) DBH (mm) CS (m)
ecies
P Mean  Median Sd MPE Mean Median Sd MPE Mean Median Sd MPE
AM 0.67 0.65 0.45 6.14 3.27 4.03 2.01 3.80 0.83 0.84 0.43 4.34
FA 0.71 0.79 0.44 597 4.88 4.54 2.79 4.17 0.80 0.81 0.39 491
DR 0.57 0.51 0.35 4.78 3.62 3.77 1.94 3.89 0.84 0.91 0.55 5.36
HT 0.79 0.58 0.45 5.56 5.01 5.12 2.88 3.78 0.82 0.86 0.52 5.63
Overall 0.69 0.65 0.44 5.52 4.35 4.73 242 4.30 0.82 0.84 047 4.18

3.2. Correlation of Structural Metrics and Metric Selection

The number of highly correlated metrics in leaf-on conditions is larger than in leaf-off
conditions (Figures 4 and 5), demonstrating that the diversity of inner structures rep-
resented by metrics derived under leaf-off conditions is more remarkable than external
structures represented by metrics derived under leaf-on conditions. With regard to metric
types, the correlation coefficient of metrics, especially branch and crown metrics, tends to
be larger in leaf-on than in leaf-off conditions. About half of crown metrics have high corre-
lation coefficient values under two-leaf conditions. This notion may be explained by two
possible situations: (1) existing crown metrics represent the same or similar characteristics
of a crown using various formats; and (2) some metrics may not be appropriate to tropical
species. Metrics with high correlation coefficients under two leaf conditions predominantly
relate to branch length, CS, crown cover, crown length, stem length, TH, and tree volume.

The metric selection was conducted on the basis of assessment of the correlation
coefficient and the importance of all metrics in the first calculation. Under the leaf-on
condition, 42 metrics were removed, including 6 branch metrics, 24 crown metrics, 4 stem
metrics, and 8 entire tree metrics. Under leaf-off condition, 38 metrics were removed,
including 4 branch metrics, 22 crown metrics, 4 stem metrics, and 8 entire tree metrics.
Although most crown metrics were developed in previous studies, many of them are
similar or have relatively low importance for species classification. The same situation was
observed in entire tree-related metrics. The remaining metrics under two leaf conditions
are listed in Table 6.
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Figure 4. Correlation coefficient of all metrics under leaf-on condition. The higher the positive

correlation, the blue is darker. The higher the negative correlation, the red is darker.

Table 6. Remaining metrics under leaf-on and leaf-off conditions after removing highly correlated metrics.

Type Leaf Condition Remaining Metrics
Branch Leaf-on B1, B2, B3, B4, B6, B9, B10, B11, B13, B14, B16, B17, B18, B19
ranc Leaf-off B1, B2, B3, B5, B6, B8, B9, B11, B13, B14, B15, B16, B17, B18, B19
Leaf-on C3, C6,C8, C10, C14, C15, Cl16, C17, C19, C20, C21, C24, C30, C31,
Crown cat-o €33, C35, C38, C39, C41, C42, C43
Leafoff C2, C3, C5, C6, C8, C10, C14, C15, C16, C17, C19, C20, C22, C25,
cat-o €30, C31, C33, C35, C38, C41, C42, C43, C44
S Leaf-on S1,S2,S3, 54, S5, S6, 59, S10
tem Leaf-off 51,52, 3, 54, S5, 56, S9, S10
Entire Leaf-on T3,T4,T5,T7, T9
tree Leaf-off T2, T3, T4, T5, T7, T8, T9
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Figure 5. Correlation coefficient of all metrics under leaf-off condition. The higher the positive
correlation, the darker the blue is. The higher the negative correlation, the darker the red is.

3.3. Importance of Structural Metrics

Among all structural metrics, crown structural metrics were found to be the predom-
inant metrics for differentiating four tropical species in HK under two leaf conditions
according to accumulated importance values of each type (Table 7). Their accumulated im-
portance values remain the largest in the four types of metrics, and no significant difference
was observed between the two leaf conditions. This finding agrees that crown structure is
a fundamental attribute of a tree [51]. The aforementioned situation may also be the reason
many previous studies predominantly used crown metrics to classify species from point
cloud [5,52,53]. The performance of branch and stem metrics significantly varies under
different leaf conditions. Branch metrics perform increasingly important roles from leaf-on
to leaf-off conditions, while stem metrics show an opposite trend. This situation may
be because the internal structural and morphological characteristics of trees were shown
clearer under leaf-off conditions. Thus, branch metrics more explicitly express differences
between species.
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Table 7. Overall accumulated importance of each type of metric.

Type Leaf-On Type Leaf-Off
Branch 14 0.1633 Branch 15 0.2010
Crown 21 0.3961 Crown 23 0.3844

Stem 8 0.2735 Stem 8 0.2496
Entire 5 0.1676 Entire 7 0.1649

From the importance of individual metrics, the stem shape metric performs the most
important role in tropical species identification under all leaf conditions (Figure 6). This
notion agrees with the demonstration of Stal et al. [54], wherein stem properties are im-
portant parameters of a tree. However, unlike commonly used stem metrics such as DBH
for species identification, the most important stem metric in this study is S5. Two possible
reasons for this situation are as follows: (1) in comparison with DBH, which only measures
the diameter of a stem, stem radial irregularity the takes size and shape of a stem into
consideration. Taking HT and AM as an example, S5 can still identify them when stem
diameters are the same because the trunk of AM tends to grow straighter, and the shape
of AM trunk is closer to the perfect circle. However, the HT trunk has greater irregularity.
(2) S5 has lower relationships with other metrics, making identification models more
sensitive to its variations between species.

Importance
O~ 71 1T 7T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T 71
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Importance Leaf off
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S5C38 B9 T5 C8C2 S3 T7CI8SI0CI0 T4 B4 C31 C3 C5 T8 C43C42 B6 Cl5 C2 B4 BB BBCOCH S99 S4CB T9 C6 BI5CKH S2 S6 B19 B B2 CN C5 Bl B7 C6 B6 C5 C4l St B5 CI7 C19

Figure 6. Importance ranking of the structural metrics under leaf-on and leaf-off conditions.

In addition, some structural metrics perform different roles in tropical tree species
identification under different leaf conditions. When leaves exist, C10 and C8 are identified
as important metrics for species identification (ranking as second and third). However,
under leaf-off conditions, C10 and C8 become less important. Meanwhile, B9 and C38
become the second and third most important metrics. Unlike commonly used metrics in
previous studies, such as TH, CS, and DBH [18,19], the first 15 important metrics under
two-leaf conditions are more concrete and tangible, especially the first five metrics. In the
first five metrics under leaf-on conditions, the crown shape is described through the ratio
between CS and TH and the ratio between the horizontal and vertical spread. The ratio
between metrics and TH is also proven to perform better because it can reduce the influence
of tree ages [3]. Stem shape is described through S5, and TH is the mean height of all
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tree grids. Moreover, the first five metrics under leaf-off condition characterize properties
of stem diameter, crown volume, branch length, stem volume, and CS by stem radial
irregularity, the ratio of crown volume to the number of crown points, the mean length of
first-order branches, the ratio between the number stem grids and entire tree grids, and the
ratio of the vertical length of the crown to the horizontal length of the crown, respectively.

We discovered nine robust metrics that consistently show large importance values
under two leaf conditions, including three crown metrics, two branch metrics, two stem
metrics, and two entire tree metrics, namely, S5, C10, C8, S3, T5, B18, T7, B9, and C3.
These metrics appear in the first 15 metrics under two leaf conditions but with different
rankings. The frequently employed branch length and branch volume were also verified to
be effective and efficient for tropical species classification. Three robust crown metrics are
more appropriate to tropical species from the aspect of ecosystem and plant morphology
compared with the commonly used crown metrics, such as crown diameter, crown cover
area, and crown base height [55-57]. Shenkin et al. [51], who studied the role of ecosystem
and phylogeny on crown size and shape, demonstrated that crown vertical length and
crown volume of tropical species vary more across gradients than crown diameter and
projected crown area.

The crown depth and crown base height can be affected by structures and leaves of the
upper crown [58]. Specifically, the sparse structure and compound leaves of the upper crown
could allow lateral light to effectively penetrate deeper into the canopy, allowing the crown
bottom to maintain a positive carbon balance and grow deeper [49,59]. These phenomena
are reasons why crown metrics C3, C8, and C38, which describe the characteristics of
the crown bottom, crown vertical length (also called crown depth), and crown volume,
respectively, outperformed other commonly used metrics in tropical species classification.
The two entire tree metrics relate to tree volume, confirming again the effectiveness of tree
volume for the classification of species, not only for boreal and temperate species [60] but
also for tropical species.

3.4. Results of Species Identification

Identification results under different leaf conditions are shown in Table 8. Overall
accuracy values indicated that the selected first 15 important metrics could identify tropical
species with an accuracy of approximately 70%. The overall accuracy obtained under the
leaf-on condition is slightly better than that under the leaf-off condition in the two datasets.
In terms of performance on each species, noticeable differences can be observed. The P,
and U, values of AM and HT are generally higher than those of FA and DR under two leaf
conditions in two datasets. This may be explained from the aspect of plant morphology, i.e.,
AM and HT have a spherical crown, while FA and DR trees have an upright funnel crown.
Structural metrics may be more sensitive to spherical shapes than to upright funnel shapes.
There are also differences in specific classification performance on two species that have
similar shapes. To the spherical crown, leaf condition has smaller influences on simple
structure, while to the upright funnel crown, the leaf condition has a larger influence on
the simple structure than on the complex tree structure.

Table 8. Identification results of four tropical species under leaf-on and leaf-off conditions.

Dataset 1 Dataset 2
Classification Results Leaf-On Leaf-Off Leaf-On Leaf-Off
P, u, P, u, P, u, P, u,
AM 85.71 75.00 92.85 81.25 86.67 76.47 86.67 76.47
66.67 54.55 55.56 45.45 75.00 60.00 66.67 66.67
37.5 100.00 50.00 80.00 37.50 60.00 66.67 66.67
90.00 81.82 70.00 77.77 75.00 100.00 25.00 50.00
73.17 70.73 71.43 70.27
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The combination of metrics derived under two leaf conditions improved overall
classification accuracy from 70.27% to 81.7% (Table 9). However, the performance of specific
species significantly varies. The combination of metrics derived under two leaf conditions
improves classification results of FA and DR, with the procedure’s accuracy increasing from
55.56% to 75.00% and from 37.5% to 75.00%, respectively, showing that the combination of
metrics derived under two leaf conditions could improve classification results of upright
funnel crown, while the combination of metrics derived under two leaf condition shows
different performance on AM and HT in testing data (i.e., datasets 1 and 2). In dataset 1,
P, of AM achieved using the combination of metrics derived under two leaf conditions is
slightly larger than that achieved using metrics derived under the leaf-on condition but
is smaller than that achieved under the leaf-off condition. However, in dataset 2, P, of
AM achieved using the combination of metrics derived under two-leaf condition is less
than that achieved using metrics derived under leaf-on and leaf-off conditions. P, value
of HT achieved using the combination of metrics derived from two leaf conditions is less
than that achieved using metrics derived under leaf-on but larger than that achieved using
metrics derived under the leaf-off condition in dataset 1. However, the identification result
of HT using the combination of metrics derived under two leaf conditions is larger than
that using metrics derived under single leaf conditions in dataset 2.

Table 9. Confusion matrix of classification results of four tropical species under combination of
structural metrics derived under two leaf conditions.

Dataset 1 Dataset 2
Prediction Prediction
AM FA DR HT P, AM FA DR HT P,
AM 13 1 0 1 86.67 12 2 1 0 75.00
FA 1 9 1 1 75.00 2 9 0 1 75.00
Referenced DR 1 1 7 0 75.00 0 3 6 0 66.67
HT 1 0 0 7 87.50 1 0 0 7 87.50
u, 81.25 81.81 87.50 77.78 80.00 64.29 85.71 87.5
O, 81.71 75.56

4. Discussion
4.1. Performance Analysis

Several studies have identified tropical species based on structural properties charac-
terized by structural metrics from point clouds in recent years. However, the importance of
these metrics was rarely compared. In this study, we extracted 89 structural metrics that rep-
resent traits of different parts of a tree from the HLS point cloud, including branch, crown,
stem, and entire tree metrics, and assessed their correlations and importance for tropical
species identification under different leaf conditions. The identification performance of
these metrics was also evaluated.

Our correlation coefficient analysis illustrated that about half of existing structural
metrics are highly correlated. Among them, approximately two-thirds of branch and stem
metrics have high correlation coefficient values, and more than half of crown and entire
tree metrics have high correlation coefficient values. This notion may be explained by two
possible situations: (1) existing crown metrics represent the same or similar characteristics
of a crown using various formats; and (2) some metrics may not be appropriate to tropical
species. Thus, it is essential to find effective and efficient metrics for tropical species
identification. According to important assessment results, the structural properties of the
crown and stem were identified as the most important components for the identification
of tropical species. This finding may also be the reason many studies mainly used crown
metrics to classify species. In addition, stem metrics perform important roles. However,
different from other studies which use DBH, the most important stem metric is stem
radial irregularity. There are two possible reasons: (1) in comparison with DBH that only
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measures the diameter of a stem, stem radial irregularity takes the size and shape of a stem
into consideration. (2) stem radial irregularity has a lower relationship with other metrics,
making the identification model more sensitive to its variations between species.

Several robust and more concrete metrics were discovered, providing reference sig-
nificance to further studies. Identification results demonstrated that leaf condition affects
species identification. Based on overall accuracy, the leaf-off condition could slightly im-
prove the performance of structural metrics, while combination of metrics derived under
two leaf conditions could significantly improve identification accuracy. This could be due
to the fact that metrics derived under the leaf-off condition can better represent inner crown
and branch structures compared to metrics derived under leaf-on condition. The combi-
nation of metrics derived under two leaf conditions integrated the internal and external
structural properties of a tree, thus obtaining better identification results. However, specific
influence of leaf conditions on the identification of tropical trees depends on the species.
This may relate to the surrounding environment, plant morphology, and ecology.

4.2. Influence Factors

This study obtained positive importance assessment and species identification re-
sults. Each species has at least two misidentified trees. This situation may be due to the
effects of the surrounding environment and their growth-defense tradeoffs [61]. Tomé
and Burkhart [62] illustrated that the growth of individual trees on particular sites could
be affected by local neighbors and competition status. Park trees in Hong Kong usually
have high species diversity and a complex growth environment [63]. To adapt to vari-
ous external stress conditions and maximize survival efficiency, plants evolve a complex
and sophisticated regulatory mechanism to mediate the balance of growth and external
stress [64,65]. This adaptation leads to the convergence of tree traits, resulting in the struc-
ture differs from the common pattern of their corresponding species, lowering variation
between species [66,67]. In addition, to maintain the neatness and beauty, trees in the park
are sometimes pruned, resulting that the precision of their external shape and structural
characteristics are affected. Samples used in this study are selected from parks which away
from residential areas and near forests to minimize the influence of pruning and mainte-
nance activities. It is difficult to completely reduce the impact of pruning activities. This
study was conducted on four tropical species growing in a park in Hong Kong. The limited
number of species, certain environments, and ecosystems may also affect the assessment
of the importance and applicability of selected important metrics. In addition, tree point
clouds were obtained by holding the scanner and walking around trees twice. During the
generation of tree point clouds, the point clouds need to be registered, and repeated points
need to be removed by GeoSLAM Hub software. This procedure may be affected by system
errors of GeoSLAM Hub software, thus influencing the quality of tree point clouds and the
extraction of structural metrics.

Furthermore, four species were selected as examples of tropical species for assessment
of structural metrics. Although some inefficient and highly correlated metrics were detected
and optimal metric sets were proposed in this study, it is not enough to be used as a
standard guideline for the identification of all tropical species. We will try to explore the
capability and applicability of structural metrics on more species and samples in diverse
environments. Branch and stem metrics derived under all leaf conditions are extracted
on the basis of the construction of 3D tree models. The 3D model was constructed by
hierarchically fitting cylinders to stems and branches. However, branch points, particularly
high-order branch points within the crown, may be misidentified under leaf-on condition.
Accordingly, metrics related to traits of high-order branches may be inaccurate. This is the
reason the importance of branch metrics is relatively low.

4.3. Application Analysis

Our study affirmed that HLS could be used to reduce obscuration effects and obtain
structural measurements. Meanwhile, HLS can easily handle forest inventory and structural
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heterogeneity, tree growth modeling, and tree structural health monitoring. The application
in other fields, such as 3D model construction of buildings and survey of individual
trees and forests, can be performed using HLS. This study explored the importance and
performance of numerous existing structural metrics for species identification, evaluated
their correlation, and discussed the association of structural metrics, identification, and
structural properties. Results of our capability test showed that good identification results
could be obtained with several important and optimal metrics instead of many metric
sets. This method not only decreases identification time but also saves computing power,
providing a significant reference for later work.

4.4. Potential Improvement

Our assessment of structural metrics indicated that identifying species based on the
structural characteristics of a species is practical and feasible, but there is still space for
improvement. Many structural metrics were included and evaluated in this study, and opti-
mal metrics were verified to be effective for tropical species identification. Some properties
of trees, such as texture traits of foliage, crown, and stem, cannot be resolved. According
to crown criteria illustrated by Gonzalez-Orozco et al. [68] and Trichon [69], the division
within a crown remarkably varies between species. Some crowns do not have clear divi-
sions, while others have two or more divisions with each component. Foliage texture has
many types, for example, smooth, mottled, granular, grainy, and spotted [68]. If these tex-
ture features can be taken into consideration, species identification using structural metrics
derived from the HLS point cloud will be improved. Traditionally, species identification
is conducted based on multispectral or hyperspectral photographs, which can represent
spectral information of crowns and leaves. If structural characteristics and spectral informa-
tion can be integrated as features for species identification, more details and knowledge of
trees may enhance identification precision. In addition, structural metrics and the influence
of leaves were explored based on standalone trees. Their performance on trees in dense
forests is still unknown. Therefore, further experiments are worth being designed and
carried out to exploit and improve the robustness, practicality, and applicability.

5. Conclusions

This study evaluated the correlation coefficient between 89 existing structural metrics,
including crown, stem, branch, and entire tree metrics, and assessed the use of these
metrics for tropical species classification under different leaf conditions using HLS point
cloud. Approximately two-thirds of branch and stem metrics are highly correlated, and
more than half of crown and entire tree metrics are highly correlated. In terms of metric
importance, crown, and stem metrics were identified as the most important components.
Leaf conditions (i.e., leaf-on and leaf-off) were found to have an influence on tropical species
classification. The combination of metrics derived under leaf-on, and leaf-off conditions can
significantly improve the identification accuracy of four tropical species. Furthermore, we
investigated fifteen optimal metrics based on correlation analysis and importance metrics,
and nine robust structural metric sets were proposed and validated. The most important
structural metrics discovered in this study are more concrete compared to commonly used
structural metrics. For example, we found CS characterized by the ratio between the
horizontal and vertical maximum spread of a crown is more significant than horizontal
spread and spread area for species identification. Although plenty of structural metrics
were developed, many of them are identical. It is essential to investigate efficient structural
metrics for the identification of more species, such as boreal and temperate species. Our
exploration of the connection between metrics and structural properties and assessment of
the importance of identification of four tropical species provide a significant reference for
further research, not only studies on the effectiveness of structural metrics but also studies
on the identification of other tropical species.
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Abstract: Monitoring the seasonal leaf nutrients of mangrove forests helps one to understand the
dynamics of carbon (C) sequestration and to diagnose the availability and limitation of nitrogen (N)
and phosphorus (P). To date, very little attention has been paid to mapping the seasonal leaf C, N, and
P of mangrove forests with remote sensing techniques. Based on Sentinel-2 images taken in spring,
summer, and winter, this study aimed to compare three machine learning models (XGBoost, extreme
gradient boosting; RF, random forest; LightGBM, light gradient boosting machine) in estimating
the three leaf nutrients and further to apply the best-performing model to map the leaf nutrients
of 15 seasons from 2017 to 2021. The results showed that there were significant differences in leaf
nutrients (p < 0.05) across the three seasons. Among the three machine learning models, XGBoost
with sensitive spectral features of Sentinel-2 images was optimal for estimating the leaf C (R2 =0.655,
0.799, and 0.829 in spring, summer, and winter, respectively), N (R2 =0.668, 0.743, and 0.704) and
P (R? = 0.539, 0.622, and 0.596) over the three seasons. Moreover, the red-edge (especially B6) and
near-infrared bands (B8 and B8a) of Sentinel-2 images were efficient estimators of mangrove leaf
nutrients. The information of species, elevation, and canopy structure (leaf area index [LAI] and
canopy height) would be incorporated into the present model to improve the model accuracy and
transferability in future studies.

Keywords: mangrove; Sentinel-2 image; seasonal leaf nutrients; XGBoost; red edge

1. Introduction

Carbon (C) is the most abundant nutrient element in the dry matter of leaves [1],
and nitrogen (N) and phosphorus (P) are essential nutrients in the construction of nucleic
acid and proteins in plants [2]. Mangrove forest is one of the most species-diverse and
productive marine ecosystems [3], which are the main contributors to blue C in coastal
zones [4]. Leaf nutrients often vary between seasons to adapt to the growth process and
seasonal climatic cycles [5]. Seasonal nutrient monitoring helps to reflect the dynam-
ics of C sequestration and diagnose the availability and limitation of N and P, which is
important to understanding the growth status and nutrient utilization strategies of the
mangrove ecosystem [6].

In the last two decades, airborne and satellite-based remote sensing techniques have
been key methods in the dynamic monitoring of mangrove growth and health [7]. At
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the landscape scale, most studies have focused on the mapping of the extent, species
composition, biomass, leaf area index (LAI), and chlorophyll content of mangrove forests
using medium- (e.g., Landsat-7/8 and Sentinel-2) and high-spatial-resolution satellite
(e.g., Worldview-2/3 and Pléiades-1) and Unmanned Aerial Vehicle (UAV-based) multi-
spectral and hyperspectral images [8-10]. In the visible and near-infrared bands, vegetation
has obvious reflection and absorption features which are formed by the electronic transi-
tion of electromagnetic radiation, vibration, and harmonic generation of chemical bonds
(e.g., C-H and N-H bond) through the chemical components of plant leaves [11]. Based
on the spectral mechanism, leaf nutrients (C, N, and P) are widely estimated in crop and
grassland ecosystems [12,13], however, such estimations have rarely been investigated in
mangrove forests.

Due to the abundant spectral details, proximal and UAV-based hyperspectral data are
mainly used in the remote estimation of leaf nutrients, and several studies claimed that red-
edge wavelengths are sensitive to leaf N and P estimation [13]. Satellite-based hyperspectral
imagery is rarely used, because there are far fewer satellites in orbit than multispectral
satellites. Among the commonly used multispectral satellites, only Sentinel-2 contains three
red-edge bands sensitive to plant growth and health, which could provide great potential
for mapping mangrove seasonal leaf nutrients. Yet, little attention has been paid to the
long-term monitoring of mangrove seasonal leaf nutrients using Sentinel-2 imagery.

Since leaf C, N, and P are not input parameters to physical models, these nutrients
have only been directly estimated with empirical models, including simple regression
with one vegetation index [14,15], multiple linear regression (e.g., partial least squares
regression) [16,17], and machine learning models (e.g., random forest [RF] and support
vector machine [SVM]) [18]. Moreover, the machine learning model generally obtains
higher accuracy in estimating leaf nutrients [19]. Recently, due to good accuracy and
rapid computational speed, gradient boosting algorithms (e.g., XGBoost [extreme gradient
boosting] and LightGBM [light gradient boosting machine]) have been successfully used
to remotely assess the parameters of ecological environments (e.g., biomass, soil organic
carbon, and leaf chlorophyll content) [18,20,21]. However, the performances of the XGBoost
and LightGBM models have not been evaluated in mapping mangrove leaf nutrients.

Using seasonal Sentinel-2 images of mangrove forests in Gaoqiao Mangrove Reserve,
China, this study aimed to explore the seasonal response of mangrove leaf nutrients
(C, N, and P), compare three machine learning models (XGBoost, RF, and LightGBM) in
estimating leaf nutrients, and further to extend the best-performing model to map the leaf
nutrients of 15 seasons from 2017 to 2021. The results could facilitate our understanding of
seasonal nutrient cycling and limitations in mangrove ecosystems.

2. Materials and Methods
2.1. Field Sampling

Three field surveys were conducted in three seasons (spring of 2018, winter of 2019, and
summer of 2020) in Gaogiao Mangrove Reserve (Figure 1), Guangdong Province, China. The
dominant mangrove species of the reserve are Aegiceras corniculatum, Bruguiear gymnorrhiza,
Avicennia marina, Rhizophora stylosa, Sonneratia apetala, and Kandelia candel. With a random
sampling strategy and field survey accessibility, a total of 53, 62, and 57 plots (15 m x 15 m)
containing one single species (Table 1) were randomly set in 2018, 2019, and 2020, respec-
tively. For each plot, five trees were randomly selected with a distance of 2-5 m between
trees, and five mature and healthy leaves were randomly collected from the top canopy of
each tree. The geographical location of the center of each plot was recorded by a differential
GPS with a positional accuracy less than 20 cm to avoid position mismatch between the
image and plot, hence, the corresponding pixel (10 m x 10 m) of geometrically corrected
Sentinel-2 imagery could represent the spectral information of the plot.
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Figure 1. Study area (a—c) and spatial distribution of sampling plots in three seasons (d—f)
(spring: 22-26 May 2018; winter: 20-28 December 2019; summer: 6-12 August 2020). The true-
color image is based on the Sentinel-2 image (date: 24 November 2019) with a color combination of
band 4 (red), band 3 (green), and band 2 (blue).

Table 1. Number of plot samples collected in three seasons.

. Season Spring in 2018  Summer in 2020  Winter in 2019
Species

Aegiceras corniculatum 35 16 23
Bruguiear gymnorrhiza 10 13 22
Avicennia marina 0 16 6
Rhizophora stylosa 3 6 8
Sonneratia apetala 1 3 0

Kandelia candel 4 3 3

2.2. Chemical Analysis of Leaf Nutrients

All the fresh leaf samples were dried in an oven at 65 °C for 72 h. Afterwards, C,
N, and P concentrations (unit: g/kg) were determined (Table 2) by the high tempera-
ture external thermal potassium dichromate oxidation-volumetric method [22], Kjeldahl
method including digestion, distillation, and titration [23], and vanadate-molybdate yellow
colorimetric method using sulfuric acid—-hydrogen peroxide digestion [24], respectively.
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Table 2. Statistics of leaf nutrients (unit: g/kg) in three seasons.

Season . . o
(Number of Samples) Nutrient Min Max Mean CV (%)

Sprin C 408.38 481.02 449.07 3.54

1(353)*‘5 N 8.05 15.61 10.58 15.49

P 0.70 1.85 0.90 19.21

Summer C 424.73 542.08 492.75 5.93

©2) N 7.23 19.28 10.59 22.64

P 0.62 2.00 0.86 28.24

Winter C 403.48 501.87 456.66 6.49

57) N 9.77 22.86 14.94 20.98

P 0.83 2.68 1.57 33.99

CV: coefficient of variation.

2.3. Sentinel-2 Images Pre-Processing and Vegetation Indices Extraction

Three cloudless Sentinel-2 images (Level 1C, acquisition date: 23 May 2018,
24 November 2019, and 23 August 2020), acquired as consistently with the sampling date as
possible, were downloaded from the USGS official website (https:/ /earthexplorer.usgs.gov/,
accessed on 20 July 2021). The Sen2Cor module from the Sentinel Application Platform (SNAP)
was used for atmospheric correction, converting the image top-level reflectance to canopy
reflectance (12 spectral bands in the range of 443-2190 nm, Table 3). The bands (B5, B6, B7, B8,
B11, and B12) with a spatial resolution of 20 m and 60 m were then resampled to 10 m using
the Sen2Res module in SNAP (http://step.esa.int/main/snap-supported-plugins/sen2res/,
accessed on 20 July 2021). The Sen2Res algorithm was proposed by Brodu [25], and
it employs the general geometric information to unmix low-resolution pixels to realize
super-resolution reconstruction of low-resolution bands while keeping the spectral charac-
teristics unchanged.

Table 3. Band information of the Sentinel-2 satellite.

Center . Spatial

Band Wavelength/nm Bandwidth/nm Resolution/m
B1 (Coastal aerosol) 443 20 60
B2 (Blue) 490 65 10
B3 (Green) 560 35 10
B4 (Red) 665 30 10
B5 (Red-edgel) 705 15 20
B6 (Red-edge?2) 740 15 20
B7 (Red-edge3) 783 20 20
B8 (NIR) 842 115 10
B8a (Narrow NIR) 865 20 20
B9 (Water Vapor) 945 20 60
B10 (Cirrus) 1380 30 60
B11 (SWIR1) 1610 90 20
B12 (SWIR2) 2190 180 20

With the 12 bands of 10 m spatial resolution, a total of 30 vegetation indices (VIs, Table 4)
were extracted for each image. Some studies claimed that leaf N and P had a close re-
lationship with leaf pigments [12,26], and red-edge bands were sensitive to leaf N and
P [13], hence, 28 selected VIs were related to leaf chlorophyll, carotenoid, anthocyanin, and
red-edge bands. Moreover, two mangrove-related VIs (MI and MFI) were chosen. The
Pearson’s correlations of mangrove leaf C, N, and P concentrations against the spectral
features of Sentinel-2 images (12 bands + 30 VIs) were calculated and compared for the
three seasons. The images were then geometrically corrected with a UAV-based digital
orthophoto (spatial resolution: 0.2 m).
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Table 4. Vegetation indices used in this study.

Vegetation Index Formula Sentinel-2 Reference
Bands
Normalized Difference
Vegetation Index (NDVI) (RNIR = Rred) / (RNIR + Ryed) B5, B8 [27]
Green NDVI (gNDVI) (R750 - R550) / (R750 + R550) B3, B6
Optimized Soil-Adjusted
Vegetation Index 1.16 * (Rgoo - R670) / (Rgoo + Rg70 + 016) B4, B8 [28]
(OSAVI)
Red-Edge Inflection 0.5%(Rgz0—Rzs0)— Rooo
Point (REIP) R700 +40 R710— R B4, BS, B6, B7 [29]
Simple Ratio Index
Ry50/R B5, B (30]
(SRy0s) 750/ R705 5,B6
Enhanced Vegetation
Index (E%/I) 2.5 (RNIR = Ryed) / (RNIR + 6% Ryeq — 7.5 % Rppye +1) B2, B4, B8 [31]
SRChia Re72/ (Rs50 * R7og) B3, B4, B5
SRchib Re72/ Rss0 B3, B4 [27]
SRchi Rge0/ (Rss0 * R7os) B3, B5, B8
Modified Cab
Absorption in
Reflectance Index [(R700 — Re70) — 0.2 % (R700 — Rss0)] * (R700/ Re70) B3, B4, B5 32]
(MCARI)
Modified Chlorophyll
Absorption in
Reﬂectance Index 1.2 % [25 * (Rgoo - R670) — 1.3 (RSOO — R550)} B3, B4, B8
(MCARI1)
Transformed CARI
(TCARY) 3 [(R700 — Re70) — 0.2 % (R700 — Rss0) * (R700/ Re70)] B3, B4, B5 (33]
MCARI/OSAVI [(R700—Re70) —0.2 (R700 —Rss0) |+ (R700 / Re70)
[1.16% (Rgoo—Re70) / (Rsoo+Re70+0.16)] B3, B4, BS, B8 [34]
TCARI/OSAVI 3%[(R700 —Re70) —0.2%(R700 — Rss0) | * (R700 / Rez0) B3, B4, B5, BS
[1.16%(Rgoo—Re70) / (Rsoo+Re70+0.16)]
Red-Edge Position (REP) 705 4 35 % [0.5 * (Rgg5 + R7g3) — R7os]/ (Rya0 — Ryos) B4, B5, B6, BY [35]
Pigment Specific Simple
Ratio for Chla (PSSRa) Rsoo/Re7s B4, B8 [36]
Green chlorophyll index
(Clgeen) (Rrea/ Rereen) =1 53,57 [37]
Green chlorophyll index
(CIred-edge) (RRE3/RM1 edge) -1 B5, B7
Disease Water Stress
Tndex (DSWI) (Rsos + Rs49) / (R1659 + Res1) B3, B4, B8, B11 [38]
Moisture Stress Index
(MSI) RSWIR/RNIR BS/ B11 [39]
Red and Green Pigment
Indices (RGI) Re90/ Rss0 B3, B5 [40]
Anthocyanin Reflectance
Index (ARI) (1/Rgreen) * <1/Rred edge) B3, Béa
Carotenoid Reflectance 1 1 [30]
(CRI) (Rs10)~ — (Rsso) B2, B3
Carotenoid Reflectance 1 1
(CRI2) (Rs10) " — (R700) B2, B5
Visible Atmospherically
Resistant Index (Rgreen — Ryed) / (Rgreen + Ryeg — Rprye) B2, B3, B4
(VARIgreen)
Cater Stress Index (CSI2) Regos5/ Ryg B5, B7 [41]
Apparent Clumping
Index (ACI) Rgreen/ RNIR B3, B8 [42]
Red-Edge Normalized
Difference Vegetation (RREZ — RREI)/ (RREZ + RREl) B5, B6 [43]
Index (NDRE1)
Mangrove Index (MI) (RNIR — Rswir/RNIR * Rswir) * 10,000 B§, B12 [44]
Mangrove Forest Index  [(Rrg1 — Rpa1) + (Rre2 — Rpaz) + (Rres — Rpas) + (Rres — Rpas)]/4 B4, B5, B6, B7, [45]
(MFI) RB)Li = R2190 + (R665 — R2190) * (2190 — /\l)/(2190 - 665) B8a, B12
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2.4. Estimation of Mangrove Seasonal Leaf Nutrients with Machine Learning Method
2.4.1. Three Machine Learning Models

In this study, three machine learning models were employed to estimate mangrove
leaf nutrients with seasonal Sentinel-2 images: XGBoost (extreme gradient boosting),
random forest (RF), and light gradient boosting machine (LightGBM). All three methods are
ensemble learning-based algorithms, which could improve the generalization ability and
robustness of basic learners by combining the prediction results of multiple base learners.

XGBoost is proposed based on the gradient-boosting decision tree (GBDT) [46]. Com-
pared to the traditional GBDT algorithm, XGBoost adopts second-order Taylor expansion
into the cost function to avoid model overfitting [46]. Moreover, XGBoost uses a sparse-
aware split lookup method to process sparse data [47], which is practical for dealing with
the limited number of observation samples in the field of quantitative remote sensing [48].
In the training stage, one decision tree is incremented during each iteration, gradually
forming a strong evaluator with a combination of multiple trees. The objective function for
the tth iteration is defined as following:

n

objl) = " [gift(xi) + % hif?(xi)} + w(ft) M

i=1

8i = 9gu-n! (%v]?“’”)
hi = 9] (v 7))

where y; is the field-measured value; ;1) is the predicted value of (t—1)-th iteration;
f+ represents the kth decision tree; x; represents the feature vector of the ith sample;

@

[ (yi, 9“‘”) is the prediction error of the learning model consisting of the previous t—1

trees; g; and h; are the first and second derivative of the prediction model and the current
model, respectively; and w( f;) is the regular term of the objective function in each iteration.
RF is proposed based on the bagging method [49]; it establishes multiple decision
trees and mutually independent weak estimators at a time, and it votes on all independent
weak estimators. RF selects the optimal estimators with the highest votes as the final
model-prediction result. The algorithm generates a new training sample set by randomly
extracting k samples from the original training sample set, and then generates k decision
trees according to the bootstrapping sample set to form a random forest. Several studies
claimed that XGBoost was superior to the popular machine learning method (RF) in the
remote estimation of the biomass of mangrove and the chlorophyll of pepper leaf [10,49].
LightGBM is proposed based on GBDT with a different splitting strategy of the leaf
nodes [50]. Unlike the undifferentiated level-wise strategy of XGBoost, LightGBM uses
a leaf-wise strategy of leaf node splitting which selects the nodes that benefit most from
splitting and reduces computational effort [50]. The algorithm employs gradient-based
one-side sampling (GOSS) and exclusive feature bundling (EFB) for faster training. GOSS
picks data with a larger gradient from the samples to increase their contribution to the
calculated information gain. EFB reduces the data dimensionality by merging similar data
features. The objective function depending on the leaf-wise strategy is defined as follows:
2 2 2
(Cier, 8i) n Cier &) (Tic18i) ) 3)
Yienp hi+ A Yiehi+A  Yiethi+A

1
G =5l

where g; and /; indicate the first and second derivative statistics of the loss function, and
I; and I are the sample sets of the leaf and right branches, respectively.

All three methods have the efficient ability of feature selection based on the importance
score, which can be quantified using several metrics, such as the gain, weights, total gain,
and total coverage of a node. We chose the metric value of gain to explain the relative
importance of each corresponding feature. The higher score values indicate a greater
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contribution to the model performance. The three models were built using Python version
3.8, and the settings of the main parameters are shown in Table 5.

Table 5. Main parameter settings of the three machine learning methods.

Algorithm Algorithm Library Main Parameter Settings
max_depth =5,
XGBoost https:/ /github.com/dmlc/xgboost/ learning_rate = 0.1,
(accessed on 20 September 2021), version 1.5.0 n_estimators = 200,

min_child_weight =1

n_estimators = 200,

https:/ / github.com/kjw0612 /awesome- criterion = ‘mse’,
RF random-forest (accessed on max_depth = None,
20 September 2021), version 1.2.2 min_samples_split =2,

min_samples_leaf =1

learning_rate = 0.1,
https:/ / github.com/microsoft/LightGBM num_leaves =31,
(accessed on 20 September 2021), version 3.3.1 min_data_in_leaf = 20,
n_estimators = 200

LightGBM

2.4.2. Two Modeling Strategies

In this study, two modeling strategies were used to compare the performances of
the three machine learning models across the three seasons: model development with the
dataset of a single season and the pooled dataset of three seasons. Due to the possible data
redundancy of the spectral features of Sentinel-2 images, feature selection was required to
choose the sensitive features for modeling. Based on the importance score derived from
each machine learning method, the features with an importance score greater than the
standard deviation of all score values were selected for further modeling.

For the first modeling strategy, a total of nine regression models (three machine
learning methods x three seasons) were established and cross-validated by the leave-one-
out cross-validation procedure in estimating each leaf nutrient. For the second modeling
strategy, all the samples were combined, a total of three regression models were established
and cross-validated by estimating each leaf nutrient, and the samples in each season were
predicted by the combined model.

2.4.3. Model Evaluation

The coefficient of determination (R?), relative root mean square error (RRMSE),
and residual prediction deviation (RPD) were calculated to evaluate the performance
of each model:

R2—1_ LimiWi - )’

Yi @)
"y —70)
7 A

RMSE = w (5)
RRMSE = RMSE/¥; (6)

RPD = SD/RMSE ()

MAE = % <y ('y’y_yl' x 100%) ®)

i=1 !

where y; and j; are the measured and predicted value of the ith sample, respectively; ¥; is
the mean value of measured leaf nutrient, n is the number of leaf samples, and SD is the
standard deviation. A higher R? and RPD and a lower RRMSE (unit: %) indicate a better
model performance.
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Based on the best-performing model, all the combined samples of the three seasons
were classified into four groups according to the quartile values of the leaf nutrients, and the
number of samples and mean absolute error (MAE, unit: %) of each group were calculated.

2.5. Mapping of Seasonal Mangrove Leaf Nutrients

For each nutrient, the optimal machine learning model was chosen to map its spatial
distribution in each season. To investigate the spatial distribution of leaf nutrients, hotspot
analysis was further conducted in ArcGIS 10.8 using the Getis-Ord Gi* parameters to
identify statistically significant clusters of hot and cold spots. The p value and z score were
obtained to judge whether to reject the null hypothesis. The p value indicates the probability
that the spatial pattern of the leaf nutrient concentration was created by a random process.
The Z score indicates the multiples of the standard deviation, and a higher Z score (>0)
with a lower p value indicates greater clustering of higher value (hot spot), while a lower
Z score (<0) with a lower p value indicates greater clustering of lower value (cold spot).
Moreover, there is no significant spatial clustering when the Z score is close to 0.

On the other hand, to understand the changes of seasonal leaf nutrients in mangrove
forests across different years, we obtained another 12 cloudless Sentinel-2 images (Table 6)
from 2017 to 2021 to map the concentrations of leaf C, N, and P based on the corresponding
best-performing model.

Table 6. The acquisition time of 12 Sentinel-2 images from 2017 to 2021.

Year Season Acquisition Date
Spring 8 April 2017
2017 Summer 27 June 2017
Winter 19 December 2017
Summer 31 August 2018
2018 Winter 23 January 2019
Spring 23 May 2019
2019 Summer 2 July 2019
Spring 8 March 2020
2020 Winter 8 December 2020
Spring 17 May 2021
2021 Summer 4 September 2021
Winter 28 November 2021

3. Results
3.1. Seasonal Variation of Mangrove Leaf Nutrients

Among the three seasons (Table 2), the leaf samples from summer showed higher
leaf C concentration (mean = 492.75 g/kg) than those from spring (mean = 449.07 g/kg)
and winter (mean = 457.16 g/kg). However, higher leaf N (mean = 14.94 g/kg) and P
(mean = 1.58 g/kg) concentrations were observed in winter than in spring (mean = 10.58
and 0.90 g/kg) and summer (mean = 10.59 and 0.86 g/kg). Moreover, considering any two
seasons, the one-way analysis of variation (ANOVA) results (Table 7) showed that there was
no significant difference in leaf C between spring and winter (p > 0.05), and no significant
difference in leaf N or P was observed between spring and summer. However, considering
all the three seasons, there were significant differences in leaf C, N, and P (p < 0.05).

Based on all the leaf samples from the three seasons (Figure 2), leaf N was positively
correlated with leaf P, while leaf C was negatively correlated with leaf N and P (p < 0.01),
and the N-P correlation was stronger than the C-N and C-P correlation. Based on the
leaf samples from a single season, the N-P correlation (0.880, 0.848, and 0.686 in winter,
summer, and spring, respectively; p < 0.01) was also stronger than the C-P (—0.716, —0.631,
and —0.420; p < 0.01) and C-N correlation (—0.612, —0.526, and —0.334; p < 0.01).
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Table 7. ANOVA of leaf nutrients between seasons.
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Figure 2. Intercorrelation of leaf C-N concentration (a), leaf C-P concentration (b), and leaf N-P
concentration (c) with all the samples (1 = 172), respectively.

3.2. Correlation of Leaf Nutrients against Spectral Features of Seasonal Sentinel-2 Images

Leaf C had the highest correlation with DSWI index, B11l, and MCARI/OSAVI
(r = 0.693, 0.751, and 0.743, p < 0.01) in spring, summer, and winter, respectively
(Figure 3); leaf N had the highest correlation with Clgreen, B11, and B6 (r = —0.351, —0.450,
and —0.633, p < 0.01) in spring, summer, and winter, respectively; leaf P had the highest
correlation with B3, B11, and B6 (r = 0.490, —0.561, and —0.730, p < 0.01) in spring, summer,
and winter, respectively. Considering the mean absolute correlation coefficient of the 42 spec-
tral features against leaf nutrients, the three leaf nutrients reported stronger correlation
(mean |7l =0.51, 0.44, and 0.49 for C, N, and P, respectively) in winter than summer
(mean |71 =0.50,0.19, and 0.23) and spring (mean |7 | =0.39, 0.28, and 0.36).

3.3. Comparison of Three Machine Learning Models in Estimating Leaf Nutrients

When using the dataset of a single season to estimate the three leaf nutrients (Table 8),
XGBoost model with sensitive features (Figure 4) reported higher accuracy (R? = 0.655-0.829,
RRMSE = 1.687-2.408%, RPD = 1.703-2.418 for leaf C estimation; R? = 0.668-0.743,
RRMSE = 6.090-9.668%, RPD = 1.736-1.973 for leaf N estimation; R? = 0.539-0.622,
RRMSE = 4.659-19.560%, RPD = 1.473-1.627 for leaf P estimation) than RF and Light-
GBM in each season, except the cases of leaf C estimation in summer and leaf P estimation
in summer and winter. Considering the mean value of the performance parameters of
the three machine learning models, leaf C was estimated with higher accuracy in winter
(mean R? = 0.829, mean RRMSE = 2.401%, mean RPD = 2.418) than in summer and spring;
leaf N and P were estimated with higher accuracy in summer (mean R? = 0.743 and 0.622,
mean RRMSE = 9.668% and 16.251%, mean RPD = 1.973 and 1.627) than spring and winter.

When using the pooled dataset of three seasons to estimate leaf nutrients (Table 9),
all three models reported very poor performance in spring (R? < 0.3), and the XGBoost model
with sensitive spectral features (Figure 4) showed a stronger performance
(mean R? = 0.513, 0.347, and 0.389 for C, N, and P estimation) than RF (mean R? = 0.477, 0.262,
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and 0.376) and LightGBM (mean R? = 0.453, 0.232, and 0.33) considering the mean value of
R? in summer and winter. Considering the mean value of the performance parameters of
the three models, leaf C was estimated with higher accuracy in summer (mean R? = 0.788,
mean RRMSE = 1.604%, mean RPD = 2.171) than in winter and spring; leaf N and P were
estimated with higher accuracy in winter (mean R? = 0.504 and 0.439, mean RRMSE = 9.321%
and 12.993%, mean RPD = 1.419 and 1.335) than in summer and spring.
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Figure 3. Correlations of leaf C (a), N (b), and P (c) against spectral features (12 spectral bands + 30 VIs)
of Sentinel-2 images in spring, summer, and winter. The red arrow indicates the feature with the

highest correlation in each season.
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Table 8. Model performance in estimating leaf C, N, and P using the dataset of a single season.

Spring Summer Winter
Model Nutrient
R? RRMSE(%) RPD R? RRMSE(%) RPD R2 RRMSE(%) RPD
C 0.655 1.687 1.703 0.799 2.408 2.230 0.829 2.401 2.418
XGBoost N 0.668 6.090 1.736 0.743 9.668 1.973 0.704 8.998 1.838
P 0.539 4.659 1.473 0.622 16.251 1.627 0.596 19.560 1.573
C 0.549 1.717 1.489 0.811 2.314 2.300 0.824 2.420 2.383
RF N 0.629 13.699 1.642 0.684 10.063 1.779 0.637 9.944 1.660
P 0.415 6.168 1.309 0.652 14.662 1.700 0.613 18.156 1.607
C 0.415 1.952 1.308 0.401 3.014 1.292 0.803 2.538 2.253
LightGBM N 0.654 5.512 1.700 0.133 9.813 1.074 0.015 3.835 1.008
P 0.273 6.755 1.173 0.207 14.292 1.122 0.627 17.596 1.637
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Figure 4. The ranking of the importance scores of the spectral features (bands + VIs) of Sentinel-2
images in correlating with leaf C, N, and P using the dataset of a single season and the pooled dataset
of the three seasons. The importance scores were derived from the XGBoost algorithm, and the
selected features were marked in red.
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Table 9. Model performance in estimating leaf C, N, and P using the pooled dataset of three seasons.

Spring Summer Winter
Model  Nutrient
R? RRMSE(%) RPD R? RRMSE(%) RPD R? RRMSE(%) RPD
C 0.218 1.842 1.131 0.788 1.604 2171 0.534 2.599 1.464
XGBoost N 0.021 9.757 1.011 0.504 9.321 1.419 0.516 10.481 1.438
p 0.057 15.218 1.030 0.434 13.635 1.329 0.677 14.180 1.759
C 0.133 1.987 1.074 0.730 1.818 1.924 0.569 2.543 1.523
RF N 0.038 11.251 1.020 0.294 11.894 1.190 0.453 9.933 1.352
p 0.079 16.392 1.042 0.439 12.993 1.335 0.611 15.016 1.603
C 0.169 2.094 1.097 0.758 1.714 2.035 0.432 2.882 1.327
LightGBM N 0.000 12.883 1.000 0.405 10.167 1.297 0.290 12.965 1.186
p 0.000 19.315 1.000 0.417 15.544 1.309 0.573 16.101 1.530
Overall, the three models performed better using the dataset of a single season than
using the pooled dataset of three seasons in estimating the three leaf nutrients in each
season. Moreover, the XGBoost model always provided higher accuracy than RF and
LightGBM in estimating the three leaf nutrients. Hence, an XGBoost model with sensitive
spectral features using a single dataset was further used for mapping the spatial distribution
of seasonal leaf nutrients from 2017 to 2021.
Based on the XGBoost method (Figure 4), MCARI/OSAVI using the bands of B3, B4,
B5, and B8; OSAVI using the bands of B4 and B8, and SRchl using the bands of B3, B5, and
B8 were the most sensitive to leaf C; REP using the bands of B4, B5, B6, and B7, SRa using
the bands of B3, B4, B5, and B8, and MFI using the bands of B4, B5, B6, B7, B8a, and B12
were the most sensitive to leaf N; and B3, B8a, B8, and MFI were the most sensitive to leaf P.
On the other hand, the scatter plots of field-measured versus estimated leaf nu-
trients (Figure 5) showed that the estimated concentrations of leaf nutrients in spring
were lower than in summer and winter. Due to the absence of samples with measured
leaf C concentrations of 460-470 g/kg, two-point clusters of leaf C with abnormal dis-
tribution were observed in summer and winter. Moreover, the samples with medium C
concentrations (443.63-473.10 g/kg) and lower N (8.52-11.72 g/kg) and lower P concen-
trations (0.71-1.12 g/kg) tended to have lower estimation errors (MAE < 10%, Table 10),
while the samples with lower C concentrations (414.16-443.63 g/kg) and medium N
(14.92-18.12 g/kg) and medium P concentrations (1.54-1.95 g/kg) tended to have higher
estimation errors.
Table 10. The mean absolute error (MAE) of measured versus estimated leaf nutrients in different
data groups based on the scatter points of Figure 5.
Leaf Spring Summer Winter
. Data Group
Nutrient n MAE(%) n MAE(%) n MAE(%)
414.16-443.63 14 1.98 4 3.06 24 237
C 443.63-473.10 39 1.28 7 1.59 10 2.07
473.10-502.57 0 - 22 2.52 28 1.98
502.57-532.04 0 - 24 1.84 0 -
8.52-11.72 46 6.68 50 8.55 7 6.87
N 11.72-14.92 7 5.53 3 9.53 22 6.30
14.92-18.12 0 - 4 12.22 27 9.14
18.12-21.33 0 - 0 - 6 7.81
0.71-1.12 53 7.62 49 9.50 14 9.02
p 1.12-1.54 0 - 6 21.41 19 22.09
1.54-1.95 0 - 2 25.52 7 22.59
1.95-2.37 0 - 0 - 22 15.36
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Figure 5. Scatter plots of field-measured versus estimated leaf C (a—c), N (d—f), and P (g-i) using the
XGBoost model with the dataset of a single season (the fitted line showed in red).

3.4. Mapping Seasonal Leaf Nutrients with XGBoost Model

3.4.1. Mapping Leaf C, N, and P Concentrations in Three Seasons

Based on the XGBoost model using the sensitive spectral features of the dataset of a
single season, leaf C, N, and P concentrations were mapped in spring, summer, and winter,
respectively (Figure 6). The mapped C concentrations in summer (mean = 499.564 g/kg,
range = 454.886-530.845 g/kg) were higher than those in winter (mean = 481.287 g/kg,
range =435.731-510.978 g /kg) and spring (mean = 449.757 g/ kg, range = 406.960-481.936 g/kg).
Leaf C concentrations were higher in the northwestern part of the study area, while lower C
concentrations were mostly observed in the estuary and nearshore areas with low

vegetation coverage.
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Figure 6. Maps of leaf C (a—c), N (d—f), and P (g—i) concentrations in spring, summer, and winter
derived from the XGBoost model using sensitive spectral features of Sentinel-2 images.

The mapped N concentrations (mean = 16.937 g/kg, range = 11.103-22.000 g/kg) in winter
were higher than those in spring (mean = 9.184 g/kg, range = 8.169-12.337 g/kg) and sum-
mer (mean = 9.059 g/kg, range = 8.273-14.938 g/kg). Moreover, the area with higher C was
found to have lower N. The mapped leaf P concentrations showed similar spatial distribution
characteristics to the mapped N concentrations, and leaf P showed higher concentrations in winter
(mean = 1513 g/kg, range = 1.102-2.200 g/kg) than in spring (mean = 0.832 g/kg,
range = 0.600-1.316 g/kg) and summer (mean = 0.773, range = 0.600-1.283 g/kg).

The hotspot analysis of mapped leaf nutrients (Figure 7) showed that there were
different spatial patterns of aggregation across different seasons. The significant hot spot
areas of leaf C were mainly located in the northwest and middle part of the study area,
while the significant cold spot areas of leaf C were mainly located near the rivers. In
contrast, the aggregations of leaf N and P in most of the study area were not significant;
the significant hot spot areas of leaf N and P were mainly located near the rivers and the
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boundary, while the significant cold spot areas were mainly located in the northwest of the

study area.
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Figure 7. Hotspot analysis of mapped leaf C (a—c), N (d-f), and P (g—i) concentrations in spring,

summer, and winter.

3.4.2. Mapping Seasonal Leaf C, N and P Concentrations from 2017 to 2021

During 2017-2021,

the mean mapped leaf C concentration in summer

(range = 463.003-499.564 g/kg) was higher with wider data variation than in winter
(range = 459.631-481.287 g/kg) and in spring (range = 449.757-465.282 g/kg) (Figure 8);
the mean mapped leaf N and P concentrations in winter were much higher than those in
spring and summer (Figures 9 and 10). Moreover, the mean leaf N and P concentrations

were stable with minor variations across the 15 seasons of the five years.
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4. Discussion
4.1. The Stoichiometry of Mangrove Leaf Nutrients across Different Seasons

The mean field-measured mangrove leaf C concentration of three seasons in Gaogiao
Mangrove Reserve was 466.33 g/kg, which is slightly higher than the globally averaged
value of 492 terrestrial woody plants (464 g/kg) [51] and 11.53% higher than that of global
coastal wetland plants (418.1 g/kg) [52]. The mean field-measured leaf N (12.13 g/kg) and
P (1.13 g/kg) are 8.13-30.29% lower than the mean value of global coastal wetland vegetation
(N=16.1g/kg, P=1.6 g/kg) [52] and global terrestrial plants (N = 17.4 g/kg, P = 1.23 g/kg) [51].
These differences may be related to species types, phenology, and/or sampling strate-
gies [53]. Such a comparison further confirms the fact that mangrove ecosystems have
a strong C sequestration ability [54]. Moreover, the lower N /P ratios (<14) of the three
seasons indicate that mangrove growth might be limited by N [55].

The seasonal trends of mapped leaf N and P concentration were similar (Figure 6)
due to the strong correlation between them (Figure 3). Moreover, seasonality significantly
affected the concentration of leaf N and P (Table 7), which agrees with the findings of
Qin et al. [56]. However, Milla et al. [57] claimed that there was no significant correlation
between the leaf N and P of woody plants, and Liu et al. [58] found that there was no
strong seasonal variation in the leaf nutrients of S. salsa in the Yellow River Delta wetland.
These results suggest that the nutrient utilization patterns could be affected by a variety
of factors, such as climatic conditions, altitude, tidal levels, soil components, and species
composition [59,60].

We found that leaf C was negatively correlated with N and P, and N was strongly
correlated with P, which is in agreement with the findings of Michaels [61]. Such correlations
also reflect the N and P utilization strategies in the C fixation process [62]. The fixation
of C in the plant metabolism requires the participation of proteases (N storage), and the
assembly of proteases requires the replication of nucleic acids (P storage) [61].

4.2. Sensitive Features Related to Mangrove Leaf Nutrients

The importance score ranking results (Figure 4) demonstrated that the red-edge bands
(B5, B6, and B7, 705-783 nm) and near-infrared bands (B8 and B8a, 842-865 nm) performed
better than other Sentinel-2 bands in estimating mangrove leaf nutrients, and the most
sensitive VIs to leaf nutrients were mainly constructed by these bands. Moreover, B6
(740 nm) showed a higher correlation with the three nutrients than B5 (705 nm) and B7 (783
nm) (Figure 3), suggesting the superiority of B6 in correlating with mangrove leaf nutrients
in different seasons, which agrees with the findings of Zhang et al. [63]. Many studies
also demonstrated that red-edge bands are sensitive to leaf N and P across various plant
species [13]. Moreover, the near-infrared bands are always used for developing NDVI,
and the bands are less susceptible to saturation at high LAI and insensitive to unhealthy
vegetation [12].

The simple ratio index (SRa, SRb, and SRchl) constructed by the ratio of two or three
bands from B3, B4, B5, and B8 played an important role in estimating the three nutrients
(Figure 4). Moreover, MCARI and its ratio with OSAVI were also sensitive to leaf C and N,
and they have been widely used in the estimation of leaf chlorophyll due to the effective
resistance to background interference and sensitivity to LAI saturation [34]. Several studies
claimed that leaf chlorophyll is strongly correlated with leaf N [64], and leaf N and P had a
close correlation, suggesting that chlorophyll content might be closely related to leaf C, N,
and P estimation.

4.3. The Advantage of XGBoost in Estimating Mangrove Leaf Nutrients

Among the three machine learning models, in most cases, the XGBoost model was
found to be optimal in estimating seasonal leaf nutrients using two modeling strategies
(Tables 8 and 9). To our knowledge, this study was the first to estimate leaf C, N, and P in a
mangrove forest using the XGBoost method and seasonal Sentinel-2 images. According to
the interpretation of RPD [65], the XGBoost model using the dataset of a single season had
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approximate quantitative estimations (RPD = 2.0-2.5) of leaf C in summer and winter and
reported the possibility of distinguishing between high and low values of leaf C in spring
and leaf N and P in three seasons (RPD = 1.5-2.0).

In most cases, it is difficult to obtain many sampling plots (15 m x 15 m) in mangrove
forests due to the rough field accessibility, leading to a limited data range of leaf nutrients
and underestimation of the concentrations of leaf nutrients to some extent. Hence, in-
evitable sparse sampling and the relatively weak spectral information of leaf N and P with
relatively low concentrations are the greatest challenges to the accurate mapping of leaf
nutrients in mangrove forests. Compared to other machine learning algorithms (e.g., RF),
XGBoost uses a sparse-aware split lookup method to process sparse data, which is practical
when dealing with the sparse sampling in a mangrove forest. Our results agree with the
findings of Tian et al. [20] and Mohammadi et al. [66], who also claimed that XGBoost
outperformed RF and LightGBM in estimating grapevine leaf N and hydrogen solubility in
hydrocarbons. The reason might be that XGBoost is more capable of solving the problems
of feature selection, overfitting, hyperparameter tuning, and local optimality [67].

4.4. Limitation of Leaf Nutrients Estimation with Seasonal Sentinel-2 Images

We found that the model performance in estimating leaf nutrients was weaker in
spring than in summer and winter, and the model performance was extremely poor in
spring with the pooled dataset of three seasons (Table 9). One possible reason might be that
the field sampling in April 2018 covered a smaller portion of the study area (Figure 1) with
a narrower data range of leaf nutrients (Figures 5 and 6). Hence, it is necessary to improve
the field sampling strategy with more sampling plots and larger sampling areas to increase
the model performance and transferability.

Though Sentinel-2 images could provide a convenient way to monitor seasonal leaf
nutrients, the 10 m pixels of Sentinel-2 images largely contain more than one species, and a
pixel with low coverage or nearshore mangroves is also affected by sediment and seawater,
which could influence the spectral features of mangroves and further lead to errors in
the estimation of leaf nutrients. We mapped the leaf nutrients of 15 seasons from 2017 to
2021; however, the extended XGBoost model was developed by only one image of a single
season, which might lead to a lack of field validation of the mapped results for other years.

5. Conclusions

We compared three machine learning models to estimate mangrove leaf C, N, and
P with Sentinel-2 images in spring, summer, and winter, and the best-performing model
was extended to map leaf nutrients of 15 seasons from 2017 to 2021. The main conclusions
could be drawn as follows:

(1) The XGBoost method had great potential for accurate estimation of mangrove leaf
nutrients with seasonal Sentinel-2 images.

(2) Among the three nutrients, leaf C concentrations were the most accurately estimated,
followed by leaf N and P.

(3) Red-edge (especially B6) and near-infrared bands (B8 and B8a) of Sentinel-2 images
were efficient estimators of mangrove leaf nutrients.

Long-time seasonal monitoring of leaf nutrients could facilitate an understanding of
the dynamic variation of C fixation, nutrient utilization, and growth status of mangrove
forests. To achieve efficient monitoring with time series Sentinel-2 images, it is necessary to
establish an inversion model of leaf nutrients with high accuracy and strong transferability.
In future work, the species composition, elevation, LAI, and canopy height with more
sampling plots in wider areas will be incorporated into the present model to improve
model accuracy and applicability.
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Abstract: The study compares the performance of a hierarchical Bayesian geostatistical methodol-
ogy with a frequentist geostatistical approach, specifically, Kriging with External Drift (KED), for
predicting C stock using prediction aides from the Landsat-8 and Sentinel-2 multispectral remote
sensing platforms. The frequentist geostatistical approach’s reliance on the long-run frequency of
repeated experiments for constructing confidence intervals is not always practical or feasible, as
practitioners typically have access to a single dataset due to cost constraints on surveys and sampling.
We evaluated two approaches for C stock prediction using two new generation multispectral remote
sensing datasets because of the inherent uncertainty characterizing spatial prediction problems in
the unsampled locations, as well as differences in how the Bayesian and frequentist geostatistical
paradigms handle uncertainty. Information on C stock spectral prediction in the form of NDVI, SAVI,
and EVI derived from multispectral remote sensing platforms, Landsat-8 and Sentinel-2, was used
to build Bayesian and frequentist-based C stock predictive models in the sampled plantation forest
ecosystem. Sentinel-2-based C stock predictive models outperform their Landsat-8 counterparts using
both the Bayesian and frequentist inference approaches. However, the Bayesian-based Sentinel-2
C stock predictive model (RMSE = 0.17 MgChafl) is more accurate than its frequentist-based
Sentinel-2 (RMSE = 1.19 MgCha ') C stock equivalent. The Sentinel-2 frequentist-based C stock
predictive model gave the C stock prediction range of 1 < MgCha~! < 290, whilst the Sentinel-2
Bayesian-based C stock predictive model resulted in the prediction range of 1 < MgCha~! < 285.
However, both the Bayesian and frequentist C stock predictive models built with the Landsat-8 sensor
overpredicted the sampled C stock because the range of predicted values fell outside the range of
the observed C stock values. As a result, we recommend and conclude that the Bayesian-based C
stock prediction method, when it is combined with high-quality remote sensing data such as that
of Sentinel-2, is an effective inferential statistical methodology for reporting C stock in managed
plantation forest ecosystems.

Keywords: Bayesian methodology; classical geostatistics; multispectral remote sensing; carbon stock;
plantation forest; managed ecosystem

1. Introduction

Plantation and natural forests serve as one of the main economic pillars in sub-Saharan
Africa because they support both economic growth and human livelihoods. Due to the
vulnerabilities caused by climate change, economies in Sub-Saharan Africa and other re-
gions of the world must balance the need to protect the environment against the economic
pressures brought on by population growth and poverty [1]. Nearly 50% of Africans live
without access to electricity, and at least 60% of them still rely on wood for cooking and
heating [2]. This disproportionate reliance on climate-vulnerable industries such as energy
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and agriculture for economic survival and expansion leads to significant increases in the
supply of primary energy and greenhouse gas emissions [3]. Forest biomass is regarded as
a crucial part of monitoring forest resources according to the Food and Agriculture Orga-
nization’s (FAO) 1994 International Forest Resources Monitoring Program [4]. Therefore,
accurate monitoring and estimation of the forest’s aboveground biomass (AGB) at the local
and regional scales are essential for understanding how the forest’s AGB contributes to the
regional and global carbon cycles [5].

Zimbabwe is one of several African countries that, in their Nationally Determined
Contributions (NDCs) to the Paris Agreement, have made bold proposals for establishing
low-carbon and climate-resilient economies [3]. Yet Agriculture, Forestry and Other Land
Use (AFOLU) still remain the biggest contributors of Greenhouse Gas Emissions (GHG), ac-
counting for 54% of GHG in 2017 in Zimbabwe [6]. Deforestation resulting from agriculture
expansion, increased stocking levels, the fetching of fuelwood, veld fires, the harvesting
of timber for construction, mining, illegal settlements, tobacco curing, charcoal making,
and commercial logging are some of the major drivers of GHG emissions in the AFOLU
sector [7]. The Zimbabwean government also introduced the Greenhouse Gas Abatement
Cost Model (GACMO) for establishing a GHG database [8]. The model can also be used
as a tool for reporting, monitoring, and Verifying transparency in mitigation actions for
climate change.

The commonly used methods for estimating aboveground biomass (AGB) include
mean biomass density, allometric equations, remote sensing, forest identity, geostatistics,
and biomass expansion factors [9]. The method of statistical inquiry for any of these
AGB estimation and prediction methods can be comprehensively categorised as either
Bayesian or frequentist ones, depending on the circumstances of the investigation and
assumptions underlying the inference. Notable differences between the Bayesian and the
frequentist statistical methodologies regard the nature of the unknown parameters under
investigation [10]. The frequentist paradigm treats parameters of interest as unknown and
fixed ones, whilst the Bayesian framework regards all unknown parameters as uncertain
ones, and therefore, should be characterised by a probability distribution [11].

The performance of Maximum Likelihood (ML), Least Squares and Bayesian ap-
proaches in Bogota, Columbia, was tested by Ghosh and Carriazo [12] in a hedonic estima-
tion context and concluded that none of the aforementioned approaches are better than
the other ones. However, because of the philosophical differences governing Bayesian
and frequentist statistical techniques, the authors recommend the choice of the estimation
technique to be grounded on the peculiarities of the policy problem at hand [12]. Some
studies in the literature dwell at one of the two approaches as the principal methodology
of inference. Notable work in the realm of biomass estimation using the Bayesian tech-
niques include [13-16]. Recent studies assessing AGB distribution established accuracies of
17.52 Mg/ha [14] and 1.16 MgCha ! and 2.69 MgCha~! for Sentinel-2-based and Landsat-
8-based Carbon (C) stock predictive models, respectively [16]. Other remote sensing- and
machine learning-based efforts towards the estimation and prediction of AGB in recent
times include those by Do et al. [17], who established mangrove AGB predictions in Viet-
nam at ranges from 6.51 to 368 Mgha ! and from 13.70 to 320.1 Mgha~! for remote sensing
and Artificial Neural Networks, respectively.

Addressing a geostatistical research question from the Bayesian view point makes
it possible to provide definitions of spatial predictors contributing to uncertainty in the
unknown spatial covariance structure [18]. Kriging provided an optimal geostatistical
technique under the frequentist paradigm that is employed in the description of spatial
patterns and predicting values of a variable at unsampled locations and, consequently,
evaluated the uncertainty associated with the predicted values [19].

Research making use of the frequentist geostatistical approach independent of the
Bayesian technique for the estimation of C stock are also well documented in the literature.
The authors of [20] mapped AGB in the Brazilian Amazon using Kriging with External
Drift and established prediction accuracies for different sample sizes ranging from 0 to
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110 for distances within 300 km radii from the prediction locations. The lowest RMSE for
the estimated AGB for a sample size of 110 was 32.8 Mgha~!, whilst the lowest accuracy
for the lowest sample size of n > 0 was 48.06 Mgha!. To add to this, the authors
of [21] predicted the AGB in a Wangyedia forest farm in China using Landsat-8 and the
newly launched Landsat-9 datasets and arrived at RMSEs of 16.83 tha~! and 17.91 tha™!,
respectively. The authors of [22] coupled remote sensing-derived Sentinel-2 explanatory
variables with geostatistics and machine learning algorithms in Mayanmar for predicting
the aboveground biomass and established accuracies of 24.91 Mgha~! and 34.72 Mgha ! for
Random Forest-based ordinary kriging and Random Forest-based co-kriging, respectively.
As demonstrated by the results of Jiang et al. [21], Landsat-8 built AGB estimation models
can still be superior to AGB models built from the successor Landsat-9 sensor, despite the
relative spectral and radiometric improvements in the latest Landsat-9 sensor.

It is worthwhile to explore avenues for improving AGB prediction and estimation
accuracy through the adoption of befitting statistical methods of inference for the produc-
tion of high-quality reports applicable to climate change mitigation and climate change
action. A significantly higher proportion of studies assessing the predictive performance
of Landsat-8 and Sentinel-2 in aboveground biomass estimation favour Sentinel-2 over
Landsat-8, though the differences in prediction performances are insignificant [21-23]. On
the other hand, studies that have employed the Bayesian spatial hierarchical technique
coupled with remote sensing-derived ancillary data have always outperformed similar
studies conducted using the frequentist approach for predicting the AGB [14,24-27].

From the frequentist viewpoint, the interpretation of a confidence interval (CI) is
hypothesised based on Neyman understanding, where the CI gives a measure of uncer-
tainty by taking into account the long-run frequency of replicated experiments [28,29]. This
suggests that if a practitioner/forester gathers 500 datasets on tree dbh from independent
trials for estimating the parameter of a C stock prediction model and constructs a, with
a 97% confidence interval for the parameter estimate for each dataset, at least 97 of the
ClIs would be expected to contain the true (but fixed) unknown model parameter [28,29].
However, in most practical settings, foresters or practitioners would not have access to
multiple datasets and usually have a single dataset, as it is rather costly and unfeasible to
undertake multiple experiments. The constructed CI may or may not contain the true (but
fixed) unknown model parameter. On the other hand, the Bayesian credibility interval is a
more pragmatic proposition as the credible interval is built in a manner that guarantees
that there is a certain probability associated with getting the true (but random) unknown
model parameter [30,31]. By the same reasoning, if a practitioner estimates the C stock
predictive model using a single tree dbh dataset and constructs a, with a 97% credible
interval, there would be a 97% probability that the true (but random) unknown model
parameter is contained within that credible interval [32].

Since uncertainty is inherent in spatial prediction problems at unsampled locations,
the Bayesian approach handles it better than the frequentist approach does because it
benefits from having access to the full posterior predictive distribution of the modelled
variable [31,33,34]. The principled way in which Bayesian inference incorporates pre-
experimental information in the form of priors and experimental data, combined with the
real-world benefits of parameters of carbon accounting and climate change action, makes it
worthwhile to compare the two inferential paradigms when one is using freely available
and new generation remote sensing data. As a result, the current study is an extension of
the current earth observation-based inferential techniques for C stock accounting in climate
change adaptation and mitigation within the United Nations Framework Convention on
Climate Change (UNFCCC). As previously hypothesised, we set out to determine whether
the Bayesian inferential approach can handle the uncertainty inherent in spatial prediction
phenomena better than its frequentist counterpart can.
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(a)

(c)

2. Methods
2.1. Study Area

We undertook the study at Lot 75A of Nyanga Downs in the Manicaland province
of the eastern highlands of Zimbabwe. The area of interest is in the Nyanga district of
the aforementioned province and has dominant tree species comprised of Pinus patula,
Eucalyptus grandis, and Eucalyptus camaldulensis. Dotted patches of the area lying between
latitude 32°40’ E and 32°54’ E and longitude 18°10'12"” S and 18°25'4"” S as illustrated in
Figure 1 have undergone changes in land use and are currently used for gold panning,
agriculture, and grazing [35].
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Figure 1. Study map showing (a) location of the province where samples for the study were collected,
(b) study area location within the sampled province, and (c) plantation forest species distribution in
the area of interest (AOI). * Shows provincial names.

Changes in land use to grazing and agriculture came after some parts of the com-
mercially owned plantation forests were redistributed by the government of Zimbabwe to
communal farmers in 2000. This development removed access barriers that were in place
within the commercial plantation forests before the land redistribution, giving settlers more
access to forest resources [36]. The area of study which covers an approximate area of

71

o
o
ms -
g -
= &
'-g 1
-
(0]
e
o Barren
o v
O w7 " Pinus patula
' Eucalyptus camaldulensis
Eucalyptus grandis
= B cuttivated
X _l T T T T
32.80 32.82 32.84 32.86 32.88



Remote Sens. 2023, 15, 1649

2767 ha, receives variable amounts of rainfall ranging from 741 mm to 2997 mm, and a
mean annual precipitation of 1200 mm [37]. Annual mean temperatures are also varied,
with a minimum annual range from 9 °C to 12 °C and a maximum range from 25 °C to
28 °C. Extensive wild fires occur at high altitudes due to the hot weather experienced
during the summer season of the year between the months of August and November [38].
Rapid population growth (Figure 1b) within the jurisdiction of the studied region is also a
possible factor driving rapid land use change, leading to veld fires and logging for opening
up more land for agriculture.

2.2. Remote Sensing Covariates

The relatively low cost of acquiring Landsat and other freely available earth observa-
tion sensors, in addition to their spatial coverage, makes them indispensable for natural
resource modelling. The recently launched Sentinel-2 satellite sensor is made up of six
bands, which can be compared to the Landsat-8 bands, and also carries three additional
bands comprising the red edge (RE) spectrum [39]. The red edge bands are positioned
at 704, 740, and 782 nm, whose band widths are 15, 15, and 20 nm, respectively. The red
edge forms the major spectral feature of vegetation located between the high reflectance
in the NIR (750 nm) and the red absorption maximum (680 nm) [40]. Sentinel-2's surface
bands have 10 m and 20 m spatial resolutions as compared to Landsat-8's 30 m bands.
These differences in sensor configuration and properties form the basis for assessing their
mapping accuracies.

Landsat OLI and Sentinel-2 MSI Imagery

We obtained Landsat-8 images from the United States Geological Survey Earth Ex-
plorer site as georeferenced and analysis ready data (ARD) (http:/ /earthexplorer.usgs.gov,
accessed on 13 February 2023). We filtered the datasets for cloud cover and set cloud
shadow thresholds to below 10%. We downloaded Sentinel-2 cloud free images on the
20 September 2020, coinciding with the time that we acquired the Landsat-8 data, which
covered the whole area of interest, including Lot 75A in the Nyanga Downs in the east-
ern highlands of Zimbabwe. Sentinel-2 imagery with 13 spectral bands was acquired as
level-1C 12-bit fixed Top of the Atmosphere (TOA) reflectance values. We carried out
the orthorectification and pre-processing of the Sentinel-2 level 1-C data using the sen2r
package in the R Statistical and Computing Environment [41].

We derived the Enhanced Vegetation Index (EVI), Soil-Adjusted Vegetation Index
(SAVI), and Normalised Difference Vegetation Index (NDVI) from each of the two sensors
as independent variables for use in C stock prediction in a managed plantation forest in
Zimbabwe. The authors of [40,41] employed the aforementioned vegetation indices as
independent variables in AGB estimation and assessment. We therefore employ these
variables using philosophically different statistical research methodologies in order to
assess the best framework that can be applied in C accounting and reporting for climate
change studies.

2.3. Sampling Design
Spatial Coverage Sampling and Mapping of Regionalised Variables

We carried out sampling in an area that had not been sampled before, and hence, the
scales of spatial variability were not known beforehand. Under such circumstances, the
Mean Squared Shortest Distance (MSSD) is a befitting objective function, which we utilised
in order to optimize the sample locations. We utilised the k-means clustering algorithm for
uniform area coverage sampling. According to Walvoort, Brus, and de Gruijter [42], the
even distribution of sampling locations within a study domain can enhance the mapping
and estimation of regionalised variables. This assertion is further confirmed by Brus, de
Gruijter, and van Groenigen [43], who demonstrated how even coverage of the study
area with sampling observations can be utilised for the dual role of estimating the spatial
means of regionalised variables and resolving mapping in forestry, soil, and environmental
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research. The MSSD remains a dominant methodology for optimizing the sampling pattern
over other methods such as Spatial Simulated Annealing (SSA) for both prediction and
estimation designs for regionalised variables. The suitability of this design for locations
where sampling schemes cannot be extended beyond a single phase is well documented.

We subdivided the study domain (D) into compact subunits through the clustering
of building blocks making up the sampling domain using the k-means optimization pro-
cedure [44,45]. x and y coordinates of the central points of the building blocks are the
classification variables for the k-means optimization function. We utilised the centroids of
clusters as sample locations, where the sampling plots for C stock were set up.

2.4. Carbon Stock Data
2.4.1. Aboveground Tree Biomass (AGTB) Field Measurement

Measurements of all trees with at least 10 cm diameter at breast height (DBH) (at
1.3 m) were taken using 500 m? circular plots from the 19 September to the 24 October
2021. Diameter and linear tapes were used for the tree measurements, and trees with dbh
less than 10 cm were excluded as they are generally regarded to have an insignificant C
stock [3]. As the average slope within the study area was generally less than 30%, we
did not consider slope correction for the measured outcome variable [46]. We carried
out optimization of the resulting 200 sampling points using the spcosa package imple-
mented using the R Statistical and Computing Environment [44,45]. We pre-uploaded the
200 probable sampling observations into a 72 H handheld Garmin GPS before setting out
for the field work programme. The number of actual sampling points of forest biomass
obtained during the field exercise was one hundred and nine, as nine of the pre-loaded
sampling locations fell outside the boundaries of the defined study domain (Figure 1).

2.4.2. Biomass Calculation and Derivation of C Stock

Allometric equations used by Brown [7] were applied in the calculation of AGB Pinus
species, whilst the AGB of Eucalyptus species was calculated using allometric equations
developed by the authors of [47]. The same allometric equations used for Pinus and
Eucalyptus species were also applied to Eucalyptus and Pinus species of the Manica province
in Mozambique, whose climatic and weather conditions largely resemble those of the
studied region in the eastern highlands of Zimbabwe. We then converted the AGB of every
individual tree to C stocks per species through the conversion factor in [4]. Estimated per
plot AGB values were then expanded to a standardised unit area of a hectare measured
in MgCha~1.

2.5. The Bayesian Geostatistical Modelling Framework

The modelling framework for the Bayesian and frequentist geostatistical approaches
using new generation remote sensing Landsat-8 and Sentinel-2 as data sources is illustrated
in Figure 2. Both approaches culminate in C stock predictions whose qualities were
evaluated using cross-validation statistics (Figure 2). We assumed the Bayesian hierarchical
methodology in order to have a full account of the parameter uncertainty for the measured
C stock as given in Equation (1) [48].

Y(s) = XT(s)B + w(s) +e(s) @

where:

w(s) represents the spatial random effects term;

B denotes a vector of covariate coefficients;

XT(s) denotes a vector of predictors measured at the same location as Y (s);

Y(s) denotes the sampled C stock variable;

g(s) denotes the white-noise-assumed independent and identically distributed
(i.i.d.N(0,02)).
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Figure 2. Bayesian and frequentist geostatistical modelling framework.

We performed the simultaneous estimation and prediction of C stock parameters by
making use of the Markov Chain Monte Carlo (MCMC) technique to derive and calculate
C stock predictions at unvisited locations, as in Equation (2).

Y(s)' = X" (s)'B+(s)

All hierarchical models were made using the spBayes package (Finley, Sudipto, and
Carlin [49]) in the R Statistical and Computing Environment [50]. According to Gelfand [51],
the vector of model parameters, 8 = 8,02, ¢, T2, is treated as random and mutually inde-
pendent variables and is assigned prior distributions. We therefore sampled the posterior
distribution of the parameters of interest, 8, as in Equation (3).

p(Oly, X) o

Equation (3) was employed in the quantification of uncertainties in model parameters
and C stock predictions at unsampled locations derived using Equation (4).

@

p(8) x N(w|0,Zy) x N(y|X'B+w, =) 3)

p(woly, X,x0) & [ p(uoly, 8,%0)p(6ly, X)d0 @

where:
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Yo represents the predicted C stock at a site sy and x are the predictor values at site s.

The overall mean of the sampled C stock was assigned a normal prior, whilst the
regression coefficients were assigned a multivariate normal prior. Since the study made
use of ancillary data from Landsat-8 and Sentinel-2 sensors, we specified two classes of
priors for hierarchical modelling of the outcome variable. We assigned an inverse gamma
distribution for the C stock data and measurement error variance, whilst the spatial decay
parameter, ¢, was assigned a uniform prior as indicated by p(6;) and p(0;) for the Landsat-
8 and Sentinel-2 sets of priors, respectively. The assignment of the prior distribution on
the spatial decay parameter was guided by the maximum distance between the sampling
locations (2413 m) within the geographic domain (61,6, € D) of the studied region.

As we expected the white noise error variance (nugget, 0?) to be smaller than the
structured variance was, 02, scale parameter values were adopted in order to express the
preference that 0? < 02 [52]. A uniform prior with support covering the geographic domain
of the study area was assigned to the spatial decay parameter, ¢. Prior distributions on
the modelled parameters were derived from covariance parameters from the exploratory
variograms of the two multispectral remote sensing sensors. A Metropolis—Hastings
algorithm for MCMC was utilised [48]. We then specified an algorithm of one chain
comprised of 20,000 MCMC iterations for the posterior densities of the model parameters.
Fifteen thousand chains were discarded as burn-in.

Bayesian Model Validation and Diagnostic Evaluation

We compared the spatial model, the spatial-intercept-only model, and the independent
error model (simple multiple linear regression) for assessing the performance of predictions
from the Bayesian hierarchical modelling approach with the Uniform (Unif) and Inverse
Gamma (IG) priors on the spatial decay and the spatial random effects as illustrated for 6,
and 0, respectively.

p(61) = Unif($|0.38,0.0012) x IG(02‘0.52,1.58) x IG<T2‘0.1,1.58) x MVN(,B

0,2ﬁ>

p(6) = Unif($|0.38,0.0012) x IG(02‘0.052,0.0028> x IG(T2‘0.1,1.52> x MVN([% o,zﬁ)

The predictive performance of each of the three models was tested using a k-fold cross-validation
algorithm, which performed the cross-validation through random splitting of the measured 191 C
stock observations into approximately ten equally seized segments [53]. We calculated validation
metrics of the Mean Absolute Error (MAE), Root Mean Square Error (RMSE) and other goodness-of-fit
statistics such as the Deviance Information Criterion (DIC) for ranking candidate models on their
ability to fit data [54]. Desirable and better fitting models display lower values of the DIC, whilst
better performing models would have the lowest k(k = 10)-fold MAE and RMSE. We also assessed
the conformance of the models to the modelling assumptions using graphical diagnostic plots of
model residuals [15,53].

2.6. The Frequentist Geostatistical Modelling Framework
2.6.1. Carbon Stock Spatial Interpolation

We utilised ordinary kriging (OK) as a baseline for assessing how covariates derived from
Landsat-8 and Sentinel-2 impact the C stock model using a frequentist geostatistical methodology.
Covariates are a means of enhancing the predictive properties of spatial models [55]. The manner in
which auxiliary variables lead to better kriging estimates than the ordinary kriging algorithm can
produce is shown by the work in [54,56]. We therefore employed kriging with External Drift (KED) as
a geostatistical methodology for modelling the spatial distribution of C stock in managed plantation
forest ecosystems using vegetation indices derived from Landsat-8 and Sentinel-2. As Equation (5)
shows, the KED algorithm restricts stationarity within a search neighbourhood and provides more
detailed information compared to that achieved by ordinary kriging [57]. The standard measurement
unit for forest C stock accounting is a hectare [3], and hence, we utilised a 100 m x 100 m resolution
grid for kriging, with the normality assumptions tested with residuals of the selected liner model [58].

Ziep (1) = Y AKED (1) Z (1) )
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Zipp (1) denotes the KED estimated value at site ;
AKED (1) denotes the KED weights pertaining to n samples at site y;
Z(1a) denotes the sample values inside the search neighbourhood at alpha.

2.6.2. Frequentist Model Validation and Diagnostics

We followed the method of cross-validation as outlined in [59] for assessing the quality of
predictions of each of the C stock predictive models constructed from Landsat-8 and Sentinel-2
satellite sensors. We therefore presented the validation statistical metrics in the form of RMSE, MSE,
ME, and the Predicted Residual Sum of Squares (PRESS).

2.7. Variogram Modelling of the Regionalised Variable

The Bayesian and frequentist geostatistical modelling philosophies both make use of the vari-
ogram as the basis for establishing spatial covariance parameters. We presented the variogram of
residuals from the linear modelling of C stock with predictors from both Landsat-8- and Sentinel-
2-derived vegetation indices. Variogram modelling was, therefore, utilised as a basis for assessing
the robustness of the spatial correlation structure of the modelled C stock response variable [60-62].
The regionalised variable was also transformed into a logarithmic scale to ensure conformance to the
normality of residuals modelling assumptions using the Box-Cox transformation technique [63].

3. Results
3.1. C Stock Descriptive Statistics

Descriptive statistics of the sampled C stock data relating to the measured forest parameters are
illustrated in Table 1. The mean C stock for Eucalyptus camaldulensis, Eucalyptus grandis, and Pinus
patula species were 2485.3 MgCha~1, 405.7 MgCha~!, and 377.9 MgCha !, respectively. Eucalyptus
camaldulensis had the highest C stock density in the sampled plantation forest, as illustrated in Table 1.

Table 1. Summary statistics of the measured C stock plantation forest parameters.

Statistic Eucalyptus camaldulensis Eucalyptus grandis Pinus patula
(MgCha™!)  pgy Height  CStock DBH Height  C Stock DBH Height  C Stock
Mean 81.4 60.6 2485.3 67.4 70.6 405.7 56.8 58.6 377.9
Median 774 52.7 1470.3 514 49.7 327.8 43.5 38.7 295.4
Max 231.9 88.9 8998.2 97.9 90.1 429.8 64.3 66.6 600.3
Min 11.4 23.8 13.7 14.7 27.8 111.3 10.6 194 9.7
n 97 - - 60 - - 34 - -
s.td 57.6 - - 51.7 - - 48.9 - -

3.2. Hierarchical Bayesian Geostatistical Approach

The variogram of residuals of predictors obtained from the Landsat-8 and the Sentinel-2 satellite
sensors provided priors of the modelled parameter specifications of o7 and 02, for the geostatistical
approach, Figure 3a,b, respectively. Sentinel-2-derived predictors have more influence on the spatial
distribution of the modelled regionalised variable than what we see with its counterpart from the
Landsat-8-derived vegetation indices. The spatial dependence is greatly reduced in the Sentinel-2-
derived modelled variogram (Figure 3a,b), as the variable displays a strong spatial structure attributed
to the finer spatial and spectral resolutions of Sentinel-2 than that of the Landsat-8 data. The modelled
C stock using the Bayesian hierarchical approach, therefore, adopted scale parameters derived from
the variogram exploratory analysis of the outcome variable using ancillary data from Landsat-8
and Sentinel-2 [53].
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Figure 3. Variogram modelling for Landsat-2- and Sentinel-2-derived vegetation indices. The
asymptote for the theoretical variogram model is shown by the black dotted line.

In accordance with the foregoing logic, the scale parameter values derived from Figure 3
put on a constraint on the parameter space of the probability distribution function [34]. We fitted
the variogram of residuals for both sensors using the exponential covariance model, as illustrated
in Figure 3.

3.2.1. C Stock and Medium Resolution Sensor-Derived Vegetation Indices

Medium resolution-derived vegetation indices utilised as predictors for C stock modelling in
the form of NDVI, SAV I, and EV I showed different results for the two sensors. The Landsat-8-based
C stock model demonstrated NDVT as the only predictor for C stock, whilst the Sentinel-based
C stock employing the same covariates illustrated both NDVI and SAV1 as significant predictors of
the C stock. Amongst the tested Landsat-8- and Sentinel-2-derived vegetation indices, only NDV'I
was significantly different from zero, as 95% Credible Intervals (CI) for both sensors exclude zero, as
illustrated in Table 2.

The 95% CI of 2.63 < NDVI < 6.30 and 6.06 < NDVI < 6.51 for the Landsat-8- and Sentinel-
2-based C stock prediction models, respectively, puts the Sentinel-2-based predictive model in a
stronger position due to the strength of the predictor coefficient. It is evident from Table 2 that
the posterior distribution of independent variable coefficients for Landsat-8 and Sentinel-2 dis-
played marked differences. The larger NDVI coefficients in the Sentinel-2-derived C stock model
signify the relative preference of using Sentinel-2 for C stock prediction over Landsat-8-derived
vegetation indices.

The Landsat-8-derived C stock model has a slightly stronger spatial correlation compared to
that of its Sentinel-2 C stock counterpart, as evidenced by the estimates of the effective ranges of the
models. We observed an effective range (=~ %) of 2500 m with a (2142 < ¢ < 2307) 95% CI for the
Landsat-8 C stock, whilst the Sentinel-2-based C stock model gave an effective range of 1667 m with
a (1304 < ¢ < 2142) 95% CI, as illustrated in Table 2. The Sentinel-2-based NDV I takes away most
of the spatial correlation structure in C stock than the same predictor derived from the Landsat-8 OLI
does. The differences in the spectral properties between Landsat-8 (11 spectral bands) and Sentinel-2
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(13 spectral bands) vindicates this observation [64,65]. In both models of Landsat-8 and Sentinel-2,
the spatially structured variance, 0'5,, is higher than the white noise variance is [66,67].

Table 2. Landsat-8- and Sentinel-2-derived predictors of C stock. NDVI =Normalised Differ-
ence Vegetation Index; SAVI = Soil-Adjusted Vegetation Index; EVI = Enhanced Vegetation Index;
02, = spatially structured variance; o2 = White noise; ¢ = spatial decay parameter.

Landsat-8 OLI C Stock Model Sentinel-2 MSI C Stock Model
Parameter Mean s.d 2.5% 97.5% Mean s.d 2.5% 97.5%
Intercept  1.34 0.49 0.37 227 0.93 0.24 1.42 —0.49
NDVI 449 0.94 2.63 6.30 6.30 0.11 6.06 6.51
SAVI —0.50 0.72 —1.55 1.26 0.02 0.38 —0.72 0.77
EVI —0.50 0.55 —1.65 0.53 0.01 0.11 —0.19 0.22
ol 1.47 0.39 0.76 222 0.07 0.01 0.053 0.10
o? 0.39 0.15 0.13 0.68 0.005 0.004 0.0005 0.01
¢ 0.0013 0.000 0.0013 0.0014 0.0012 0.0003 0.0014 0.0023

3.2.2. Bayesian-Based C Stock Predictions

We fitted models with Landsat-8- and Sentinel-2-derived spectral auxiliary variables for predict-
ing the C stock at unsampled sites within the studied region. Covariates in the form of NDVI, SAVI,
and EVI were derived from a 10,000 m? gridded raster, thereby making the predicted C stock rep-
resent the average values in every raster pixel. NDV1 is the only significant predictor for C stock
prediction in managed plantation forest ecosystems, as the 95% ClIs of the other covariates contain
zero (Table 2). The significance of NDVI as a vegetation index correlated with the biophysical
properties of vegetation, leaf area index being one of them, is well established [68]. Sentinel-2-derived
C stock predictions are more credible than their Landsat-8 derived C stock predictions are. Landsat-
8-based C stock predictions have higher uncertainty compared to that of Sentinel-2-based C stock
predictions.

This is demonstrated in the 95% posterior predictions illustrated in Figure 4a, indicating the
C stock 95% CI to be greater than the Sentinel-2 predicted values are. This makes Landsat-8-based pre-
dictions highly uncertain and less precise than the Sentinel-2-based C stock predictions are. Landsat-8
and Sentinel-2-based C stock predictions alongside their 95% ClIs are illustrated in Figure 4a,b and
Figure 5a,b, respectively. The C stock predictions range between 1 MgCha_1 and 497 MgCha_1
and between 1 MgCha ! and 285 MgCha ! for the Landsat-8 and Sentinel-2 sensors, respectively.
Higher C stock values are predicted in the southern part of the studied region in the Landsat-8-based
predictive models than those in the Sentinel-2 models. In spite of this trend, the Sentinel-2-based
C stock predictive model displays higher C stock values uniformly across the study area with a
smaller magnitude than the Landsat-8-based models do (Figure 4a,b and Figure 5a,b).

As such, the Sentinel-2 model seems to underpredict more of the C stock at unsampled locations
compared to that of its Landsat-8-based C stock predictive model counterpart. The slight underpre-
diction by Sentinel-2 can partly be attributed to the finer spatial and spectral resolutions of the sensor
within the visible and near-infrared segments of the electromagnetic spectrum (EMS) [16,69,70].
Enhancements in the spectral and spatial resoultion of Sentinel-2 confirms the much shorter 95%
Credible Interval Widths (CIWs) displayed by the Sentinel-2-based C stock predictive model in
Figure 4d (0.40-1.78 MgCha~!) than those of the Landsat-8-based predictive model in Figure 4b
(2.0-4.7 MgCha~1). Predicted values in both new generation remote sensing-based models look better
compared to the ones reported in previous research including Jiang et al. The authors of [71] estab-
lished a mean AGB RMSE of 40.9 MgCha_1 in north-east China, and the authors of [72] determined
an AGB RMSE of 36.67 MgChzf1 in Vietnam using the Random Forest (RF) algorithm.

Furthermore, Takagi et al. [73] employed LiDAR for the prediction of forest biomass in Hokkaido,
Japan, and determined an RMSE biomass prediction of 19.1 MgCha~!. The differences between the pre-
diction accuracy results reported in the literature and our study can also be justified by the differences
in forest density, since the erstwhile studies were carried out in subtropical rainforest biomes.
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Figure 4. Bayesian Landsat-8 (L-8)- and Sentinel-2 (5-2)-based C stock posterior predictions alongside
95% credible intervals.

3.2.3. Model Validation and Diagnostics

The k-fold cross-validation metrics employed in the assessment of the Bayesian-based predictive
models are presented in Table 3. The Sentinel-2-based C stock predictive model is the top performing
model in terms of the RMSE (0.17 MgCha_l) and Mean Absolute Error (MAE) (0.13 MgCha_l). The
Sentinel-2 model presents a predictive ability that is almost at the benchmark nominal coverage
of 95% [60,73]. The Landsat-8-based C stock predictive model has an 85.4% coverage for the 95%
prediction intervals coupled with higher RMSE and MAE values (Table 3).

Figure 5a,b illustrates the scatterplots of observed C stock against the predicted C stock, along-
side the 95% intervals for both Landsat-8 and Sentinel-2 C stock-based predictive models. Evidence
of the Sentinel-2-based C stock predictive model performing better than its Landsat-8 C stock-based
counterpart did is clear from the scatter plot of the model in Figure 5b. It is evident from the model
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diagnostics illustrated in Figure 5a that the Landsat-8-based C stock predictive model tends to over-
predict more C stock values compared to those of the Sentinel-2 C stock-based predictive model
(Figure 5b). This makes the Sentinel-2 C stock-based model favourable compared to the Landsat-8
predictive model.
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Figure 5. (a) Predictions (MgC ha~') against observed C stock (MgCha ') for the Landsat-8-based
spatial model. (b) Predictions against observed C stock for the Sentinel-2-based spatial model
alongside 95% intervals.

Table 3. Validation statistics for C stock Bayesian-based C stock predictive models.

Landsat-8-Derived Predictors Sentinel-2-Derived Predictors
MOdélriE:;?; ton Independent Islftit:::p ¢ Only Spatial Independent Islftaetri:elp ¢ Only Spatial
Error Model Model Model Error Model Model Model
RMSE (Mgha~1) 1.23 0.97 0.97 0.31 1.18 0.17
MAE (Mgha™1) 0.93 0.53 0.57 0.26 0.77 0.13
CRPS (Mgha™') 0.72 0.38 0.38 0.20 0.56 0.14
CVG (%) 91.67 85.42 85.42 95.83 89.58 100.00
DIC 220.8 48.40 71.0 —201.3 283.5 —564.5

3.3. Frequentist Geostatistical Modelling
3.3.1. C Stock Density

We assessed the C stock density of the studied region using species type as a possible source of C
stock density variability and established the mean C stock of Eucalyptus camaldulensis, Eucalyptus gran-
dis, and Pinus patula species to be 35.10 MgCha_l, 37.38 MgCha_l, and 29.45 MgCha_l, respectively.
Despite Pinus patula being the most dominant species in the sampled region (Figure 1), Eucalyptus
grandis has the highest concentration of C stock. An evaluation of the C stock density of the various
plantation forest species making up the study area using Analysis of Variance (ANOVA) shows
that the C stock densities of the different tree species are not significantly different from each other
(Fx188 = 0.21, p = 0.811). Tukey—Kramer [74] multiple comparison test was conducted in order to
avoid the risk of accumulating false positives as a result of multiple tests being carried out at the same
time, and the results, also not significantly different. An evaluation of C stock density categorised
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by management style conducted in Nepal using frequentist ordinary kriging and KED geostatistical
methodologies demonstrated significant differences between the C stock densities stored by different
community forests [75].

However, the present study evaluated the prediction performance of geostatistical models using
probabilistic- and likelihood-based frameworks, without stratifying the prediction performances by
forest species as was performed by the authors of [75]. This would be an interesting research question
for the future, as it is evident that different forest species of tropical and subtropical biomes store
significantly different biomass and C stocks, an issue that forest practitioners would be interested in
knowing for their investment options and decisions [9].

3.3.2. Landsat-8- and Sentinel-2-Based C Stock Linear Modelling

The linear modelling of C stock using sampled C stock data and multispectral remotely sensed
data showed NDV1 to be a significant predictor for the Landsat-8-derived vegetation indices, whilst
NDVI and SAVI were significant predictors for the Sentinel-2-derived vegetation indices (Table 4).

Table 4. Landsat-8 and Sentinel-2 best linear models of feature space.

. Landsat-8-Based Linear Model Sentinel-2-Based Linear Model
Predictors
Coefficient  p-Value « =0.05 Coefficient  p-Value « =0.05
Intercept 0.03 0.93 Insignificant —0.30 0.31 Insignificant
NDVI 7.67 0.00 Significant 6.69 0.00 Significant
SAVI 1.04 0.11 Insignificant 1.24 0.01 Significant
EVI 0.33 0.57 Insignificant 0.20 0.15 Insignificant

3.3.3. Landsat-8 and Sentinel-2-Based KED Predictions

Figure 6a illustrates the Landsat-8-based C stock KED predictions alongside their prediction
variances. The results of KED using the spatial dependencies in the outcome variable gave C stock
predictions with a range of 1 < MgCha ! < 327 and a corresponding standard error range of
1.1 < MgCha! < 5.1. As shown in Figure 6b, C stock predictions similar to the sampled data
displayed less uncertainty compared to that of the predictions made at remote locations within the
study domain. Thus, the Landsat-8-based KED C stock variances illustrated in Figure 6b are not
better than 26.01 (=5.1%) MgCha~! for the studied managed plantation forest ecosystem. A high C
stock density dominates the predictions at the original support (500 m?), where primary data were
derived using sampled field data. This is because kriging is a geostatistical method that characterises
the values of an outcome variable (C stock) similar to the original data locations, which tend to have
more similar statistical properties to the sampled value at that point than those of the values obtained
in remote locations [75,76].

As illustrated in Table 4, we made Sentinel-2-based C stock KED predictions using NDVI and
SAV I as aides of the predictive model, and these were made after ordinary variogram modelling of
the primary variable. Incorporation of NDVI and SAVI as independent variables gave a reduced
total sill of the modelled variogram (Figure 3b) and the subsequent shortening of the range of spatial
dependence. Hence, Sentinel-2-derived vegetation indices utilised as predictors in the C stock model
predicted C stock with a 1 < MgCha ! < 290 range and an accompanying standard error ranging
from 2 < MgCha ! < 11 (Figure 6¢,d). Finer spatial and spectral characteristics within the visible and
NIR of the Sentinel-2 satellite sensor resulted in SAVI being incorporated in the C stock predictive
model, in addition to NDVI [77,78].

Locations closer to the margins of the sampled domain show an increasing trend in the predic-
tion standard error, as these locations are farther away from the sampled C stock observations. As
Figures 3b and 6d show, the significant reduction of the range of spatial dependence in the modelled
C stock data demonstrate how the Sentinel-2-driven model of feature space carry both NDVI and
SAVI in the spatial correlation structure of the outcome variable. In line with theory, the KED
calculated error variance appears to rely on the sampled data configuration, in which uncertainty
decays towards the sampling sites [66,79].

As the results in Figure 6a—d show, the Landsat-8-based C stock model predicts more C stock
in the southern and northern parts of the sampled region of the sampled domain. On the contrary,
the Sentinel-2-based C stock predictive model predicts more C stock uniformly across the sampling
domain. This can be explained by the precision with which the much-improved spatial resolution of
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Sentinel-2 allows the sensor’s sensitivity to the forest parameter spectral signal within the NIR and
visible regions of the electromagnetic spectrum.

3.3.4. Frequentist Geostatistical Predictive Model Evaluation

We evaluated the frequentist-based C stock predictive models using leave-one-out cross-
validation statistics and model residual diagnostics. As illustrated in Table 5, the Sentinel-2-based C
stock predictive model has the lowest RMSE compared to that of the Landsat-8-based C stock model.
The validation statistics shown in Table 5, therefore, suggest the Sentinel-2-based KED C stock model
to be the most ideal under the frequentist geostatistical approach, as it has the best characteristics.
This is evident from the predictive model’s RMSE (1.19 MgChafl) and PRESS (6.06).
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Figure 6. Frequentist Landsat-8- (L-8) and Sentinel-2 (5-2)-based C stock predictions and 95%
confidence intervals.

The supremacy of the Sentinel-2-based C stock predictive model is also corroborated by the
model diagnostics illustrated in Figure 7, showing robust model residuals that are evidently insensi-
tive to outlying observations. Furthermore, the test statistics regarding the normality of the model
residuals for the two kriging variants (Table 6) show the p-values of more than the 0.05 test statistic,
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leading to the rejection of the null hypothesis of non-normal residual errors. The rejection of the
Shapiro normality null hypothesis is necessary for both Landsat-8 and Sentinel-2-based C stock
predictive models (Table 6). The best linear model of feature space making use of Landsat-8- and
Sentinel-2-derived vegetation indices gives the Sentinel-2-based C stock predictive model a more
symmetrical error distribution than that of its Landsat-8-based counterpart (Figure 7). This fact is
confirmed and reinforced by the residuals of the Sentinel-2 C stock predictive model.

Table 5. Frequentist geostatistical C stock prediction validation statistics.

Landsat-8-Based Sentinel-2-Based
X C Stock Predictions C Stock Predictions
Predictors
Ordinary Kriging with External =~ Ordinary Kriging with External
Kriging (OK) Drift (KED) Kriging (OK) Drift (KED)
ME 1.01 1.00 1.01 1.00
MSE 1.01 1.00 1.01 1.00
RMSE 2.94 2.84 291 1.19
PRESS 222.34 208.42 222.34 6.06
(a). Landsat-8 based diagnostics (b). Landsat-8 based diagnostics
Ordinary Kriging (OK) C Stock Residuals Kriging with External Drift (KED) C Stock Residuals
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Figure 7. Frequentist-based Landsat-8 and Sentinel-2 C stock KED residual diagnostics.
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Table 6. Frequentist geostatistical model diagnostics test statistics.

Modelling Approach Test Statistic ~ p-Value Modelling Technique
Frequentist approach 0.097 0.264 Landsat-8
Frequentist approach 0.132 0.136 Landsat-8
Hierarchical Bayesian approach ~ 0.975 0.367 Sentinel-2
Hierarchical Bayesian approach ~ 0.773 0.278 Sentinel-2

3.4. Bayesian- and Frequentist-Based C Stock Predictive Model Summaries

A summarised overview of the performances of the tested inferential approaches, one using
the Bayesian framework and the other one using the frequentist approach, are illustrated in Table 7.
We deduced from the summary statistics depicted in Table 7 that all the Landsat-8-based C stock
predictive models from either the Bayesian or the frequentist paradigms tend to overpredict the
modelled C stock values, whilst the Sentinel-2-based C stock-based predictive models gave C stock
values that are just within the range. The Sentinel-2-based C stock predictive model from the Bayesian
statistical paradigm offers the best qualities of C stock prediction model in terms of the quality of
predictions and ability to predict true values outside the sampled data (Table 7).

Table 7. Summaries of the Bayesian and the frequentist geostatistical approaches. CIWs = Confidence
Interval Widths; ME = Mean Error; RMSE = Root Mean Square Error.

Bayesian Geostatistical Frequentist Geostatistical
Approach Approach
Validation Criterion 3 .
Landsat-8-Based C Sentinel-2-Based C Landsat-8-Based C Sentinel-2-Based C
Stock Model Stock Model Stock Model Stock Model
RMSE 0.97 0.17 2.84 1.19
ME 0.57 0.13 1.01 1.00
Error/CIWs 2 < MgC <47 04<MgC<138 1.1 < MgC <51 2<MgC<11
Prediction range 1 < MgC <497 1 < MgC <285 1 < MgC <327 1 < MgC <290
Conclusion Overprediction Perfect Overprediction Perfect

4. Discussion
4.1. Bayesian Geostatistical Approach and C Stock Predictions

The hierarchical design of stochastic models is intrinsically related to Bayesian inference, where
the probability distribution of observed C stock (in the present case) is specified in a hierarchical
fashion [61]. From the three tested predictors of NDVI, SAVI, and EV for C stock prediction, we
established NDVI as the only significant covariate of the modelled C stock variable for both the
Landsat-8- and Sentinel-2-derived C stock predictive models. Because of the higher spatial resolution
of Sentinel-2, NDVI emerged as a stronger predictor of C stock for the Sentinel-2-based model than
it was for the Landsat-8-based C stock predictive model [78].

The importance of NDV as a vegetation index correlated with the biophysical properties of
vegetation such as the Leaf Area Index (LAI), is well known [68]. This shows the relative preference
of employing Sentinel-2 for C stock prediction over Landsat-8 derived vegetation indices. Conse-
quently, Sentinel-2 derived C stock predictions have better credibility than the Landsat-8-derived
equivalent does. Landsat-8-based C stock predictions have more uncertainty compared to that of the
Sentinel-2-based C stock predictions. The utilisation of new generation remote sensing-derived vege-
tation indices as predictors of C stock for a managed plantation forest ecosystem under a Bayesian
framework is unique [80]. Previous studies, including Babcock et al. [14] and Babcock et al. [81], have
used LiDAR on its own to obtain predictors of forest biomass rather than a comparative approach
such as that we employed in this research.

The tendency of underprediction in Sentinel-2-derived C stock models can partly be attributed
to the finer spatial resolutions of the sensor within the visible and near-infrared segments of the
electromagnetic spectrum (EMS) [16,69,70]. As highlighted in [78], there are notable improvements
in the radiometric resolution of the Landsat-8 OLI sensor from 8 bits to 12 bits.
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Enhancements in the spatial resolution of Sentinel-2 confirms the much smaller 95% Credible
Interval Widths (CIWs) displayed by the Sentinel-2-based C stock predictive model. The predicted
values in both new generation remote sensing-based models look more attractive compared to the
ones reported in previous research, including that of Jiang et al. [71], who established a mean AGB
RMSE of 40.9 MgCha*1 in north-east China, and that of Dang et al. [72], who determined an AGB
RMSE of 36.67 MgCha~! in Vietnam using the Random Forest (RF) algorithm. Furthermore, Takagi
et al. [73] employed LiDAR for the prediction of forest biomass in Hokkaido, Japan, and determined
an RMSE biomass prediction of 19.1 MgCha~!. Differences between the prediction accuracy results
reported in the literature and our study can also be justified by the differences in forest densities,
since the erstwhile studies were carried out in subtropical rainforest biomes [70-72]. For instance,
Japan is regarded as the most forested country in the world, with approximately 70% of its land being
forested, which is more than that of the location of the present study, Zimbabwe, where about 40% or
15,624,000 ha of the land is forested [82].

Machine learning methods for the mapping of AGB premised on Landsat-8 imagery were
compared by Wu et al. [83] and Xiong and Wang [84], and a Random forest method with an RMSE of
26.43 tons/ha was found to be superior to the other methods such as stochastic gradient boosting,
k-nearest neighbour, and support vector regression. The current study establishes AGB accuracies
using the Bayesian and the frequentist geostatistical approach with the prediction accuracies of
the former one outweighing those of the latter one. The Bayesian methods utilised in this study
are both superior to both the frequentist approach and methods utilised in the literature for the
mapping of AGB. However, Bayesian methods are not easy to implement and adopt by ordinary
forest practitioner due to their complexity [51]. It is this complexity and the lack of simple software
packages that greatly hinder their adoption and operationalization for forestry monitoring.

4.2. Frequentist Geostatistical Approach and C Stock Predictions

The geostatistical kriging variant, KED, provides an optimal geostatistical technique under the
frequentist paradigm that is employed in the description of spatial patterns and predicting values of
a variable at unsampled locations and, consequently, it evaluates the uncertainty associated with the
predicted values [19]. We employed and subjected the C stock model to the same new generation
remote sensing-derived predictors of vegetation indices as we did under the Bayesian approach
and established some notable differences and similarities. Similar to the Bayesian C stock model
for Landsat-8, NDVI also presented as the only significant predictor in the frequentist Landsat-
8-based C stock predictive data. However, both SAVI and NDVI were significant predictors for
the frequentist Sentinel-2-based C stock model. We employed KED for both the Landsat-8- and
the Sentinel-2-based C stock models. The finer spatial scale of the Sentinel-2 sensor, coupled with
the wider spectrum of its NIR band (760-900 nm) compared to the narrow spectrum of Landsat-8
NIR band (850-880 nm), resulted in SAVI and NDVI being incorporated in the C stock predictive
model [77,78]. The NIR band is widely known to be vital to the biophysical factors of vegetation
assessment and monitoring. Consequently, the spectral response profile of Landsat-8 and Sentinel-2
display some minor differences in the NIR and visible regions of the electromagnetic spectrum, which
could explain differences in the prediction performances, as established in the current study [62,81].

KED has been widely applied for the estimation of AGB using other factors as predictors
of the forest biomass [18,76]. For instance, Korhonen et al. [20] made an average AGB prediction
of 32 Mgha~! in the Brazilian Amazon. KED performed better in this study than the pure-based
approach of the ordinary kriging algorithm did, as NDVI and SAV I formed the best linear model
of feature space in the Sentinel-2 C stock predictive model. Most studies comparing the prediction
performances of Landsat-8 and Sentinel-2, including those by Korhonen et al. [23] and Meyer
et al. [85], have not established significant or systematic differences in the predictive performance of
the aforementioned sensors. In the current study, both Bayesian and frequentist Landsat-8-based C
models tend to overpredict the modelled and estimated C stock values across the sampled domain, as
their range falls outside the range of observed data. This implies that forest practitioners can feasibly
exploit the scale and band spectrum characteristics of Sentinel-2 for representative and accurate C
reporting necessary for monitoring and verifying climate change mitigation actions.

4.3. Comparative Bayesian and Frequentist C Stock Predictive Model Evaluation

Sentinel-2-based prediction of C stock using the frequentist-based KED illustrates predictions
within the range of measured C stock values, but the variances are high compared to those of the
same predictions made using Sentinel-2 within a Bayesian inferential framework. On the contrary,
both Bayesian and frequentist C stock predictive models constructed using Landsat-8 overpredicted
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the sampled C stock, as the range of predicted values fell outside the observed C stock values. This
observation is further bolstered by the results of the diagnostic residuals of the models from the
frequentist and the Bayesian techniques, where the plots of the observed versus the predicted values
of C stock are perfectly predicted in the Bayesian-based Sentinel-2 models. As reported in the study,
Sentinel-2-based C stock predictive models are more accurate than their Landsat-8 equivalents are
for both the Bayesian and the frequentist inferential approaches. Previous studies mapping AGB
accuracies using either the frequentist or the Bayesian approaches, coupled with satellite imagery
data of Landsat-8 and Sentinel-2, report lower prediction accuracies [22,71]. As hypothesised, this
confirms the superiority of the Bayesian geostatistical approach in handling the uncertainty and
improving the accuracy for predicting C stock over the frequentist geostatistical approach.

Important research in the field of biomass estimation using the Bayesian techniques include [13-16].
Recent studies assessing AGB distribution in temperate European ecosystems established accuracies
of 17.52 Mg/ha by Babcock et al. [14], and 1.16 MgChaF1 and 2.69 MgChef1 accuracies were found
for Sentinel-2-based and Landsat-8-based C stock predictive models, respectively [16]. Other remote
sensing- and machine learning-based efforts for the estimation and prediction of AGB in recent times
include those by Do et al. [17], who found that mangrove AGB predictions in Vietnam range from 6.51
to 368 Mgha~! and from 13.70 to 320.1 Mgha ! for remote sensing and Artificial Neural Networks,
respectively. Because the present study utilised data from improved remote sensing platforms for
predicting C stock, our reported accuracies surpass those reported in the literature utilising different
methodologies with the same satellite sensors with lower quality.

Past studies utilising the frequentist geostatistical approach separate from the Bayesian tech-
nique for C stock estimation are also well documented in the literature. The authors of [20] mapped
AGSB in the Brazilian Amazon using Kriging with External Drift and established prediction accu-
racies for different sample sizes ranging from 0 to 110 km for distances within 300 km radii from
the prediction locations. The lowest RMSE for the estimated AGB for a sample size of 110 was
32.8 Mgha~!, whilst the lowest accuracy for the lowest sample size of n > 0 was 48.06 Mgha .
Furthermore, Jiang et al. [21] predicted AGB in the Wangyedia forest farm in China using Landsat-8
and the newly launched Landsat-9 and reported RMSEs of 16.83 tha~! and 17.91 tha—!, respectively.
The authors of [22] coupled remote sensing-derived Sentinel-2 explanatory variables with geostatis-
tics and machine learning algorithms in Mayanmar for predicting the aboveground biomass and
established accuracies of 24.91 Mgha~! and 34.72 Mgha~! for the Random Forest-based ordinary
kriging and the Random Forest-based co-kriging, respectively.

As demonstrated by the results in [21], Landsat-8 built AGB estimation models can still be
superior to AGB models built using the successor Landsat-9 sensor, despite the relative spectral and
radiometric improvements in the latest Landsat-9 sensor. This is also justified by the results of the
present study as the results from both the Landsat-8 and Sentinel-2-based Bayesian and frequentist
approaches are not significantly different from each other. From a practitioner’s point of view, the
recommendation for the use and adoption of a particular sensor and statistical approach largely
depends on the policy problem being addressed. Furthermore, the costs involved and ease of use and
application of the sensors and methodology also play a bigger role. Despite its lack of simplicity and
difficulties in implementation, the Bayesian approach is more appealing and pragmatic for natural
resources monitoring and reporting, as different studies of a particular region would eventually
constitute a database that subsequent studies on carbon assessment would rely on for the updating
of priors and posteriors in the prediction process.

5. Conclusions

This study set out to compare the prediction performances of two inferential geostatistical
frameworks, one making use of a hierarchical Bayesian geostatistical approach, and the other one
utilizing a frequentist geostatistical approach, for C stock prediction in a managed plantation forest
ecosystem in the eastern highlands of Zimbabwe. Broadband spectral indices from two multispectral
remote sensing platforms of Landsat-8 and Sentinel-2 were employed as prediction aids for the geo-
statistical methodologies. We established notable differences between the two inferential approaches
in the prediction of C stock, with the Sentinel-2-based hierarchical Bayesian geostatistical approach
yielding lower (0.4 < MgCha_1 < 1.8) prediction uncertainty values than its frequentist geosta-
tistical KED (2 < MgCha_1 < 11) modelling counterpart did. In both geostatistical methods, the
Sentinel-2-driven C stock prediction models outperformed the Landsat-8-driven C stock prediction
model counterparts.

The bigger policy problem pertaining to climate change mitigation and climate change action
being addressed in this study requires accurate and sustainable carbon accounting and verification
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tools. In that regard, despite the ease of application and use of the frequentist inferential method-
ology, we conclude that the Bayesian-based technique, coupled with high-quality remote sensing
information, is a better method for predicting C stock. This is a critical steppingstone in accounting
for carbon to achieve climate change adaptation and mitigation under the United Nations Framework
Convention on Climate Change (UNFCCC). The Bayesian-based Sentinel-2 C stock predictive model
is preferable to its Sentinel-2-based frequentist counterpart for assisting natural resources managers
and other forest practitioners in providing advice to governments on decision for afforestation
and reforestation.

Using the Bayesian concept that “today’s posterior is tomorrow’s prior”, we are able to con-
struct a meaningful database of forest parameters, specifically C stock parameters, that will aid
future estimation and prediction, even with limited datasets, thereby eliminating the need for costly
sampling campaigns. The sustainability of such databases is further made better by the availability
of freely available satellite data that are continuously being improved in terms of quality and scale of
coverage. Conversely, the frequentist geostatistical approach cannot work optimally under limited
sample sizes, and therefore, this makes it a costly alternative in the long term for updating C stock
databases kept for C stock monitoring and accounting. We therefore recommend and conclude that
the Bayesian-based C stock prediction method, coupled with high-quality remote sensing informa-
tion such as that of Sentinel-2, is a useful inferential statistical methodology for reporting C stock in
managed plantation forest ecosystems.
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Abstract: In complex classification tasks, such as the classification of heterogeneous vegetation
covers, the high similarity between classes can confuse the classification algorithm when assigning
the correct class labels to unlabelled samples. To overcome this problem, this study aimed to develop
a classification method by integrating graph-based semi-supervised learning (SSL) and an expert
system (ES). The proposed method was applied to vegetation cover classification in a wetland in
the Netherlands using Sentinel-2 and RapidEye imagery. Our method consisted of three main steps:
object-based image analysis (OBIA), integration of SSL and an ES (SSLES), and finally, random forest
classification. The generated image objects and the related features were used to construct the graph in
SSL. Then, an independently developed and trained ES was used in the labelling stage of SSL to reduce
the uncertainty of the process, before the final classification. Different spectral band combinations
of Sentinel-2 were then considered to improve the vegetation classification. Our results show that
integrating SSL and an ES can result in significantly higher classification accuracy (83.6%) compared
to a supervised classifier (64.9%), SSL alone (71.8%), and ES alone (69.5%). Moreover, utilisation of all
Sentinel-2 red-edge spectral band combinations yielded the highest classification accuracy (overall
accuracy of 83.6% with SSLES) compared to the inclusion of other band combinations. The results of
this study indicate that the utilisation of an ES in the labelling process of SSL improves the reliability
of the process and provides robust performance for the classification of vegetation cover.

Keywords: semi-supervised learning; expert system; object-based image analysis; Sentinel-2;
vegetation cover; image classification

1. Introduction

Accurate mapping of vegetation cover in an ecosystem can help to initiate its protection
and restoration programmes efficiently [1]. It is, therefore, necessary to acquire accurate and
up-to-date information about the status of the vegetation cover of an ecosystem through
regular monitoring. Traditional field inventory monitoring methods of vegetation covers
are usually expensive and time-consuming [2]. Thus, a viable approach can be the use of
satellite remote sensing data. Satellite data provide advantages such as large area coverage,
ongoing data collection, and cost-effectiveness for monitoring and mapping purposes [3,4].
The advent of remote sensing technologies, with high-resolution multispectral satellite
sensors, has provided new opportunities to monitor vegetation cover at different spatial and
temporal scales. For instance, Sentinel-2 MSI, covering a wide spectral range (400-2400 nm)
including three red-edge bands, may allow more efficient discrimination of different
vegetation types.
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A common approach to extracting information from satellite data, to distinguish differ-
ent vegetation types, is using image classification algorithms [5,6]. Usually, there are three
common challenges involved in image classification that could affect its accuracy: (1) col-
lecting a sufficient number of training samples, (2) creating a balanced training and test set,
and (3) fine-tuning the algorithm parameters to obtain the optimum performance [7-9]. A
relevant solution to these challenges is the introduction of the semi-supervised learning
(SSL) technique [10], which uses relatively few labelled samples and a large number of
unlabelled data to train a model [11].

The existing paradigms of SSL for the classification of remote sensing data can be
divided into four major categories: (1) generative mixture models, such as expectation—
maximisation algorithms [12,13], (2) low-density separation algorithms, such as trans-
ductive support vector machines (TSVMs) [14,15], (3) self-learning methods [16-19], and
(4) graph-based methods [20-23]. Among the SSL methods, graph-based approaches have
recently received significant attention due to their ability to provide a relatively high clas-
sification accuracy while retaining computational simplicity [24-27]. While graph-based
algorithms can improve the classification performance by using the distribution of unla-
belled samples, they have some limitations [9]. One of these limitations occurs in complex
classification tasks, such as identifying different classes in heterogeneous vegetation covers.
In such a case, samples from the same vegetation class may show low similarity (i.e., high
intra-class variability), and two samples from two different vegetation classes show high
similarity (i.e., low inter-class variability). This “similarity” problem can confuse the graph-
based algorithm, and the semi-labelled samples may not have the correct label. In this
case, unlabelled samples can be detrimental to the graph-based algorithm, as they may
degrade the accuracy by misguiding the classifier [11]. One of the common approaches to
tackling the similarity problem is using non-parametric classifiers since they do not make
any underlying assumptions about the distribution of data [7]. However, these classifiers
require a representative amount of training data to estimate the mapping function, and
they are also subject to overfitting. Consequently, in studies such as vegetation cover
classification where there might be an imbalanced distribution of features and training
samples, these classifiers would underperform [28]. To help solve the mentioned problem
of SSL, this study aimed to use expert knowledge within an independently developed
and trained expert system (ES) in the labelling process of a graph-based algorithm. The
contribution of an ES can help the problem by refining the semi-labelled samples. In this
context, expert knowledge is defined as the experience and existing knowledge of the
expert in the specific domains of study, technical practices, and prior information on the
study area [29,30]. The developed ES should have the ability to classify the unlabelled
samples using expert knowledge, independently from SSL. This ability of the ES can help
SSL to assign the most certain class label to the unlabelled samples by filtering out samples
with less certain labels.

Motivated by the above insights, in this study, a novel classification approach was
proposed for the classification of satellite images by integrating graph-based SSL and an ES
(SSLES). The main idea of the proposed approach was to construct a graph in SSL, based
on image features, and use an ES in the labelling process of SSL to assign the most probable
class labels to the selected unlabelled samples and then perform the classification using a
standard supervised classifier. The study specifically aimed to address two objectives, as
follows: (1) to investigate the performance of SSLES for vegetation cover classification and
(2) to investigate the potential of Sentinel-2 spectral data for vegetation cover classification.

2. Study Area and Materials
2.1. Study Area

The study area was Schiermonnikoog Island in the Netherlands, located between
53°27'20"N-53°30'40"N latitude and 06°06'35”E-06°20'56"E longitude, with an area of
199.1 km? (Figure 1). The vegetation cover on the south and south-east shore of the island
has adapted to the regular inundation of seawater and has formed a salt marsh [31].
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“. The Netherlands LTS

¥ Schiermonnikoog

Figure 1. Location of Schiermonnikoog national park.

In this study, vegetation species of the island were categorised into 10 functional
groups for classification based on the reference vegetation map [32], namely: high matted
grass, low matted grass, agriculture, forest, green beach, tussock grass, high shrub, herbs,
low salix shrub, low hippopahe shrub. The natural vegetation cover has a large spatial and
temporal variability, due to the dynamic influences of the tide, wind, and grazing [33,34].
This area was chosen to test the proposed classification methodology as it is representative
of a diverse and mixed vegetation cover.

2.2. Materials
2.2.1. Sentinel-2 Data

The main satellite imagery used in this study was the standard Sentinel-2 Level-1C
product, which is in UTM/WGS84 projection, and its per-pixel radiometric measurements
are provided in top of atmosphere (TOA) reflectance [35]. The Sentinel-2 image of the
study area was acquired on 17 July 2016 belonging to the relative orbit of R008 and
was downloaded from ESA Sentinel-2 Pre-operation Hub (https://scihub.copernicus.eu/,
accessed on 30 July 2016). The image was chosen from July to obtain a cloud-free image with
vigorously growing vegetation. The atmospheric correction of the image was performed
using Sen2Cor software [35], and the top of canopy (TOC) reflectance was calculated
for further analysis.

Sentinel-2 offers a multispectral sensor in 13 bands from 443 to 2190 nm with three
different geometric resolutions as follows:

e 10 m resolution bands: blue (490 nm), green (560 nm), red (665 nm), and near-
infrared (842 nm).

e 20 m resolution bands: four red-edge/NIR bands with central wavelength at 705 nm,
740 nm, 783 nm, and 865 nm, respectively, and shortwave infrared-1 and -2 (1610 nm
and 2190 nm).

e 60 m resolution bands: coastal (443 nm), water vapour (1375 nm), and cirrus (1376).

In this study, all the Sentinel-2 bands were resampled to 5-meter resolution for pro-
cessing so that they had the same resolution as the RapidEye image.

To achieve a higher classification accuracy and assess the capability of Sentinel-2
data in classifying the vegetation types, its spectral bands were combined into different
groups for subsequent assessment to find the most informative band combination for
vegetation classification accuracy. Based on previous studies, the most important regions
of the spectrum to study vegetation cover are the red-edge, shortwave, and red—infrared
regions [4,36—40]. Consequently, six groups of band combinations were considered to
classify vegetation cover, as follows:

Group 1: All spectral bands;

Group 2: Red and infrared bands;

Group 3: All shortwave infrared bands;

Group 4: All red-edge bands;

Group 5: Red, infrared, and red-edge bands;
Group 6: Red-edge and shortwave infrared bands.
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2.2.2. RapidEye Data

In this study, a RapidEye image was also acquired for Schiermonnikoog Island on
18 July 2015. The pre-processed data were obtained at level 3A, which means radiometric
and geometric corrections, as well as geo-referencing, were applied. The image covers
25 km x 25 km with the orthorectified pixel size of 5 m x 5 m. Due to clear weather
conditions during the image acquisition, no further atmospheric correction was applied.
Both Sentinel-2 and RapidEye images were chosen from a similar time of year to ensure
that in both, the vegetation cover is as alike as possible. In this study, the RapidEye image
was used for segmentation only, and the features were extracted from Sentinel-2 data.

2.2.3. Reference Data and Sampling

The reference data used in this study included field observations of dominant vegeta-
tion species for 30 vegetation plots (30 m x 30 m) collected in July 2015 and a vegetation
map belonging to 2010 [32]. This map was obtained from experts’ visual interpretation of
aerial photographs (1:10,000) combined with extensive field inventory, and it included the
same vegetation classes as this study.

To select the training and test samples, stratified random sampling was implemented,
where each vegetation class was considered a stratum [41]. The resulting training sample
size became 650 for the 10 vegetation classes, and the samples were extracted from the
vegetation plots. Table 1 reports the number of samples per stratum. In addition, 434 more
samples were identified as an independent test set (2/3 of the number of the training
samples). A sample in the context of this study is referred to as an image object (as the
result of image segmentation), representing a vegetation patch on the ground.

Table 1. The vegetation classes in Schiermonnikoog Island and the number of their collected samples.

Class Name Number of Training Samples Number of Test Samples
High matted grass 160 107
Low matted grass 142 95

Agriculture 71 47

Forest 58 39

Green beach 58 39

Tussock grass 45 30
High shrub 45 30
Herbs 35 23

Low salix shrub 25 17
Low hippopahe shrub 11 7

Sum 650 434

2.2.4. Knowledge Sources

In this study, three main sources of knowledge were identified to be used as input to
build the ES knowledge base. These sources were different and separate from the reference
maps used for the sampling process:

o A reference vegetation map of the study area, generated in 2010 [32]. As this map
was generated with experts’ visual interpretation of aerial photographs and extensive
fieldwork, it contained some level of experts” knowledge.

e Ancillary data, including field records of dominant vegetation types for 30 vegetation
plots, NDVI data from the Sentinel-2 image, and a digital elevation model (DEM)
of the island (produced from laser altimetry by the Dutch ministry of public works,
Rijkswaterstaat) to generate height, slope, aspect, etc.

e  Published resources about vegetation cover in Schiermonnikoog and its ecology [31,42—44].

3. Methods

The architecture of the proposed classification approach contained three parts: object-
based image analysis (OBIA), semi-supervised learning and expert system (SSLES), and

94



Remote Sens. 2022, 14, 3605

classification. Using OBIA, the satellite image was segmented to generate image objects
and features. Using SSLES, the number of training samples was increased by labelling a set
of most informative unlabelled samples. In the final step, classification was performed on
the datasets using a standard supervised classifier.

3.1. Object-Based Image Analysis (OBIA)

The segmentation method of the mean shift was used to generate image objects [45].
This algorithm requires two parameters to be tuned to obtain an optimal segmentation result:

e  Spatial radius hg (spatial distance between classes);
e  Range radius h; (the spectral difference between classes).

The segmentation was performed using a 5 m x 5 m RapidEye image, due to its finer
spatial resolution compared to Sentinel-2. This could result in a higher spatial accuracy of
image objects [46]. For a quantitative evaluation of the segmentation results, the method
proposed by [47,48] was used which measures both topological and geometric similarity
between the segmented and the reference objects. The method relies on the ratio of the
intersected area of the segments and the reference objects, and depending on the size of
overlap for each segment and object, over- and under-segmentation indices are calculated.

Using the segmented map and the reference vegetation map, labelled and unlabelled ob-
jects were generated. For this, the segmented map was overlaid with the reference samples’
layer (obtained from the sampling process that contained training and test samples). Any im-
age object that contained the centroid of a reference sample and had more than 50% overlap
with it was treated as a labelled object. The rest were considered unlabelled objects.

Sentinel-2 data were resampled to 5 m resolution to match the spatial resolution of
RapidEye data and then be able to extract the features using the segmentation results.
For mapping vegetation, three categories of features were considered, which have been
recognised as important in previous studies [37,49-53], as follows: (a) a set of spectral
features consisting of the mean, standard deviation, median, and minimum and maximum
values of pixels within an image object, (b) a set of textural features including GLCM
(grey-level co-occurrence matrix) and GLDV (grey-level difference vector), and (c) a set of
geometrical features representing the area and perimeter of the image objects.

The final results of OBIA are image objects with a corresponding informative set
of image features.

3.2. Semi-Supervised Learning

The graph-based semi-supervised learning (SSL) method was used to increase the
training samples, before classification. This method aims to construct a graph G = (V, E)
connecting similar samples. V consists of N = L + U samples, where L and U are the
numbers of labelled and unlabelled samples, respectively. Edges E are represented typically
by a symmetric similarity weight matrix WERN*N [26]. The k-nearest neighbour (KNN)
approach was used to construct the weight matrix, denoted as W"':

Hxhlelz
exp 27 if xj € NBY (x;)
0 Otherwise @
ije{1,2,.. . ,1+u}

w
Wl,]

where ¢ is the Gaussian kernel bandwidth, [|x; — x;|| is the similarity measure between
two samples, and N BIZV(xi) is a set of K nearest neighbours of sample x;. In this study,

the similarity measure between two samples was based on image features obtained from
OBIA.
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To construct the graph and assign the class labels to the unlabelled samples, the energy
function proposed by [54] was used to be optimised, defined as follows:

mfin Yieqi..y(fi— vi)* +3 Yije{12,..l4u} Wi‘,/}/ (fi— f])z
= (i) (fi—w) +3f70f

where f = (f;, fui)T is composed of f; and f; which are the predicted class labels of the
labelled and unlabelled samples. y; is the vector class label of the sample i. A is a graph
Laplacian matrix obtained by A = D — W, and D is the diagonal degree matrix given
by Dj; = ¥ W;.

The label propagation technique was employed at the end to propagate the information
through the graph to the unlabelled samples [11,55]. For this purpose, the weight of the
edges in the graph was computed, according to Equation (2), and then the probability
matrix was estimated as P = D~!WW. The edge with the highest probability is the
determiner of the label for the unlabelled sample.

()

3.3. Expert System

The expert system (ES) approach used in this study was described in detail by [56].
The ES, here, was developed to answer the question of “What vegetation type is probable
to occur in a given image object?” in reference to the samples that obtained labels with SSL.

Bayes’ theory was used in the ES to compute the probability of the rule that the
hypothesis (H;) occurs in an image object given a piece of evidence (Ep), i.e.,

P(Eb‘Ha)P(Ha)

e

®)
where P(E, | H;) is the a priori conditional probability that there is a piece of evidence
Ey (e.g., a mean slope of less than 0.1°) given a hypothesis H, (e.g., “high shrub” class)
that class C; occurs in a specific image object. P(H,) is the probability for the hypothesis
(H,) that class Cj occurs in an object. P(E}) is the probability that an object has an item of
evidence {Ep}. The following steps were taken to compute the probability rules:

Generate a histogram population of each feature layer in the knowledge base;
Divide each histogram into 10 quantiles, representing the frequency of the occurrence
of each class at each percentile of the feature layer;

e  Normalize the frequency values by fitting a normal distribution.

3.4. SSLES Algorithm

Algorithm 1 demonstrates the inputs, output, and steps of SSLES. In this algorithm,
which is fully implemented in MATLAB_R2015b, the inputs are image objects with the
respective set of features. Further, steps 14 are related to SSL which generates a graph
based on image features and propagates the class labels to the potential unlabelled samples.
In step 5, the developed ES performs an independent class label prediction on the semi-
labelled samples of the SSL in step 4. Finally, if both the ES and the SSL agree on the same
class label, the labelled sample is added to the training set; otherwise, it is returned to the
unlabelled set. The flowchart of the algorithm is presented in Figure 2.

Algorithm 1: SSLES

Inputs:

o A set of labelled objects Or,
e A set of unlabelled objects Oy
e  Extracted features f; for each object

Outputs:

e  New labelled samples to be added to the original training set
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Steps:
For every o; € Op,i=1:L
1.  Measure the similarity of all labelled and unlabelled samples in the image feature space
2. Sort the similarity values and choose the first K unlabelled samples with the highest
similarity values
Construct the graph with the KNN method, then calculate the matrix P
Predict the class label of the unlabelled samples using the label propagation framework
Predict the class label of the unlabelled samples using the developed ES
If both approaches have predicted the same class label for a sample,

then add the object to the training set,
Labelled
samples

ARSI

otherwise, let it remain with the unlabelled object set

Unlabelled
samples

|
v

Similarity measurement

|

Graph construction with
KNN

Expert system
knowledge-base

Potential
unlabelled sample:

Prediction of most
probable class labels |

Semi-labelled Label propagation
samples || propes

Semi-labelled
samples |

Add the sample to the » New labelled sat
new labelled set

Figure 2. SSLES flowchart.

No

Move the sample back

o
to the unlabelled set Do both labels match? «

3.5. Classification and Evaluation

The final step is classification, where a standard supervised classifier is implemented.
This step is performed using the random forest (RF) classifier [57,58]. This classifier has
two parameters that needed to be set:

e  The number of classification trees, i.e., the number of bootstrap iterations (ntree);
e  The number of input variables used at each node (mtry).

Several studies have demonstrated that the default value for mtry can provide satis-
factory results [59-61]. Therefore, this parameter is set to the default value, i.e., the square
root of the total number of input features.

In this study, the RF classifier was used in three different scenarios. In the first scenario,
the training set generated from SSLES was used to train the classifier; in the second scenario,
the training set generated from SSL was used to train the classifier; and in the third scenario,
the classifier was trained with the original training set.

For the validation of the classification results, the accuracy assessment based on the
error matrix was conducted [62]. The evaluation was performed using the same test
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samples extracted from the reference data, and the results were evaluated in terms of
overall accuracy (OA) and Cohen’s kappa coefficient. To assess the statistical significance
of the difference between the obtained accuracies, McNemar’s test was used with a 95%
confidence level and 1 degree of freedom.

4. Results
4.1. Object-Based Image Analysis

To start the image segmentation process, the parameters were tuned and evaluated.
hs and h, were iterated in the potential range of [1:10]. Using sensitivity analysis, s = 5
and i, = 7 were chosen as the optimum values. As the result of image segmentation, a
total number of 5230 image objects were delineated with a mean size of 30 pixels. Figure 3
illustrates the final segmented objects on the false colour composite Sentinel-2 image of
the study area.

Figure 3. Segmentation result of RapidEye image with /s = 5 and h, = 7, on a false colour composite
of Sentinel-2 (B08, B04, B03).

Next, the image objects were divided into three data sets: training, test (labelled), and
unlabelled objects. The numbers of generated datasets are listed in Table 2.

Table 2. The number of image objects for three different subsets of image objects.

Training Objects Test Objects Unlabelled Objects Total Number of Objects
650 434 4146 5230

4.2. Semi-Supervised Learning

To depict the idea of label propagation, a graph is shown in Figure 4 representing a
set of labelled and unlabelled samples. The labels are propagated from the labelled to the
unlabelled samples based on the probabilities of the arrows. In this example, although
two “Herbs” samples are connected to the unlabelled sample in the centre, it is labelled
as “Forest” since the probability value of the “Forest” sample is higher than “High Shrub”
and two “Herbs”.
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>{ Forest

0.41

Figure 4. Illustration of label propagation procedure. Coloured circles represent four different
labelled samples, and white circles represent unlabelled samples. Values indicate the probability of
edges. Propagation direction is shown by the direction of the arrows, i.e., the arrow is always from a
labelled sample to an unlabelled sample.

The final output of SSL is semi-labelled samples that might have incorrect labels.
Following the generation of semi-labelled samples, an ES was used to classify the semi-
labelled samples again, in parallel to SSL. Samples that obtained the same class label as
SSL were merged with the original training set to generate a new extended training set;
otherwise, they were moved back to the unlabelled pool.

4.3. Expert System a Priori Probabilities

The reference vegetation map was used to estimate the a priori probabilities for the
vegetation classes and the initial conditional probabilities for all the feature layers (Table 3).

Table 3. A priori probability estimation of the vegetation classes. The probability of occurrence of
each vegetation type in the study area is presented. HMG: High Matted Grass, LMG: Low Matted
Grass, Ag: Agriculture, Fr: Forest, GB: Green Beach, TG: Tussock, HS: High Shrub, Hr: Herbs, LSS:
Low Salix Scrub, and LHS: Low Hippopahe Shrub.

Class Name HMG LMG Ag Fr GB TG HS Hr LSS LHS
Probability 0.28 0.24 01 008 008 006 006 005 0.03 0.01

The ancillary data were used to extract training samples, and then their feature values
were statistically analysed, i.e., using the methodology explained in Section 3.3, to define
the probability of occurrence of a vegetation type within an image object. The result is
six sets of rules for each feature layer that contains the probability values of occurrence of
evidence (i.e., a set of features) given a hypothesis (i.e., specific vegetation type). These
rules belong to the mean and standard deviation values of the feature layers (Figure 5).
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Expert rule weights
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Figure 5. Example of expert rule weights for ancillary data. Y-axis shows the initial conditional

probability, and the X-axis shows the 10 quantiles.

Figure 5 illustrates how rules were derived for the mean values of the ancillary
data. These probability rules were applied to each input sample in order to compute the
probability values. The black bars indicate the probability of that sample belonging to each
class. Based on three derived facts from the published resources, three more rules were
generated. The derived facts were (1) the dependency of some classes, e.g., herbs, on water
availability (streams), (2) the presence/absence of some classes around the residential areas,
e.g., green beach, and (3) a forestry programme adjacent to the village [63]. Using the
method described before, the distances of the vegetation classes from the water streams and
the residential area were analysed and then divided into three quantiles, and the probability
of occurrence of vegetation classes at each distance quantile was computed (Table 4).

Table 4. Expert rules are based on the distance of the vegetation classes to streams and residential

areas. Values describe the probability of occurrence of vegetation class at each distance quantile.

Distance to Streams

Distance to the Residential Area

Vegetation
Classes Quantilel Quantile2 Quantile3 Quantilel Quantile2 Quantile3

Ag 0.11 0.31 0.58 0.90 0.10 0.00
Fr 0.06 0.22 0.72 0.41 0.34 0.25
HMG 0.40 0.45 0.15 0.00 0.15 0.85
LMG 0.22 0.31 0.47 0.23 0.46 0.31
TG 0.09 0.21 0.70 0.27 0.55 0.18
HS 0.19 0.25 0.56 0.13 0.45 0.42
LHS 0.00 0.29 0.71 0.00 0.04 0.96
LSS 0.29 0.10 0.61 0.24 0.76 0.00
GB 0.00 0.51 0.49 0.00 0.01 0.99
Hr 0.61 0.38 0.01 0.01 0.00 0.99

According to the extracted probability rules in Table 4, each sample’s feature values
were examined and depending on the percentile that it lay in, a probability value was

100
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assigned. Eventually, by an iteration through the nine rule sets, samples gained nine sets of
probabilities for each class. Then, these probabilities were merged into a final combined
probability, and the class with the highest probability value was the class of that sample.

4.4. SSLES Results

After running SSLES, 1513 new samples were labelled. As part of the process, these
newly labelled samples were combined with the original training set to generate the
new training set. The table below (Table 5) summarizes the number of training samples
for each class.

Table 5. The number of original training samples, newly labelled samples, and new training samples.

Class Name Number of Original Number of Newly Number of New

Training Samples Labelled Samples Training Samples
HMG 160 494 654
LMG 142 290 432
Ag 71 167 238
Fr 58 121 179
GB 58 106 164
G 45 99 144
HS 45 89 134
Hr 35 67 102
Sum 650 1513 2163

Unlike most SSL implementations that exploit the labelled samples iteratively until
all the samples have a label, in this study, graph-based SSL was followed by a basic
supervised classifier. As shown by [64], this implementation has the advantage of reducing
the computational complexity of the algorithm and can classify more new samples as well.

4.5. Classification Results and Evaluation
4.5.1. Parameter Tuning

To evaluate the performance of SSLES, three classification scenarios were conducted
with SSL only, ES only, and RF methods for comparison. Before conducting the experiments,
three parameters needed to be tuned to obtain the optimum results. For this, the values of
the parameters were changed in a potential range, and the values yielding the highest OA
were selected as the final parameters’ values. The parameters were the k-nearest neighbour
and kernel bandwidth belonging to the SSL and ntree belonging to the RF classifier, which
were tuned in therange of k = {1,2,...,20}, ¢ = {0.1,0.2,...,2}, ntree = {10,20,...,800},
respectively, based on previous studies. The values of parameters for graph construction
were set as k = 16 and ¢ = 0.2, and regarding the RF classifier, the parameter was set to
ntree = 80 which led to the highest OA.

4.5.2. Classification Evaluation

After tuning the parameters, the experiments were carried out. Table 6 reports the
obtained classification scores for the six groups of band combinations using four methods.
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Table 6. Classification results for the six groups of band combinations of Sentinel-2 data, in terms of
OA and kappa coefficient. Group 1: (All spectral bands), Group 2: (Red and infrared bands), Group 3:
(All shortwave infrared bands), Group 4: (All red-edge bands), Group 5: (Red, infrared, and red-edge
bands), Group 6: (Red-edge and shortwave infrared bands).

Dataset SSLES RF SSL Only ES Only
OA (%) Kappa OA (%) Kappa OA(%) Kappa OA (%) Kappa

Group 1 81.1 0.67 64.6 0.52 70.9 0.60 68.1 0.55
Group 2 73.5 0.57 58.9 0.44 62.3 0.48 60.9 0.46
Group 3 74.6 0.59 60.1 0.47 63.8 0.49 63.1 0.48
Group 4 83.6 0.70 64.9 0.56 71.8 0.61 69.5 0.57
Group 5 67.8 0.49 47.2 0.33 55.3 0.40 53.8 0.38
Group 6 79.9 0.67 64.3 0.55 58.2 0.59 68.7 0.57

As it can be observed in Table 6, SSLES produces relatively higher accuracy for all of
the six datasets when compared to SSL alone, ES alone, and RFE. The highest accuracy was
achieved using only the red-edge bands. Figure 6 illustrates the final classified map of the
study area with Group 4 of band combination, using the SSLES for classification.

A Vegetation cover in Schiermonnikoog Island, the Netherlands

S i
— 3

: A

Vegetation classes
B Agricutture
I Forest
| Green Beach
I High Shaub
High matted grass
Low Hippopahe Shrub
B Low Saix Shrub
Low matted grass.
Tussock grass

105 0 1 2 3 4 I rers

Figure 6. Classified map of the study area using the Group 4 of band combinations, red-edge spectral
bands (as this group achieved the highest accuracy) of Sentinel-2 data, and the SSLES method.

Classification with Groups 1 and 6 also yielded noticeably high OA, compared to
Group 4. Examining the results of these three groups with McNemar’s test revealed
that there are no statistically significant differences between the obtained accuracies from
Groups 1, 4, and 6. The figure below (Figure 7) shows an example of an area (i.e., east of
the island) where the four classification methods provided different results.
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The confusion matrix of SSL is shown in Figure 8 to report the producers’ accuracies of
vegetation classes. Results are presented as a 2D plot where colours represent the accuracy
of each class.
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Figure 8. Producer’s accuracy obtained with SSLES. The colours illustrate the accuracy, where white
colour represents 100% accuracy, and black represents 0% accuracy.

In Figure 8, the highest accuracy classifications have a light/white colour in the main
diagonal and dark/black colour in the other cells, which means no misclassification.
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5. Discussion

The obtained results in Table 6 show that SSLES can yield higher classification accuracy
than SSL. Furthermore, using the red-edge bands provided the highest accuracy, which
confirmed the findings of [3] where the importance of the Sentinel-2 red-edge bands
for vegetation classification was highlighted. As is shown in Figure 8, a considerable
number of “Herbs” are classified as “High matted grass”, and the classifier has confused
the “Low matted grass” and “High matted grass” with other classes. This can probably
be justified by (i) the high diversity of these two classes in the study area and (ii) the
low diversity of training samples belonging to these classes. To gain better insight into
SSLES’s performance and the advantage of using an ES integrated with SSL, the confusion
matrix obtained from SSLES was subtracted from the one from the SSL, and the results
are presented in a new matrix. In the resulting matrix, if the value of a cell increased, it
is labelled “positive change”; if the value decreased, it is labelled as “negative change”;
otherwise, the cell was given a “no change” label (Figure 9).
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Figure 9. A detailed comparison of two classification methods, the matrix is the result of subtracting
the confusion matrix of the SSLES from the SSL. The white colour represents an increase in the cell’s
value, black indicates a decrease, and if the value was unchanged, it was coloured cyan.

Comparing the obtained matrices reveals that the classification accuracies of all vegeta-
tion classes improved, except for five off-diagonal cells. In an ideal situation, it is expected
that all the positive changes happen in the main diagonal elements and not in the off-
diagonal elements, which means a decrease in misclassification. This result implies that the
contribution of the ES to the labelling process of SSL has the advantages of removing the
less reliable semi-labelled samples and increasing the overall quality of training samples
obtained by SSL.

The performance of SSLES can be discussed by considering two perspectives. The first
lies in constructing the graph in SSL, which is based on image features rather than spatial
neighbourhood and spectral similarity. This could help to obtain a better estimation of the
underlying class label of the potential unlabelled image objects. The second perspective is
related to the role of the ES in increasing the certainty of labelling in SSL. The ES handled
this through the use of probability rules that aimed to link environmental parameters and
the location of vegetation types, where it is most likely that a vegetation type may occur.

To have a benchmark to evaluate and compare the performance of SSLES, it is assumed
that the number of reference training samples is representative and sufficient to train a
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standard supervised classifier. Since SSLES increased the number of samples in the training
set, there could be the risk of overfitting the classifier due to the high number of training
samples. Therefore, to test the robustness of SSLES regarding the number of initial training
samples, a new test was conducted using the Group 4 dataset. For this, only 50% of the
original reference training samples were used for SSLES, and the result was evaluated
by the same test set that had been used previously. This resulted in an OA of 80% and
compared to the case of using all the training samples, no statistically significant difference
was observed. The classification accuracies could have been negatively affected by various
factors. These include the uncertainties associated with the samples obtained from OBIA.
In OBIA, if segmentation has low quality, it may not be able to separate two different classes
properly in the image; hence, the extracted features for an image object will be the mix of
features of two different classes [65,66]. To avoid this problem in the current study, the
segmentation results were compared to the reference sample polygons. Nevertheless, in
the case of having uncertainty in the reference vegetation map, some level of uncertainty
may be found in the segmentation. The segmentation was performed using a RapidEye
5 m image while the features were extracted from the Sentinel-2 image. Although there
was a one-year gap between the two images, they were acquired at the same time of year.
In such a relatively short time period, no changes are expected in the vegetation structure
of the study area except for the agriculture class. This was further confirmed by the high-
resolution satellite imagery of GoogleEarth. The limitations of SSLES can be discussed
considering the restrictions of SSL and the ES. In terms of the ES, assigning the quantitative
values for the a priori probabilities has some uncertainties since it is based on the reference
vegetation map mainly. Using the knowledge and experience of specialised experts such as
ecologists could result in a stronger knowledge base, but due to time constraints, it was not
possible. However, the assumption of this study was to use any available source of (prior)
knowledge and expertise. The sources of knowledge could be either in the form of a human
expert or other resources such as scientific research and published works. Regarding SSL
limitations, the KNN method was used for graph construction. A recent study by [67]
showed that the KNN may result in irregular graph construction where each node is
connected to more than K neighbours. In this case, the algorithm may end up assigning the
incorrect class label to the connected nodes. This problem might be more pronounced in
the present study because of the high similarity between the vegetation classes.

6. Conclusions

In this study, a developed approach for semi-supervised classification of satellite
images was proposed and applied for vegetation cover classification. The algorithm
constructs a graph based on image features from OBIA. It uses Euclidean distance to
compute the similarity between samples, where KNNs are selected for labelling. Using an
ES to supervise the labelling process of the graph-based SSL algorithm was the key point
in this study:.

The capability of OBIA, SSL, and the ES for classification, particularly in the field of
remote sensing, has already been investigated in the literature. The novel contribution
of this study was the integration of these three into a single algorithm. Results prove the
effectiveness of the proposed algorithm for the challenging problem of vegetation cover
classification where some vegetation classes show similar characteristics. The capability of
Sentinel-2 spectral data in vegetation classification was assessed, and the results prove that
the red-edge band’s combination could yield the highest overall accuracy for vegetation
cover classification.

In a future study, linking the vegetation classification levels to the concept of Anderson
levels for land cover mapping could be considered to adjust the vegetation classes where
the highest level has the highest accuracy [68]. From an algorithm perspective, the potential
applicability of the SSLES method on different land covers and biomes using different
remote sensing data could be analysed. Concerning SSL, different strategies need to be
investigated for selecting the unlabelled samples in a more informative and reliable way.
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Using alternative approaches for graph construction instead of KNN, as well as using a
different similarity measurement method such as JM distance, should be of high priority.
Finally, the possibility of applying the presented method for the classification of large-scale
or big data in remote sensing may be investigated.
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Abstract: This study aimed to provide a systematic overview of the progress made in utilizing remote
sensing for assessing the impacts of land use and land cover (LULC) changes on water resources
(quality and quantity). This review also addresses research gaps, challenges, and opportunities
associated with the use of remotely sensed data in assessment and monitoring. The progress of
remote sensing applications in the assessment and monitoring of LULC, along with their impacts on
water quality and quantity, has advanced significantly. The availability of high-resolution satellite
imagery, the integration of multiple sensors, and advanced classification techniques have improved
the accuracy of land cover mapping and change detection. Furthermore, the study highlights the vast
potential for providing detailed information on the monitoring and assessment of the relationship
between LULC and water resources through advancements in data science analytics, drones, web-
based platforms, and balloons. It emphasizes the importance of promoting research efforts, and
the integration of remote sensing data with spatial patterns, ecosystem services, and hydrological
models enables a more comprehensive evaluation of water quantity and quality changes. Continued
advancements in remote sensing technology and methodologies will further improve our ability to
assess and monitor the impacts of LULC changes on water quality and quantity, ultimately leading to
more informed decision making and effective water resource management. Such research endeavors

are crucial for achieving the effective and sustainable management of water quality and quantity.

Keywords: arid environment; land cover assessment and monitoring; machine learning; satellite
data; water quality and quantity; water resources management

1. Introduction

Freshwater is a valuable natural resource that sustains biodiversity, carbon and nutri-
ent cycles, food provision, and ecological functions [1]. Globally, freshwater resources offer
significant socio-economic and ecological benefits, serving industrial, agricultural, and
domestic needs. Semi-arid regions, covering about 15% of the Earth’s surface [2], are char-
acterized by unpredictable weather, long dry seasons, and erratic rainfall [3]. In the global
semi-arid tropical regions, particularly Southern Africa, renewable freshwater resources are
estimated to be around 2300 cubic kilometers [4]. Around seventy percent of the available
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water resources are in transboundary rivers, with the remaining thirty percent distributed
between lakes and groundwater [5]. Any modifications or fluctuations in the water supply
can have significant consequences for vital economic sectors, especially agriculture, and
the overall natural capital. Scientific research has demonstrated that alterations in seasonal
and inter-annual rainfall patterns, climate change effects, droughts, floods, and human
activities have collectively influenced water systems, increasing their vulnerability [5,6].

Thus, it is crucial to manage these delicate freshwater resources carefully. Sub-Saharan
African countries heavily rely on freshwater resources for agriculture and residential use,
intensifying the pressure on ensuring water security and sustainable management [7].
Uneven rainfall distribution and external influences on water resources highlight the
importance of water conservation and effective management. Extensive research had
revealed that changes in land use and land cover (LULC), climate change impacts, and
the proliferation of invasive alien species make water resources vulnerable [8,9]. The
study of LULC change gained prominence in the mid-20th century [10], influencing water
resources, human livelihoods, and ecosystem health. Human activities, such as agriculture,
mining, and urbanization, significantly drive LULC transformation. These changes affect
hydrological processes, climate variability, ecosystem services, drainage systems, and
increase vulnerability to floods [11-13] Consequently, they directly impact the quantity and
quality of water resources. For instance, studies have demonstrated how LULC changes
contribute to a declining water quality in rivers and lakes, adversely affecting ecology and
water quality [7,14,15]. Therefore, identifying effective methods to assess and monitor
the impacts of LULC dynamics on water quality and quantity is vital for efficient water
resource management.

Remote sensing has proven to be a cost-effective and efficient tool for providing
spatially explicit data on various ecosystems, including surface water resources [16]. Earth
observation techniques, such as modern UAVs, balloons, multispectral, and hyperspectral
sensors, can help monitor semi-arid tropical environments and potentially address water
scarcity, pollution, and the conservation of water quality. Understanding the relationship
between LULC and water resources is essential for effective watershed management,
policymaking, future LULC development considerations, and freshwater protection. Giri
and Qui [17] provide a detailed review addressing land use and water quality in the 21st
century. The study also provides insights into the factors that contribute to water quality
problems, the indices used to evaluate water quality, techniques for identifying suitable
explanatory variables for water quality, and the processing methods needed to capture
spatial effects. Moreover, the study explores the modelling of water quality, using the
identified explanatory variables to gain insights. Ullah et al. [18] reviewed the impacts of
land use on surface water quality using a statistical approach. They indicated that each
statistical method has a unique purpose, application and assumptions aimed at providing
solutions to different problems. Meanwhile, Ozbay et al. [19] reviewed the relationship
between land use and water quality and its assessment, using hyperspectral remote sensing
in the mid-Atlantic estuary. Their main goal was to provide research findings on the
application of hyperspectral remote sensing in order to monitor specific LULC and water
quality. Meanwhile, previous studies have explored this relationship and the application of
remote sensing in monitoring water quality, quantity, and specific LULC changes. However,
bibliometric analyses of comprehensive systematic reviews on the use of remote sensing in
global semi-arid tropical environments to understand LULC changes and their impacts on
water resources are lacking.

This study aims to bridge this research gap by providing a comprehensive systematic
overview of the progress, challenges, and opportunities related to the use of remote sensing
applications in order to assess and monitor LULC changes and their effects on water quality
and quantity in semi-arid tropical environments. This study aims to address the following
key questions: (i) Which water quality and quantity parameters can be detected using
remote sensing? (ii) What role does remote sensing play in understanding the relationship
between LULC changes and water quality and quantity? (iii) Which methods have been
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utilized to assess and monitor these changes? (iv) What challenges have been encountered
in these endeavors? (v) What can be achieved in the future to improve our understanding
and monitoring of LULC changes and their impacts on water resources? Through these
efforts, the study seeks to offer valuable insights into the potential of remote sensing
technologies and provide suggestions with which to better assess and monitor LULC
changes and their impacts on water resources in semi-arid tropical regions.

2. Research Method and Literature Search

This study conducted a systematic literature review that aimed to establish progress
and identify existing gaps, using remotely sensed data to map and monitor LULC changes
and their effects on water quality. This study also aimed to further outline the challenges
and opportunities associated with remote sensing applications for assessing and monitoring
the impacts of LULC change on surface water resources.

Literature Search and Data Extraction

The literature searches for this study utilized the Google Scholar, Scopus, and Web
of Science databases, targeting peer-reviewed international journals related to remote
sensing, hydrology, ecology, geographical information systems (GIS), and water resources.
The search strategy involved defining appropriate search strings and identifying relevant
keywords, phrases, and terms. To identify relevant keywords, phrases, and terms, we used
the most cited literature reviews. Initial searches included terms such as “land use and
land cover change”, “impacts”, and “water quality and quantity”, resulting in a total of
18,187 publications being retrieved (17,500 from Google Scholar, 411 from Scopus, and 276
from Web of Science).

The retrieved articles underwent further screening using level 2 search criteria, in-
cluding keywords such as “remote sensing”, “tropical semi-arid”, and the years 2001-2021.
This process yielded a total of 1248 articles from Google Scholar, 121 articles from Scopus,
and 95 articles from Web of Science. In the level three screening, additional keywords such

a7 i Za7i

as “catchment scale”, “sub-catchment scale”, “algorithms”, “riparian buffers”, “land cover

v

land use classifications”, “land use land cover monitoring challenges”, “machine learn-

i /7

ing”, “freshwater resources”, “deep learning”, “hydrological model”, “spatial pattern”,
“ecosystem services”, “change detection”, “multi-spatial scale”, “catchment management”,
“buffer zone” and “water pollution” were used. This resulted in a final compilation of
197 articles in EndNote for further screening, eliminating duplications and excluding non-
English papers, gray literature, extended abstracts, conference proceedings, fee articles,
and those not published between 2001 and 2021 (Figure 1). The remaining 197 articles
were captured in Microsoft Excel and used to comprehensively outline the progress, gaps,
challenges, and opportunities related to using remote sensing to assess and monitor land
use and land cover changes and their impacts on surface water resources in semi-arid
environments. Bibliometric analysis was employed to assess the published articles and
identify key terms related to mapping and monitoring LULC changes and their impacts on
surface water quality.
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Figure 1. Methodology undertaken for selection of articles considered in the review.

3. Results
3.1. Progress of Remote Sensing in Assessment and Monitoring Land Use and Land Cover Changes

Land use and land cover (LULC) change examines the transformation and alteration
of Earth’s land surface, including changes in land use patterns and the conversion of natu-
ral land cover to human-modified landscapes. The assessment and monitoring of LULC
changes using remote sensing have made significant progress over the years. Remote
sensing technologies have advanced in terms of data acquisition, spatial resolution, spec-
tral coverage, and temporal frequency, enabling the more accurate and detailed analysis
of LULC dynamics. Some key areas of progress in the remote sensing assessment and
monitoring of LULC changes include data availability, fine-scale mapping, the integration
of multisource data, classification algorithms, change detection techniques, and web-based
platforms and open data initiatives.

3.1.1. Data Availability and Integration of Multisource Data

The availability of satellite imagery data from platforms such as Landsat, Sentinel,
and other commercial satellites has greatly improved. These datasets provide consistent
seasonal and long-term coverage, allowing for the analysis of LULC changes over time.
Advances in remote sensing have enabled the mapping and monitoring of LULC changes
at finer spatial scales. High-resolution imagery and data fusion techniques have enhanced
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our ability to capture detailed LULC information, including urban areas, agricultural fields,
and small-scale changes [20]. The integration of multisource remote sensing data, such
as optical, radar, and LiDAR, has expanded the capabilities of LULC change assessment.
Combining data from different sensors enhances our understanding of LULC dynamics
and provides valuable information regarding vegetation structure, terrain characteristics,
and three-dimensional mapping. Remote sensing has progressed in the development
of change detection techniques, enabling the identification and quantification of LULC
changes. These techniques include image differencing, spectral indices, time series analysis,
and object-based change detection, enabling more accurate and efficient change assessment.

3.1.2. Classification Algorithms

The repetitive practice of using a multi-sensor image system to capture information
provides valuable data for managing land-based resources. Remote sensing also offers the
standardized data collection procedure, data integration, and analysis within a geographic
information system [21,22]. Remote sensing satellites have proven valuable in employ-
ing various classification techniques to map LULC changes within watersheds such as
supervised, unsupervised classification, and object-based image analysis (Table 1).

Table 1. Classification algorithms for mapping LULC classification.

Algorithm/Techniques Sensor Used Performance Range References

Supervised Classification

Landsat OLI, ETM+, TM, Terra ASTER,
Hyperion Hyperspectral imagery

Support Vector Machine (SVM) and Quickbird 88-98% [23-25]
Synthetic Aperture Radar (SAR)
Random Forest (RF) Semmeﬂiﬁgytf}%ﬁ;& SOt 88-95% [20,26,27]
Convolutional Neural Network (CNN) Aerial photograph 91-98% [28]
Classification and Regression Tree (CART) Sentinel 2 and Landsat OLI, LIDAR 85-90% [29,30]
Deep Neural Network (DNN) Landsat TM and OLI, Sentinel 2 92-95% [31]
Decision Tree (DT) Landsat TM and ETM+, Sentinel 2 85-90% [20,32]
Spectral Angle Mapper Landsat 8, hyperspectral, RapidEye 89-90% [24,33,34]
Recurrent Neural Network (RNN) Very High Spatial Resolution (VHSR) 75-86% [35]
Artificial Neural Network (ANN) Landsat ETM+ 70-85% [32]
Maximum Likelihood (MLC) Landsat TM 67-72% [20,36,37]
Unsupervised Classification
ISODATA MODIS 54-69% [38]
K-Nearest neighbor Landsat TM and ETM+, Sentinel 2 87-91% [39]
Object-Based Image Analysis
Object-based image analysis (OBIA) Lidar, Sentinel 2 87-91% [40]

Unsupervised classification is a computer-automated process that groups pixels that
are statistically similar into categories using a clustering algorithm, such as K-means [41]
or ISODATA [38]. Unsupervised classification is valuable when the field data are lacking
or knowledge about the study area is unavailable [20,42]. However, the spectral properties
change over time with the image data, atmospheric condition, and the sun’s angle at the
time the image was captured; hence, detailed spectral knowledge of different features
may be required. In contrast, supervised classification allows the analyst to select training
samples for each land cover class and guide the computer to identify the spectral features
of similar areas for each class [43]. This is particularly achievable using classification
algorithms such as maximum likelihood (MLC), support vector machine (§VM), an artificial
neural network (ANN) and random forest (RF), among others. Based on the finding
(Figure 2), classification techniques such as MLC have been widely employed in studying
LULC change in water resources. For example, the study by Ding et al. [44] derived the
LULC change map from the Landsat TM using the MLC algorithm for classification and

113



Remote Sens. 2023, 15, 3926

achieved an overall accuracy of 88% and a Kappa coefficient of 0.85%. Similarly, the study
by Tadesse et al. [45] derived the LULC change from Landsat TM, ETM+ and OLI using
MLC and achieved overall accuracies of 87%, 89%, and 93%, respectively, and Kappa
coefficients of 0.83, 0.83, and 0.88, respectively. The MLC considers spectral variation
within each category and the overlap covering the different classes. However, this method
is time-consuming since it requires more pixels in each training dataset to specify each
class [20] The MLC technique also produces lower classification accuracy results when
compared to other classification techniques such as ANN, SVM, and RF [20,30,46].

m CNN
m RNN
= ANN
DT
m CART
m RF
H SVM
m KNN
m OBIA
m ISODATA

| MLC

Figure 2. Classification algorithms (%) used to detect and map LULC using multi-sensors.

Thus, ANN, SVM, and RF machine learning (ML) algorithms are more robust and
effective for classification techniques [20,47,48]. Supervised classification requires labelled
training data to learn and understand the patterns associated with each category. Once
the training data are labelled, these ML techniques can build models based on the labelled
examples and use this knowledge to categorize new, unseen text accurately and efficiently,
which is a challenge with MLC. However, the challenges associated with these methods are
that they require extensive training (data hungry), require human supervision (expertise),
and are computationally extensive when producing accurate LULC change maps [49].
Although individual classifiers achieve better accuracy results, they often fail to predict
true classes with high accuracy. Therefore, studies have combined different classifiers to
boost performance and reduce the classification error [50-52]. However, the ensemble fails
on new data when individual classifiers are too complex for the training data present or
their training error becomes too large quickly [49,53]. The problem associated with the
ensemble is finding the right balance between the individual models” complexity and their
fit to the data. Thereby, performing more ensemble iterations can reduce the error of the
combined classifier on the training data.

Obtaining high-quality and sufficient reference datasets, as is required in most of these
machine learning algorithms, is still an enormous task in most of the sub-Saharan African
countries [54]. Acquiring reference data through field surveys is still challenging due to
the inaccessibility of some areas, costs associated with travel and the time investment
needed. To counter this limitation, other studies have adopted the migration of reference
data from a specific time (year) to another time (target year) in order to address the lack
of accurate and reliable current data. Likewise, good training data combined with the
high spatial resolution of an image, together with an ensemble ML, often provide a high
classification accuracy [55]. For instance, the study by Zhou [40] used Light Detection and
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Ranging (LiDAR) to map LULC change using object-based image analysis classification
and achieved an overall accuracy of 91% and a Kappa coefficient of 0.87%; additional
examples are provided in Table 1.

Deep Learning (DL) algorithms have the capacity to extract automatic and hierarchical
features from a large dataset, which makes them able to work with remote sensing data [31,56].
CNNs are one DL algorithm that are used to solve problems associated with spatial data.
CNNs outshine other algorithms when aiming to capture spatial features such LULC
patterns, textures, and shapes. They can also handle both multispectral and hyperspectral
data. They can automatically learn and extract meaningful representations from the image
data, leading to a high classification accuracy [28]. CNN transfer learning enables the
learned features to be leveraged and reduces the need for extensive labelled training data.
Meanwhile, RNNs are best at processing temporal and spatial dependencies in sequential
remote sensing data, such as time series and spatial data in a sequential structure. RNNs
are also able to flexibly work with hyperspectral imagery because they can handle data in
which the number of spectral bands may vary across different samples [35]. Understanding
the different spectral bands can be valuable for the classification of LULC. This provides
opportunities to classify complex contextual images and improve the classification accuracy.
However, these techniques have never been used to assess and monitor the impacts of
LULC on water resources in semi-arid tropical environments. The major drawback of
using these algorithms is the requirement for extensive datasets during the training process,
particularly when dealing with large amounts of data. The computation involved in
training and testing can be costly. RNNs can struggle to capture long-term dependencies
effectively with remote sensing data, especially when analyzing time series with a large
time lag. CNNs are prone to overfitting, where the model becomes excessively specialized
to the training data and fails to generalize to unseen data.

3.1.3. Spectral Classification
Band Based Classification

Band-based classification is performed using the individual spectral bands of the
remote sensing image [57]. This method relies solely on the spectral information captured
by the different bands of the remote sensing image. They cannot effectively enhance specific
features of interest, as the classification is based on the raw spectral values of each band.
The results of band-based classification may be more straightforward to interpret since
they directly correspond to the individual spectral bands [58]. This method can be more
sensitive to atmospheric effects, such as haze or aerosols, which may impact the accuracy
of the classification [57,58]. It is relatively straightforward and simple to implement, as it
involves using each band independently for classification.

Index Based Classification

Classification using different spectral indices in remote sensing is a common approach
used to extract valuable information from satellite imagery. Spectral indices combine
specific spectral bands to highlight various land cover characteristics, such as vegetation
health, water content, and soil properties. Index-based classification and specific spec-
tral indices, which are combinations of different spectral bands, are used to perform the
classification [59]. Instead of using individual bands, index-based classification uses spec-
tral indices that combine bands in specific ways to highlight certain features of interest.
By using spectral indices, this method can enhance specific features, such as vegetation,
water bodies, or soil, making it more effective in certain applications [59]. Index-based
classification can be more robust against atmospheric effects since the spectral indices can
mitigate some of the atmospheric influences. Implementing index-based classification may
require more pre-processing steps to calculate the spectral indices, adding some complexity
to the process. The commonly used indices are the normalized vegetation index (NDVI),
the normalized difference water index (NDWI), the normalized difference built-up index
(NDBI), and the soil adjusted vegetation index (SAVI). Integrating spectral indices with
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other data sources, such as ancillary data and ground truth information, can enhance the
accuracy and reliability of LULC change classification results.

3.1.4. Change Detection

Change detection is the process of identifying and quantifying areas of change in the
LULC, or other environmental variables over time. Change detection provides a means
by which to monitor and understand the dynamics of environmental changes [60]. It
helps identify the magnitude, location, and patterns of changes, enabling researchers and
decision makers to gain insights into ecosystem dynamics, urban growth, deforestation,
agricultural expansion, and other changes affecting the environment [27]. It facilitates a
better understanding of the dynamic nature of the Earth’s surface and enables informed
decision making for sustainable development and environmental protection. The accuracy
of change detection relies on factors such data quality, spatial and temporal resolution,
methodology and reference, or ground truth data [61]. The accuracy of the quality input
data used for change detection plays a significant role. High-quality, well-calibrated data
with minimal noise and distortions contribute to better levels of accuracy. Possessing
reliable reference data or ground truth information is crucial for evaluating the change
detection accuracy. Ground truth data, obtained via field surveys or high-accuracy sources
and remote sensing technology, are used to verify the detected changes, and assess the
method’s performance [62,63].

Techniques such as pixel-by-pixel differencing, image ratioing, and image thresholding
are used to identify and highlight differences between images. Time series analysis involves
studying data collected over a period of time to detect patterns or trends. Statistical
methods, such as regression analysis, seasonal decomposition, and moving averages,
are employed to reveal changes in temporal data [64]. Remote sensing technologies,
including satellite and aerial imagery, play a crucial role in monitoring LULC. Geographic
Information Systems (GIS) aid in spatially analyzing and visualizing the detected changes.
With the advent of machine learning and artificial intelligence, change detection has seen
significant advancements. Supervised and unsupervised learning algorithms, such as
SVM, RF, and CNNs, can be trained to automatically detect changes in various data
types [27,65]. Light Detection and Ranging (LiDAR) technology utilizes laser pulses to
measure distances to the Earth’s surface and generate high-resolution 3D maps [29]. It is
especially useful in detecting changes in topography, vegetation, and infrastructure. Radar-
based change detection employs microwaves to penetrate clouds and vegetation, making
it an all-weather and day-and-night imaging technique. It is useful for monitoring land
subsidence, urban growth, and natural disasters. Data mining techniques can be applied to
large datasets to discover hidden patterns or anomalies that are indicative of changes. This
technology is widely used in fraud detection, network intrusion detection, and more. Time-
of-flight cameras use light signals to measure distances, enabling real-time 3D imaging and
change detection applications, such as object tracking and gesture recognition [66]. The
challenges associated with the technique include spatial and temporal resolution, spectral
heterogeneity, spectral similarity, radiometric variation, scale and context, computational
resources and processing, and data availability.

3.1.5. Web-Based Platforms and Open Data Initiatives

The emergence of web-based platforms, such as Google Earth Engine (GEE) and
Sentinel Hub, has facilitated easy access to remote sensing data and analysis tools [67].
Open data initiatives promoted by space agencies and governments have further promoted
the sharing of remote sensing datasets, enabling broader participation in LULC change
monitoring. These advancements in remote sensing technology and techniques have
significantly improved the assessment and monitoring of LULC changes. They provide a
more comprehensive understanding of the dynamics and impacts of human activities on
the Earth’s surface. Continued progress in remote sensing, along with ongoing research
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and development, will further enhance our ability to monitor and manage LULC changes
effectively.

3.2. Water Quality and Quantity

Water quantity refers to the various aspects that contribute to the overall measurement
and understanding of water availability and supply. Some common components that can
be measured using remote sensing technology include precipitation, evapotranspiration,
runoff and streamflow, groundwater, reservoir and lake monitoring, and soil moisture.
Remote sensing can estimate precipitation patterns and distribution by measuring cloud
properties, rainfall rates, and storm characteristics using sensors such as radar or microwave
radiometers [22,68]. Remote sensing can quantify the amount of water lost from the land
surface through evaporation and plant transpiration. It involves estimating energy fluxes
and vegetation indices using optical or thermal sensors in order to assess evapotranspira-
tion rates [69,70]. It can also help to estimate runoff and streamflow by monitoring changes
in water levels and river discharge using altimeters, radar sensors, or optical imagery [71,72].
This enables the water movement in river networks to be assessed. More insights into
groundwater resources can be obtained by monitoring changes in the land surface eleva-
tion using satellite-based radar interferometry (InNSAR) or gravity data from the Gravity
Recovery and Climate Experiment (GRACE) mission [48,73]. The soil moisture content can
be estimated by measuring the microwave radiation emitted or reflected by the Earth’s
surface [68,74]. This information helps to assess water availability in the root zone and
supports agricultural water management. In reservoir and lake monitoring, remote sensing
enables the monitoring of water levels, surface area, and volume changes in reservoirs
and lakes using radar or optical imagery [75]. This information is crucial for water supply
management and flood control.

Remote sensing data may have limitations regarding its spatial and temporal resolu-
tion, sensitivity to atmospheric conditions, calibration and validation, complex terrain and
land cover heterogeneity, and limited data accessibility for specific parameters. Therefore,
it is important to consider these limitations when using remote sensing for water quantity
assessments. Integrating remote sensing with other data sources, utilizing complementary
techniques, and incorporating appropriate modelling approaches can help to mitigate
these limitations and improve the accuracy and reliability of water quantity assessments.
In addition, by leveraging remote sensing data, scientists and water resource managers
can assess and monitor these components of water quantity on various scales, providing
valuable insights into water availability, distribution, and movement.

Water quality refers to the chemical, physical, biological, and radiological characteris-
tics of water that determine its suitability for various uses and its impact on the environment
and human health [28]. The water quality parameters that can be assessed using remote
sensing include the chlorophyll-a concentration, water turbidity, dissolved organic matter
(DOM), water temperature, total suspended solids (TSS), water pH, and harmful algal
blooms (HABs) [76]. For further details, the study by Gholizadeh et al. [77] elaborates
more on the water quality parameters and limitations of remote sensing for assessing water
quality. However, most studies monitoring water quantity have focused more on water bal-
ance (evapotranspiration) and monitoring water (reservoir and lakes), with little attention
paid to runoff, ground water recharge and soil moisture. Water quality parameters such as
pH, TSS, temperature, and DO are commonly evaluated in water quality assessments [78].
Meanwhile, HABs and the chlorophyll-a concentration have received little attention.

3.3. Impacts of LULC Changes on Water Resources

Rapid population growth, socioeconomic factors and a lack of natural resource conser-
vation policies are major contributing factors to LULC changes worldwide. According to
Dwarakish and Ganasri [43], slope, the distance from the river, soil erosion, altitude, and
built-up areas are significant contributing factors to LULC changes. Nonetheless, they are
not considered in most studies when assessing and monitoring the impact of LULC on
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water resources. Changes in LULC can have a wide-ranging impact on various aspects of
the environment. These LULC changes can alter landscape patterns, hydrological processes
(surface flow), physical factors (stream morphology and temperature increase), biology
(biodiversity and ecosystems) and water quality and quantity (nutrients and pollution
increase). Semi-arid tropical climates are characterized by erratic climate change. The
semi-arid tropical climatic conditions need to be frequently monitored for effective water-
shed or catchment management, and sustainable water resources. LULC changes, such
as agriculture, urbanization, and mining, are likely to improve livelihoods, contribute
towards local and national economic development, facilitate food security and advance
biofuel energy, making them a priority for the development of countries. Yet, these are
the most substantial factors causing negative environmental modification. Agriculture
is directly associated with the removal of natural vegetation, increased soil erosion [79],
algal bloom [80], increased greenhouse gas emissions and nutrient imbalances. Natural
vegetation, such as riparian vegetation, can act as an important habitat for a variety of
species and can trap sediments and pollutants in water. Therefore, alterations in the natural
vegetation affect the ecosystem services provided by the streams, which are important for
reducing flood streams, managing runoff, and preventing erosion [64,79,81]. Ultimately,
these changes affect the water storage provided by aquifers, ecological processes, functions
and services, and hydrological factors. This will have implications for hydrological factors,
thus affecting water supply and availability [26]. This will lead to changes in the drainage
network, which is important for surface runoff and drainage patterns. Ecosystem services
play an important role in watershed and water management. However, they are often
overlooked in water resources management.

Urbanization and mining are associated with impervious surfaces, urban heat islands,
the increased susceptibility of areas to floods, the loss of drainage systems and changing
hydrological systems [82,83]. These artificial surfaces often result in increased runoff, and
further generate a path for the transportation of pollutants into water bodies [84]; this
reduces the infiltration into and storage capacity of water in shallow aquifers and increases
the chances of severe floods occurring [85]. Urban heat islands can be aggravated by a
warming climate, particularly during heat waves, which change the water balance (evapo-
transpiration) and hydrological factors of the catchment. These changes affect the timing
and magnitude of evaporation loss and the water yield, which govern the soil moisture
content and the flow patterns of hydrological regimes. At the end, increased streamflow
and precipitation occur, and the frequency of large floods and larger sedimentation in-
creases [85]. To better manage LULC and water resources effectively, it is important to
assess hydrological components by using advanced tools, with which it is very important
to attain sustainable water resources at a catchment scale. Land cover changes are located
within the spatial representation of landscape. Modeling LULC patterns offers a better
understanding of past and future LULC and its related implications and guides future land
use policies. Taking these studies in semi-arid tropical areas into account will ensure the
sustainability of the catchment via the planning and management of the watersheds.

Consequently, these LULC changes have a serious impact on a wide range of ecological
processes and result in several global environmental problems, such as land degradation,
desertification, biodiversity loss, habitat loss, and species transfer. These impacts affect the
water supply, irrigation, fishing, and power generation, reduce food production and land
productivity, and decrease many countries’ Gross Domestic Products (GDP). Contaminated
surface water results in health risks for humans, increases the financial cost of purification
and human consumption, and affects economic development. The impact of LULC on
water resources is caused by a lack of proper management strategies and land use planning
surrounding water resources. A lack of awareness regarding water pollution, especially in
Sub-Saharan countries, further compromises water quality. The enforcement of policies and
regulations regarding the discharge of pollutants from agricultural sectors, urbanization,
waste-water treatments, and industries needs to be strengthened. This will promote
sustainable water quality, watershed management and improve global economies.
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3.4. The Role Played by Remote Sensing Platforms in Assessing and Monitoring LULC Changes
and Their Impacts on Water Resources

Seasonal and Long-Term Monitoring

The effects of LULC changes on water quality differ spatially and temporarily due
to climatic conditions (e.g., temperature and rainfall), and topography (e.g., slope and
landscape patterns). The hydrological factors (e.g., flow) also play an important role in
the movement and transportation of the pollutants into rivers and the degree to which
they disrupt the ecosystems. Remote sensing platforms, with different image acquisitions
(Table 2), offer an opportunity for the seasonal and long-term monitoring of the effects of
LULC changes on water resources. Long-term monitoring offers the important data needed
to measure the changes in natural water resources over time and predict trends; this is in
order to implement, plan, monitor and manage water quality. The tabulated information
below is helpful in designing an assessment evaluating the effects of LULC changes on
water resources and may be used in the selection of appropriate sensors.

Table 2. Available sensors that can be applied for assessing and monitoring the effects of LULC
changes on water resources.

Sensor/Platform ReS(()Ilnu)tlon Spectral Bands  Swath Width (km) Revisit Time (days) Acquisition Cost
AVHHR 1100 5 2900 1 Free
IKONOS 4 5 11 1-2 High

ASTER 15, 30, 90 144 60 16 Free
GRACE 10 Free
Hyperspectral <1 >100 Very high

Landsat ETM+ 30 8 185 16 Free
Landsat TM 30 7 185 16 Free
Landsat OLI 30 11 185 16 Free
LIDAR 0.45 5 1-2 Very high
MODIS 500, 1000 7 2330 1 Free
MERIS 300 15 1150 3 Free
Radar 0.3, 0.56 2 Very high
Rapid Eye 5 5 77 55 High
Sentinel 1 SAR 5,5 x 20,20 x 40 4 20, 80, 250, 400 6-12 Free
Sentinel 2 MSI 10, 20, 60 13 290 5 Free
SPOT 10, 20 4 120 26 High
Quickbird 24 5 16.5 1-3.5 High
Worldview <1 8 16.4 1-3.7 Very high

The long-term monitoring of the effects of LULC changes on water resources has
used aerial photographs due to their long period of existence. For example, the study
by Schilling et al. [86] used aerial photographs to map LULC, and the results indicated
that the change in grassland to row crop increased nitrate levels up from 8.0 to 11.6 mg L
in two Squaw creek subbasins in the USA for a period of ten years. Aerial photographs
offer a high spatial resolution and are very good for analyzing ground surface events and
detecting different LULC [87]. However, they are limited to a smaller scale compared
to satellite data, and the images lack repeatable acquisition. They require qualified and
experienced personnel to interpret the image [88], and interpretating the images is costly
and time-consuming.

Landsat ((Thematic Mapper (TM), Multispectral Scanner System (MSS), Enhanced
Thematic Mapper (ETM)) multispectral sensors have been widely used to conduct long-
term monitoring of the impacts of LULC changes on water quality at regional and local
scales. The study by Kibena [89] used Landsat TM to map the effects of LULC change on
water quality from the year 1995 to 2012. They observed that the LULC, namely grassland,
forest and bare land, had been converted into settlement and agricultural land, which
had increased pollution in Lake Chevero in Zimbabwe. The results showed that the total
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phosphorus (TP) increased from 130 to 376 kg/day, the total nitrogen (TN) increased
from 290 to 494 kg/day, the DO increased from 0.1 to 6.8 mg/L, the chemical oxygen
demand (COD) increased from 11 to 569 mg/L, the biochemical oxygen demand (BOD)
increased from 5 to 341 mg/L, Phosphate Phosphorus (PO4-P) increased from 0.01 to
4.45 mg/L, Ammonia Nitrogen (NH3-N) increased from 0.001 to 6.800 mg/L and the
electrical conductivity (EC) increased from 38 to 642 mg/L. Similarly, Zhang et al. [90]
further observed that grassland, forest, water, and bare land were converted into farmland
and constructed land from 1990 to 2016, which increased the level of chemical oxygen
demand, manganese variant (CODyy) from 0.92 to 1.09 mg/L, BOD from 0.63 to 0.85 mg/L,
TP from 0.006 to 0.007 mg/L, and TN from 0.12 to 0.20 mg/L. The temporal range of the
Landsat images provided the researchers with the ability to predict the effects of LULC on
water quality; hence, there are still challenges related to the use of the Thematic Mapper
(TM) and Multispectral Scanner (MSS), in that they are no longer operating, and with
the Enhanced Thematic Mapper Plus (ETM+) images, which are persistent with the Scan
Line Corrector (SLC). The malfunctioning of the sensor’s SLC leads to a data loss of
approximately 22% of the normal scene area [91]. Therefore, these medium-resolution
sensors (i.e., Landsat TM and MSS) fail to deliver real-time images; in addition, the loss of
data for the operational ETM+ sensor has resulted in considerable challenges regarding the
estimation of the impacts of LULC change on water quality.

In 1986, the French government launched the Satellite Pour L'Observation de la Terra
(SPOT), and it was the first earth resource satellite to have a pointable optic with high
resolution, which increases the high opportunity of the imaging areas [92]. The SPOT
sensor has the ability to obtain information every day at any time due to the frequency
revisit time, and can map LULC change, ranging from the regional scale to global scale [93].
Plessis et al. [94] used Landsat TM and SPOT for classification and successfully predicted
the future concentration of the water quality for the years 2015, 2020, 2030 and 2050, which
increased with changes in the LULC. However, SPOT imagery is costly, which often hinders
the adoption of its products in many studies.

Moderate-Resolution Imaging Spectroradiometer (MODIS) instruments use NASA
Aqua and Terra satellites, thus providing nearly daily repeated coverage of the Earth’s
surface with 36 spectral bands and a swath width of approximately 2330 km [87]. MODIS
plays a significant role in mapping LULC change and dynamics at a coarse spatial resolu-
tion [88]. The sensor is freely available and presents an opportunity for the long-term and
seasonal monitoring of LULC changes at a large scale due to its long period of existence and
its revisit time [93]. For example, the study by Juma [95] used MODIS to map LULC change
and demonstrated an increase in agriculture and residential growth due to population
growth from 1990 to 2008. The results showed that Nitrate Nitrogen (NO3-N) increased
from 10 pg~! to 98 ugL !, PO,-P increased from 4 pgl.~! to 57 ugmL~! and chlorophyll
also increased due to poor practices in agriculture, which resulted in the proliferation of an
alien invasive water hyacinth species. However, the limitation of using the MODIS sensor
is the difficulty involved in linking the coarse spatial resolution with field data, and the
difficulties involved in monitoring small areas using the sensor.

On the other hand, the Advanced Very High-Resolution Radiometer (AVHRR) is
freely available and has a high probability of obtaining a cloud-free view of the land
surface compared to multispectral sensors (e.g., Landsat) [96], and is very useful for long-
term monitoring. The coarse spatial resolution of AVHRR can cover large areas and
fails to distinguish the earth’s features. This makes it difficult to detect or view detailed
information about features. However, AVHRR has not been used at a national or global
scale because of the difficulties involved in linking coarse spatial resolution data and
field measurement [97]. Still, not all LULC changes affect water quality, as demonstrated
by the study by Kaushal [98]. The authors found that the transformation of row crop
cover to perennial grassland decreased the amount of NO3-N. Also, Khare et al. [99]
indicated that between 1974 and 2007, residential areas increased from 10% to 21%, while
agriculture decreased from 36% to 19%, and forest decreased from 13% to 8%. This
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conversion decreased the TN from 2 mg/L to 1.5 mg/L. In addition, the expansion of
residential areas may cause an increase in fecal coliform in water bodies since they pave the
way for the entry of pollutants into rivers. On the contrary, the expansion of forest cover
decreases the number of pollutants entering into rivers, although it increases dissolved
oxygen, which is important for the lives of fish and macroinvertebrates [100]. Therefore,
many studies agree that the expansion of forest and grassland cover is important an
mitigation strategy for improving water quality [101,102].

The seasonal monitoring of the river catchment plays a substantial role in evaluating
the temporal variations in river pollution due to LULC changes for effective land use
management and watershed management. This is important for developing proper man-
agement strategies for water resources. The seasonal monitoring of the quality of pollution
can further indicate the current, ongoing, and emerging problems. Most studies, for in-
stance those by Tahiru et al. [7], Namugize et al. [14] and Beck et al. [71], have observed
that built-up areas are positively correlated with most of the water quality parameters; this
is due to increased surface runoff caused by impervious surfaces, which create paths for
the transportation of contaminants including TP, TN, NH3-N. Thus, policies pertaining
to land use planning, especially in urban areas, should be implemented and enforced in
order to sustain water resources. Forests and grasslands have a relationship with DO, and
cultivated land /agriculture are positively associated with TN, TP, turbidity, and pH due to
various farming practices, such as the use of pesticides, herbicides, and fertilizers. As such,
most concentrations of these contaminants are higher during the dry season than in the
wet season. However, DO is higher in the wet season than the dry season, while TP and
TN are higher in both seasons (dry and wet). The high quantities of contaminants observed
in the dry season may be driven by high water discharge and low water retention [71].

For instance, Pullanikkatil et al. [103] seasonally monitored the impacts of LULC on the
Likangala river catchment in Malawi and found that turbidity increased in the wet season,
with 190.5 NTU downstream in the area dominated by wetland and settlement. Meanwhile,
the pH increased during the dry season, with 830.83 mg/L, and decreased by 218.72 mg/L
in the wet season downstream, which was dominated by wetland and settlements where
people nearby practice fishing. The EC varied from 4 to 466 us cm ! during the wet season
and between 40 and 3520 ps cm~! in the dry season in the upstream and downstream,
respectively. The TDS varies from 20 to 1760 mg ! in the dry season and from 2 to 233 mg !
during the wet season. Similarly, the study by Zhang [101] seasonally monitored the effect
of land use on water quality and observed that water quality parameters such NH3-N
and CODmn were higher in the dry season (7.29 mg/L and 7.8 mg/L) and lower in the
wet season (0.048 mg/L and 2.2 mg/L) in built-up areas (dominated by urban areas).
Meanwhile, the DO was lower in the wet season (3 mg/L) in the built-up area and higher
in the dry season (12.9 mg/L) in the forest-grassland area. However, the TP was higher
both seasons, with (0.28 mg/L) in the wet season and (0.29 mg/L) in the dry season. The
study concluded that the high levels of NH3-N and CODy,, were influenced by urban areas,
which increased the surface runoff of contaminants into the water bodies. Meanwhile,
studies such as those by Kaushal et al. [98] and Rothenberger et al. [97] found that NO3-N
and NHj-N, respectively, are higher in the wet season than in the dry season. The high
concentration of pollutants in the wet season may be attributed to an increased run-off that
washes off the soil, releasing a large amount of sediment, nutrients, and pesticides into
surface water. An in-depth understanding of LULC change and seasonal factors can help
to implement effective catchment management strategies for the protection of these water
resources.

Progress has been noted in detecting, mapping, and monitoring LULC change and
its effects on water quality using remotely sensed data over the years (Figure 3a). The
use of satellite remote sensing in mapping and modelling the impact of LULC change
on water quality has recently attracted increased attention, as evidenced in the number
of publications between the years 2001 and 2021 (Figure 1). According to our analysis,
extensive research has been conducted mostly using multispectral sensors; these include a
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range of Landsat sensors (TM, MSS, ETM+), and a few studies have used Sentinels, SPOT
and MODIS (Figure 3b).
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Figure 3. (a) Progress of remote sensing publications, and (b) sensors that were used in monitoring
the effect of land use and land cover change on water quantity and quality.

The advancement of this research could be attributed to the significant increase in earth
observation technologies, their relatively low cost and their time efficiency when managing
large areas [9]. For instance, remote sensing has the ability to perform the spatiotemporal
monitoring of LULC change, water quality, and natural resources, which is also important
for assessing water quality and quantity in terms of river pollution. However, Landsat TM,
MSS and ETM+ have been the most used sensors [104,105]. This could be attributed to
the fact that Landsat is the longest mission (since 1972) that has been supplying remotely
sensed data for a wide variety of applications without charges. However, the Landsat
sensors have been useful for assessing and monitoring the impacts of LULC change on
water quality. It cannot be denied that medium- and low-spatial-resolutions can limit the
detection and mapping of LULC and water quality when the area affected is smaller than
the pixel size [91].

Advances in earth observation technology with improved image acquisition character-
istics have progressively expanded our ability to distinguish features of the earth. Platforms
such as Sentinel 1 synthetic aperture radar (SAR) provide an opportunity to integrate opti-
cal and radar data to improve the mapping capacity on cloudy days [50]. This is necessary
for monitoring areas such as semi-arid environments, which receive most of their rainfall
seasonally (wet season). Therefore, Sentinel 1 uses multiple sensors and sensing periods to
accurately map heterogeneous LULC [51]. Schulz et al. [51] and Hu et al. [106] combined
an ensemble Sentinel 1 and 2 Multispectral Instrument (MSI) to map LULC at a local to
regional scale and achieved improved results compared to using only the optical sensor
exclusively. The water quality parameters that were assessed using sentinel 1 were TN,
TSS, COD and TP. Munthali et al. [66] and Chen et al. [78] used Sentinel 2 and normalized
the vegetation index to monitor the TSS concentration at various buffer scales and showed
that a 300 m scale most effectively explained the variation in TSS concentrations (R?) of
0.83, p < 0.001). Sentinel (SAR and MSI) sensors are freely available and have successfully
monitored LULC and water quality separately. However, they have not been used to their
full capacity in assessing and monitoring the relationship between LULC and water re-
sources [77]. Other studies have used the LULC prototype supplied by the European space
agency (ESA) for instance, Copernicus global land cover (100 m x 100 m pixel size) [107]
and Globcover (300 m x 300 m pixel size) [32]. Although the LULC prototypes provide
useful data, they are need to be updated frequently for effective management since the
LULC changes over time. The development of hyperspectral sensors presents a unique op-
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portunity for the extraction of the LULC [108], biological and physicochemical parameters
of water quality [77,109].

Specifically, hyperspectral remote sensing provides several narrow and quasi contigu-
ous bands that enhance discrimination among different land uses and land covers. Thus,
the narrow band of hyperspectral sensors provides an opportunity to generate spectral
reflectance curves for each pixel, which are unique in order to differentiate different classes
of LULC, including water and pollutants [17,110]. Hyperspectral sensors have been re-
ported in the literature to capture unique spectral signatures of water quality indicators,
such as salinity, chlorophyll content (chla), turbidity, TSS and colored dissolved organic
matter (CDOM) [21]. This may help us to understand and quantify the relationships among
the spatial, structural, biological, and chemical processes occurring in the natural water
ecosystem. The narrow bands of the sensors have allowed researchers to develop and
implement water quality indices that have been effective in estimating water quality, thus
including the Maximum Chlorophyll Index (MCI), Normalized Difference Turbidity Index
(NDTI), and Green Normalized Difference Vegetation Index (GNDVI). The study by Elhag
et al. [111] used water quality parameter indices to estimate water quality, including MCI,
NDTI and GNDVI. They achieved an outstanding coefficient of correlation (R) result of
0.96 with MCI, an R of 0.94 with NDTI, and an R of 0.94 with GNDVI. Although water
quality indices are effective for monitoring water, they have been widely used in semi-arid
tropical environments. The lack of robust and reliable water and quantity data needed to
parameterize models remains a challenge.

The optimal spectral and spatial resolution remains a major challenge to the remote
sensing community since not all water quality parameters can be detected and monitored
using remotely sensed data because they are not optically active. Hyperspectral image
analysis has not been fully explored due to its high cost and complex pre-processing
procedure [109]. Regardless of their outstanding performance, only a few studies have
attempted to use hyperspectral sensors to assess and monitor the relationship between
LULC and its associated impacts on water resources. Advanced modern technologies
such as Unnamed Aerial Vehicles (UAVs), commonly known as drones, have emerged
as a potential alternative for mapping and monitoring LULC and water resources at a
local scale [112,113]. They are flexible, affordable, and offer a very high spatial resolution.
However, drones are limited to small areas and many of the affordable drones exclusively
cover the true color (RGB) section, which does not offer sufficient data for extensive
application in areas such as characterizing water quality [113,114]. These have never been
fully explored in understanding the relationship between LULC and water quality. Based
on the findings of this study, the growing interest in assessing and mapping the relationship
between LULC and its impact on water resources in semi-arid areas has focused on using
the Landsat image platform. Meanwhile, advanced earth observation platforms such as
sentinels, UAVs, and hyperspectral technology have not been fully explored in assessing
and monitoring the relationship between LULC changes and their impact on water quality
and quantity. The use of advanced earth observation could be viable in monitoring the
impacts of LULC on water resources in semi-arid tropical environments.

3.5. Algorithms Used for Quantifying the Effects of LULC Changes on Water Resources (Quality
and Quantity)

Different algorithms are available for estimating the effects of LULC change on water
quality using remotely sensed data. The techniques use different statistical modelling
approaches that provide relatively accurate results and are easier to understand when
compared to hydrological water quality modelling approaches. Most machine learning
(ML) algorithms developed for remotely sensing the effect of LULC changes on water
quality can be categorized as parametric or non-parametric. The most frequently used
methods by researchers for modelling the relationship between LULC change and water
quality parameters are the parametric machine learning algorithm (PMLA), which assumes
the linear relationship between variables. Parametric algorithms, such as linear [115], mul-
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tilinear [7,116] and Stepwise multilinear (SML) regression [117], have shown satisfactory
performance. However, PMLA, such as linear and multilinear regression, have the limita-
tions of multicollinearity and the overfitting of large data. Although the SML regression
algorithm attempts to reduce the collinearity problems, it also eliminates variables that are
ecologically and statistically important [117]. Seilheimer [118] used the linear mixed-effect
model (LMEM) algorithm approach, which enables the robust simultaneous evaluation
of the association and environmental gradient. Meanwhile, it accounts for the repeated
measures embedded in the data structure and indicates a better prediction performance
when compared to multiple linear regression. The LMEM assumes that observation with
the cluster is always positively correlated and that some individuals competing in the
cluster for the scarce resources are negatively correlated. Thereby;, it ignores a small neg-
ative correlation, resulting in a deflated type-1 error, and an invalid standard error and
confidence interval in regression analysis [119].

Researchers have introduced more advanced non-parametric machine learning al-
gorithms (NPMLA), including Partial Least Square Regression (PLSR) and multivariate
statistics, which have been reported to be robust and efficient when aiming to overcome the
problems of overfitting and multicollinearity with high accuracy. The algorithms include
Principal Component Analysis (PCA) [120,121], Discriminant analysis (DA) [122], Cluster
analysis (CA), Redundancy Analysis (RDA) [123] and Hierarchical cluster analysis [122]
(Figure 4). The NPMLA works well with large volumes of data. Singh et al. [124] reported
that multivariate statistical techniques (CA, DA, and PCA) are important for evaluating
and interpreting large and complex datasets and obtaining better information regarding
water quality and the design of monitoring. Besides the robustness of the NPMLA, there
are limitations associated with some of the machine learning (ML) algorithms.
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Figure 4. Algorithms used to assess and monitor the relationship between impacts of LULC and
water quality.

The limitation of these multivariate statistical methods shows an existing relationship
between water quality and LULC pattern, which may neglect some of the important spatial
characteristics and hide local variation [101,125]. ML algorithms, including Ordinary
Least Squares (OLS) and Geographically Weighted Regression (GWR), were introduced
to address spatial non-stationary issues and to examine spatial autocorrelation, which
is neglected by multivariate algorithms [122,125]. OLS is important for developing a
relationship between independent LULC and water quality variables at a large scale by
selecting the most significant variables in the regression [18]. The coefficient from the
OLS model provides the most influential parameter of different water quality parameters.
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However, OLS requires a large dataset to obtain reliable results [126]. The GWR considers
the spatial variation and determines the relationship by incorporating the coordinates of
location into the regression equation. The GWR model uses a single land use indicator as
the independent variable and excludes the selection model because of the high potential
of multicollinearity among different land-use variables; this would result in an invalid
GWR model when variables experiencing multicollinearity are selected [127]. However,
GWR statistical analysis is limited to small scales. Therefore, the implementation of models
that cover large areas is required. Bayesian Network (BN) is an effective method for
spatiotemporal analysis as it enables the interaction of variables in space and time [18],
and is suitable for handling missing data prediction [18,128]. The model is essential for
evaluating the complicated LULC change in water quality at various scales. However, the
model is too complicated, too difficult to automate, requires specific software to run the
model and qualified statistical expertise, and is sensitive to probabilities [129].

On the other hand, Artificial Intelligence (AI) has gained considerable attention be-
cause of its potential to leverage big data and solve the problems faced in traditional
techniques (mathematical models). Al refers to the simulation of human intelligence in
machines that are programmed to think, reason, learn, and perform tasks that typically
require human intelligence [130]. The goal of Al is to create machines or systems that can
mimic human cognitive functions, such as problem solving, pattern recognition, language
understanding, and decision making [131]. Moreover, Al encompasses a broad range of
techniques, algorithms, and methodologies to enable machines to perform intelligent tasks.
Al computing technologies are on the edge of becoming the prevalent alternative to con-
ventional data processing techniques [131]. Some of the key subfields of Al that are used in
remote sensing include ML and DL. ML developed for earth observation data can support
the challenges of spatial and temporal realm adaptations, hyperspectral data, the integra-
tion of multisource information and large-volume data analyses [132,133]. Advances in ML
technology have created a unique opportunity for the development of accurate large-scale
prediction and prescriptive models [134]. DL is used to improve results due to its accuracy
in classification and prediction when trained with extremely big data; in addition, it can
extract features from raw data. DL helps to capture the potential relationship between
environmental variables for remote sensing retrieval, fusion, downscaling and superiority
in multiscale and multilevel feature extraction. However, it is not clear how to best use ML
or DL for expanding the range of increasingly accessible satellite data for LULC change
research, particularly under environmental and socioeconomic impacts.

3.6. Multi-Spatial Scale Relationship between LULC Changes and Water Quality and Quantity

Water quality monitoring often relies on the conventional methods of conducting
in situ measures using a handheld multiparameter instrument and laboratory analysis.
However, the accuracy and precision of collected in situ data may be questionable due
to human error in the field and laboratory [77]. The use of in situ data provides an
accurate measure; therefore, integrating them with remote sensing data provides accurate
measurements for the cost- and time-effective management of water pollution. Therefore,
remote sensing has been widely used to assess and monitor the environmental effects
had by LULC change on water quality at both the local and global scales [89,93,135,136].
However, when determining the relationship between LULC change and water quality,
it is important to consider scale (spatial and temporal). Scale plays an important role in
reflecting the different impacts of LULC changes on water quality. Therefore, in order to
better manage the impacts of LULC changes on water resources, it is essential to consider
streams as a complex ecosystem that operate at different spatial and temporal scales [136].
Three types of spatial scale, namely the buffer, sub-catchment, and catchment scale, have
been used to estimate the impacts of LULC changes on water quality. However, there
is no consensus regarding which of the abovementioned spatial scales explains a better
relationship between LULC changes and their impacts on water quality and quantity.
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Buffer zones are strongly influenced by water from the upslope, which is divided into
three categories: surface flow and shallow subsurface flow [137,138]. When choosing a
buffer scale, one should consider the structure and the function of the catchment, since there
are two types of buffer scale; these include a circular and riparian buffer [135]. Riparian
buffers are determined by the soil, vegetation and hydrology characteristics of the buffer
and the interaction with the upslope and downslope. Meanwhile, circular buffers are
effective for the diversity of water bodies such as lakes, streams, and dams in the lakeshore
areas [139]. Most studies use a riparian buffer rather than a circular buffer to measure
the influence of LULC change on water quality and quantity. For example, the study
by [139] observed that many impacts came from all land uses, such as constructed land
(CL), wetland (WL), original forest (OF), artificial forest (AF), and original land (OL), which
reflected TN at 2 km; meanwhile, WL and CL continued to affect TN at the 4 km buffer.
Moreover, Song et al. [135] found that urban areas influenced TN in all buffers from 500 m
to 1000 m. Similarly, Li et al. [140] further indicated that a 300 m buffer is the strongest
for the land use type to affect COD. Riparian buffers are storage areas that can be both
the source and the sink of pollutants if no degradation process exists in the buffer zone.
However, the drawback of using riparian buffers is that there is no uniform way of defining
the width of a riparian zone [84]. Overcoming this problem requires a wider use of a
riparian buffer to maximize its effectiveness in improving the water quality. The other
problem with using a riparian buffer is the inability to address all water-related problems,
since they are only effective in buffer areas that are not degraded. In the case of a degraded
buffer zone, the scale may fail to reflect some of the impacts of land use on water quality
and quantity.

Meanwhile, Gyawali et al. [141] indicated that the sub-catchment scale is more effective
in reflecting the impacts of land use on water than the buffer and the whole catchment.
Their results indicated that agriculture influenced dissolved oxygen (DO), and that urban
and water bodies influenced dissolved solids (DS), biological oxygen dissolve (BOD), and
temperature at the sub-catchment scale. Wan et al. [96] further revealed that LULC showed
varied impacts of the same LULC category over different sub-catchments. However,
other LULCs that are not nearby sub-catchments may have an influence on or contribute to
impacts on the water quality, because pollutants from LULC in the upper catchment may be
transported downstream. The scale of the stream reach might be improper as the pollutants
are diluted by the flow or absorbed by plants [38,142]. Other studies propound that the
whole catchment plays an important role in influencing the impacts of LULC on the water
quality [12,136,143]. However, it is difficult to sample larger catchments at an appropriate
spatial and temporal resolution. In addition, the spatial scale between LULC change and
water quality differs spatially, and the characteristics of the stream, human disturbance and
data accuracy all have different degrees of influence in multi-scale studies [135]. Therefore,
for the better management of pollution, the application of different spatial scales may
provide an effective method by which to understand the relationship between LULC and
its impacts on water quality and quantity. Gyawali et al. [141] revealed that all LULCs, i.e.,
agriculture, forest, urban, and water bodies, affect temperature, DO, BOD, solid sediments
(SS), DS, Fecal Coliform (FC) and EC at all three spatial scales. Similarly, Tanaka et al. [143]
also confirmed that water quality indicators have a different response to LULC patterns
when evaluated at different spatial scales.

4. Discussion

The findings based on the search keywords indicate that the use of remote sensing in
assessing and monitoring land use and land cover (LULC) changes has been significant.
Remote sensing techniques have undergone significant advancements, particularly with
the introduction of advanced algorithms such as machine learning (ML) and deep learning
(DL), which offer increased opportunities to explore and effectively manage environmental
issues. Numerous studies [33,39,66,70] have focused on accurately mapping and detecting
LULC changes using remote sensing. However, the utilization of machine learning and
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deep learning classifiers remains relatively limited compared to the traditional use of
methods like maximum likelihood classification (MLC). Over the decades, the assessment
and monitoring of LULC changes have extensively employed geographic information
systems (GIS) and remote sensing. Earlier methods involved the use of aerial photographs
and field observations for the interpretation of LULC to produce maps. With time, there
have been notable advancements in LULC classification techniques, leading to improved
mapping accuracy facilitated by advanced satellite imagery. Accurate LULC maps play a
crucial role in informing decision-making processes for the planning and management of
natural land resources.

4.1. Challenges in Remote Sensing the Effects of LULC Changes on Water Resources

Identifying the non-point source of pollution is still a challenging task due to an
ongoing discussion and varying thoughts regarding the scale. Some studies argue that
sub-catchment influences can be used [141], others suggest that the whole catchment would
be the most optimum to use [116], and others have supported that riparian buffer [101]
play an important role in influencing the water quality. Therefore, separating the impacts
of LULC on water resources remains problematic, due to the extensive time scale over
which impacts from LULC spread through the hydrologic system. The confounding effects
of climate and weather, as well as large-scale observation field studies, often lack control,
thus making it difficult to assign the temporal changes to causal mechanisms [144]. Thus
far, most of the remote sensing techniques have been applied to LULC changes using a
statistical model that links the relationship to in situ water quality parameters. However, the
statistical models do not consider physically based hydrologic models, which are important
in representing hydrological processes using spatially distributed data such as climate
parameters (e.g., precipitation, temperature, and evapotranspiration), vegetation and soil
moisture, and slope distribution [145]. The data contain crucial information about surface
water flow and the integration of surface and ground water and can be used to describe
the land surface topography characteristics [43]. Hydrological process models, such as
the soil and water resources tool (SWAT), have been presented by many reviewers as an
effective management tool for watershed models, simulating the stream flow better than
other models [75,145,146]. The integration of these models with remote sensing data will
provide effective management for monitoring the impacts of land use on water resources
in semi-arid tropical environments. The reviews by Dwarakish and Ganasri [43], as well
as Dong et al. [147], elaborate more on integrating remotely sensed data and hydrological
models in LULC and water resources.

Efficient and accurate LULC using remote sensing therefore requires a high spatial
detailed image for the classification method [125]. However, it is important to note that
factors such as image resolution, radiometric conditions, and atmospheric effects can impact
the effectiveness and accuracy of classification algorithms in remote sensing. Radiometric
and atmospheric corrections play a crucial role in mitigating these challenges. However,
performing accurate corrections can be complex, particularly due to the dynamic and
spatially varying nature of atmospheric conditions. To address this issue, it is essential for
users to have access to suitable atmospheric correction software that aligns with the specific
requirements of their study and the chosen approach. Selecting the correct or appropriate
atmospheric correction method is crucial in order to ensure reliable and accurate results in
remote sensing analyses. By carefully considering the data needs and research objectives,
users can make informed decisions and choose the most suitable atmospheric correction
software for their specific study [108]. The accurate assessment of LULC change is crucial,
particularly when it comes to capturing small classes such as roads and built-up areas,
as they can have significant impacts on water quality. Achieving precise results for these
classes requires the use of sensors with a very high spatial resolution, typically less than 5 m.
While sensors like LIDAR, WorldView-2, and Quickbird offer the required level of detail for
accurate LULC mapping, their utilization in studies has been limited. The main challenges
associated with these sensors are their cost and low temporal resolution. Acquiring data
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from these sensors for long-term studies can be expensive, and their restricted availability
may limit their use to smaller study areas. To conduct the effective long-term monitoring of
LULC change, it is necessary to analyze time series of remotely sensed imagery. However,
obtaining and analyzing consistent time series data from multiple sensors pose challenges.
It is essential to ensure that the acquired images are captured under similar environmental
conditions, such as the same time of the year, sun angle, and spectral bands, to minimize
errors and maintain data consistency. Overcoming these challenges in acquiring and
analyzing time series and multi-sensor data is crucial for improving our understanding of
LULC change and its impact on water resources. Efforts should be made to address these
limitations and develop methodologies that enable the accurate and consistent analysis of
LULC change over time [60,148]. To minimize errors, the accuracy of a fraction of a pixel
must be attained, meaning that variations in solar illumination atmospheric scattering and
absorption and detector performance must be normalized, i.e., the radiometric properties
of each image must adjust to those of the reference image [60,148].

One drawback of minimizing the issue of radiometric calibration is that any errors
identified in the classification maps of individual dates will also be present in the final
change detection map. To validate the results, it is important to compare the classified
maps with ground-truth data. Researchers often utilize a confusion matrix as the preferred
method for validation, which includes metrics such as overall accuracy, user accuracy,
producer accuracy, and the Kappa coefficient. However, the Kappa coefficient has been
criticized for its limitations in accurately assessing the results. It fails to convert the sample
confusion matrix into an estimated population matrix, which can affect the reliability of
the assessment [149,150]. To perform this hardware, software and qualified personnel
are required for processing and analyzing the dataset. This hinders the application of
remote sensing in monitoring the effects of LULC on water quality. Moreover, open-source
software solutions, such as R-software, QuantumGIS or GRASS [151], are freely available
to manipulate remote sensing products. However, these open-source software lack clear
documentation and steep learning curves that hinder their adoption and use. Therefore,
offering training across the discipline could potentially increase the adoption of these
software [152]. The lack of reliability in ground-truth data has also inhibited the progress
of classification in remote sensing.

Different algorithms have different strengths and require different input parame-
ters [18]. Many factors, such as the spatial resolution of the remotely sensed data, the scale
of the study area, the availability of software, the capacity of the analyst skills and knowl-
edge, affect the modelling approach [149]. The developed model from remote sensing data
requires adequate calibration and validation using in situ measurement and can only be
used in the absence of clouds [149]. ML algorithms rely on a large number of training
samples, which are difficult to obtain in the real world. However, remote sensing big data
may provide significant solutions to the lack of data, although they often cause compu-
tational challenges, for instance, the need for scalable data storage, dynamic workflow
management, and flexible computing resource provisioning [149].

The Google Earth Engine (GEE) [153], which is a cloud-based semi-automated plat-
form that offers basic calculation functions for both raster and vector data, can successfully
handle remote sensing big data on the cloud [153,154]. These advancements offer new
possibilities for integrating and combining techniques to assess and monitor the connection
between LULC change and water resources. However, the Google Earth Engine (GEE)
platform has its limitations. It does not support the execution of deep learning algorithms
due to computational constraints and the unavailability of such algorithms on the platform.
Consequently, users can only gather the data on the platform and perform deep learning
algorithms outside of the GEE platform. Additionally, using the platform requires a robust
internet connection, which can be challenging in developing countries and may result
in limited adoption [155,156]. GEE can cause an error with large computation complex-
ity because of the memory limitation [146]. Remote sensing data are often multimodal,
which requires the development of a novel ML model to extract joint features from the
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heterogeneous spectral, spatial, and temporal information. The integration of hydrologists,
statisticians and expert remote sensing analysts is limited, leading to satellite remote sens-
ing data regularly being underutilized and undervalued [152]. The limited sharing of data,
particularly in Sub-Saharan Africa, significantly hampers our capacity to examine land
function changes beyond land use and land cover alterations. Understanding the spatial
variability in the land’s ability to offer unintended services and identifying the factors
influencing it are crucial for regional policy and spatial planning. Despite these challenges,
this review emphasizes the need to shift towards adopting satellite data applications in
assessing and monitoring the connection between LULC changes and water resources. This
shift involves leveraging multiple data sources and employing advanced data processing
techniques to enhance our comprehension of these complex systems.

4.2. Progress and Future Direction on Remote Sensing of LULC Changes on Water Resources

Progress has been made regarding the utility of remote sensing in semi-arid tropical
environments, particularly in long-term monitoring, with a limited number of studies on
seasonal monitoring. There is still a gap in the real-time use of modern earth observation
techniques, such as Sentinels, which are freely available. Sentinels, with improved spectral
resolution and revisit time (5 days), bring new opportunities for the biweekly and seasonal
monitoring of the effect of LULC on water quantity and quality. The assessment and
monitoring of LULC changes and their impacts on water resources using hyperspectral,
drones and balloons has not attracted much attention. Only a few studies have attempted
nonparametric machine learning algorithms [149,154]. Numerous researchers have found
that LULC change correlates with water quantity and quality; still, there is no clear under-
standing of how LULC changes affect water quantity and quality. The quantification of the
relationship between LULC change and water resources is a complex system. Understand-
ing the relationship between LULC and water resource dynamics cannot be solely based on
a single factor. Therefore, factors such as hydrology, spatial patterns and ecosystem services
are often overlooked when assessing and monitoring the impact of LULC changes on
water resources. Research efforts need to be promoted to evaluate the relationship between
LULC and spatial patterns, ecosystem services and hydrological processes, particularly in
semi-arid tropical environments that are susceptible to climate variability. This research
could be crucial to supporting LULC planning, effective watershed management, and
making informed decisions regarding water resource management in order to ensure the
sustainable management of landscape composition and configuration, ecosystem services
and hydrological factors.

Multispectral sensors such as Sentinel 2 and Landsat images tend to be limited by
clouds and a relatively coarser spatial and temporal resolution [112,113]. Drone images are
not affected by clouds because they are flown at a lower altitude and can be used to collect
data over some inaccessible and remote areas [157]. As the fourth industrial revolution is
progressing, the adoption of drones is advised in future studies as an innovative source of
near real-time spatial data for mapping and monitoring the relationship between LULC and
water resources. Thus far, no studies have been conducted using drones and comparing
satellite sensors and drones in monitoring the impacts of LULC change on water quantity
and quality in semi-arid tropical environments. Balloons equipped with a digital camera
also have capabilities with regard to filling the gap between satellites and aircraft on
the earth observation platform. Balloons filled with helium gas can be flown at lower
altitudes than airplanes when detecting relatively small objects (small rivers, roads) with
minimal expense [158]. The limitations associated with balloons are that they need to
be appropriately used to avoid the geometrical distortion of images [158]. Geometrically
distorted images provide false locations for the objects detected. Due to minimal expense,
there is a need to also test this platform.

More research is needed to find the best variable and prediction model that can be
integrated with a free multispectral dataset [108]. Different algorithms have weaknesses
and strengths. Thus far, using an ensemble of different individual sensors and classifiers has
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been the most effective approach regarding the advance of LULC mapping. The use of more
advanced non-parametric algorithms in estimating the effects of LULC on water quantity
and quality has also been underutilized, despite their higher predictive accuracy, when
compared to parametric algorithms, even when using broadband multispectral sensors.
The application of the GWR and BN statistical model is robust; therefore, the use of this
model should be adopted in future studies since the algorithms alone could not determine
the physical processes of water resources. Integrating remotely sensed data with physical-
based hydrologic models is recommended in future studies for effective management and
decision making in watershed management. More research is needed to develop advanced
models using multi-source data, and improved algorithms and applications are vital and
required. The water quality parameter indices also showed effectiveness in estimating
water quality; therefore, integrating them with ML algorithms in future might improve the
models. There is also a need to assess the spatial pattern since it provides an understanding
of the spatial processes underlying the distribution. The use of Al capabilities enables
ML approaches to draw the complex nonlinear relationship between the land surfaces
variable and water quality parameters [47,49]. Al has shown much promise for a wide
range of physical environmental problems, from identifying critical situations, to aiding
human interpretation, to discovering new relationships in large datasets [49]. This provides
new opportunities with which to speed up the analysis process of large datasets, improve
models and successfully transform the exploitation of environmental data in the future.
In this regard, the use of multispectral sensor and parametric analysis in characterizing
the impacts of LULC on surface water is required if the sustainable utilization of water
management is to be achieved when aiming to address the rapidly growing population and
its water needs. This information holds great importance for water managers, catchment
managers, and land planners as it enables them to tailor their land and water management
strategies according to the spatial variability and seasonal changes in the impacts of LULC
on water quality and quantity. By understanding these relationships, it becomes feasible to
implement local to regional framework policies that promote the sustainable utilization of
land and water resources, thus facilitating effective land and water management practices.

5. Conclusions

The objective of this study was to conduct a systematic review to assess and monitor
the progress of remote sensing applications in mapping land use and land cover (LULC)
changes and their impacts on surface water quality and quantity. The literature indicates
that the use of remote sensing in this field has gained significant attention in recent years.
However, most studies have used multispectral Landsat images, while the potential of
other sensors with an improved revisit time, a medium spatial resolution, and enhanced
radiometric capabilities (e.g., Sentinel 1 and 2) has received less attention. These sensors
offer opportunities for seasonal monitoring. Additionally, the integration of multisource
remote sensing data, such as Sentinel 1, Worldview, radar, Quickbird, and LiDAR, has
expanded tour ability to obtain, although their limitations need to be assessed. Combining
data from different sensors enhances our understanding of the impact of LULC dynamics on
water resources. Platforms like drones and helium-filled balloons enable the near-real-time
acquisition of fine-resolution data, which can enhance the accuracy of LULC mapping via
improved training and validation processes. The use of advanced classification algorithms,
namely ML (e.g., SVM, ANN, RE BN) and DL algorithms (e.g., RNN, CNN, DNN), which
improve the accuracy and efficiency of land cover classification, is recommended. Moreover,
the underutilization of advanced machine learning and deep learning algorithms in tropical
semi-arid regions and globally suggests the potential for adopting these approaches in
order to accurately estimate the effects of LULC changes on water resources. The use
of artificial intelligence (Al) technology can enhance the data processing capabilities of
big data analysis, thereby improving the quality of outcomes in future studies. The GEE
platform, known for its capacity to handle remote sensing big data, could be a valuable
and time-efficient tool for mapping LULC changes. To effectively manage water pollution
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resulting from different LULC patterns and improve water quality at local and regional
scales, it is crucial to fully embrace these innovative technologies and methodologies. These
advancements have enhanced our ability to assess and monitor the effects of land use
changes on water resources, enabling more effective planning and management strategies.
The progress made in remote sensing applications contributes to a better understanding of
the complex interactions between LULC and water resources, thus supporting sustainable
water management and environmental conservation efforts.
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Abstract: Real-time monitoring of crop responses to environmental deviations represents a new
avenue for applications of remote and proximal sensing. Combining the high-throughput devices
with novel machine learning (ML) approaches shows promise in the monitoring of agricultural
production. The 3 x 2 multispectral arrays with responses at 610 and 680 nm (red), 730 and 760 nm
(red-edge) and 810 and 860 nm (infrared) spectra were used to assess the occurrence of leaf rolling
(LR) in 545 experimental maize plots measured four times for calibration dataset (n = 2180) and
145 plots measured once for external validation. Multispectral reads were used to calculate 15 simple
normalized vegetation indices. Four ML algorithms were assessed: single and multilayer percep-
tron (SLP and MLP), convolutional neural network (CNN) and support vector machines (SVM) in
three validation procedures, which were stratified cross-validation, random subset validation and
validation with external dataset. Leaf rolling occurrence caused visible changes in spectral responses
and calculated vegetation indexes. All algorithms showed good performance metrics in stratified
cross-validation (accuracy >80%). SLP was the least efficient in predictions with external datasets,
while MLP, CNN and SVM showed comparable performance. Combining ML with multispectral
sensing shows promise in transition towards agriculture based on data-driven decisions especially
considering the novel Internet of Things (IoT) avenues.

Keywords: machine learning; maize; stress; heat; classification; validation; python; IoT

1. Introduction

Human population growth has led to increasing food requirements and resource
depletion, intensifying the use of modern technologies in agriculture over the last few
decades. Thus, major achievements in sensing technologies, wireless communication and
artificial intelligence have been made by research efforts in agriculture globally [1,2]. In
the context of climate change, real-time monitoring of drought is of primary interest which
yielded a forked remote sensing approach, deploying satellite imagery to spot drought
occurrence [3-7], or utilizing the recent developments in affordable sensor solutions, gen-
erating data in a more (unmanned aerial vehicles—UAV) or less (pole, machine or tower
mounted) remote manner [8-12]. In conventional agricultural production, the only ob-
jective data collected on plant side (grain yield) are collected when the plant is already
dead, so the real-time monitoring practices represent a paradigmatic shift for most farmers
around the world.

Studies show that there is a growing occurrence of heatwave days accompanied by
longer spans of drought [13]. These deleterious climate changes come with increased
sensitivity of maize and soybean to heat and drought, despite ever strong breeding efforts
for tolerance to abiotic stress [14]. In maize, there is a large number of morpho-physiological
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adjustments in response to drought stress [15-17]. However, many of these changes are
irreversible, such as low fertilization rate, increased susceptibility to diseases or depleted
stands [18], and once they are expressed, the economic losses are unavoidable. There are
also some changes that are different among maize cultivars [19] and they are reversible in
nature providing an excellent signal of the current plant water status.

One such trait is transverse rolling of leaf blades (Figure S1), usually caused by
hydronastic changes. Many plant species use this mechanism as a drought avoidance
strategy [20]. It represents a mechanism of adaptation in plants to control stress mostly
by the means of auto-stress (cell-wall tension increase/decrease), reduction in the light
interception and transpiration, thus preventing dehydration and overheating [21]. Not all
genotypes express leaf rolling at the same conditions [22,23], nor the monotonic increase
in leaf curvature shows the same maximum over different genotypes [24]. While in some
genotypes it represents an avoidance strategy for stress conditions, in others it marks a
tipping point for the physiological damage [25-27], thus implying the need to dynamically
monitor for this trait in real time, for breeding and management purposes. So far, the use
of different methods of leaf rolling quantification was reported in the literature, most of
them grading responses in scales from 1 (no leaf rolling) to 5 (completely rolled leaves,
dead or lax) [28-30], or 1 (no leaf rolling) to 9 (completely rolled leaf blades) [31]. All of
the mentioned methods imply phenotyping at (i) drought stress treatment, or (ii) at the
time of solar noon, when the strongest leaf rolling is expected to occur [24]. However, all of
the conventional methods also imply a need for human screening limiting the ability to
capture trait dynamics, accompanied with the increased error in rolling grading between
scorers. In order to use phenotypic indicators, such as leaf rolling in some unfavorable
conditions, in decision support systems, the possibility for their remote monitoring is of
critical importance.

Leaf rolling causes several easily detectable changes in plant level. One such change
is reduction in leaf area index (LAI), rendering the changes easily detectable by simple
hemispherical photography [31]. However, there are also more subtle changes in spec-
tral derivatives of leaf-rolled plants exposed to drought treatment, mostly caused by the
accumulation/translocation of biochemicals and decrease in photosynthetic activity [32],
allowing the drought detection using hyperspectral data along with several derived nor-
malized vegetation indexes such as normalized difference vegetation index (NDVI) [33].
Normalized difference vegetation index and other normalized vegetation indices (VI) rep-
resent a useful and sensitive tool in vegetation monitoring converting the raw sensor reads
to useful normalized and repeatable results [34,35]. Hyper/multispectral monitoring is
already a proven method of vegetation monitoring [36,37] coming more and more to focus
of researchers addressing high-throughput phenotyping and precision agriculture [38—40].
Moreover, different types of stress can be detected by combining ML with spectral moni-
toring [41-43]. There are many approaches for applied regression analysis of the remote
sensing data being used [44,45]; however, such models are inefficient when accounting for
nonlinearity of targets in multi-dimensional hyperplanes. On the other hand, these data
properties are efficiently handled by modern machine learning (ML) algorithms, extracting
numerical features from the data while retaining the information from the original dataset.
Moreover, there is a growing body of evidence of the superiority in performance of ML
algorithms in remote sensing data analysis for various agricultural applications such as
vegetation classification [46], biomass and soil moisture analysis [47], crop stress phenotyp-
ing [38], precision farming [48,49] and many others [50]. Furthermore, these methods also
have an ecological and humanitarian depth showing promise in helping to adhere to the
Sustainable Development Goals [51] presented by the United Nations [52].

In this research, we attempted to use a low-cost sensor capturing spectral responses
around several critical plant reflectance wavelengths and to apply machine learning to
detect changes in plant morphology for the envisioned use in precision agriculture and plant
breeding. Specifically, objectives were to determine the usefulness of a simple multispectral
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sensor to monitor leaf rolling in maize as a sign of stress, and to assess different machine
learning models readily applied in the classification of labeled data.

2. Materials and Methods
2.1. Field Experiments

The field experiments were carried out at the experimental station of the Agricultural
Institute Osijek (AIO) in Osijek Croatia (45°32'N 18°44'E). Fields are subject to barley—
soybean—maize rotation and are, following the soil analysis, fertilized and maintained with
non-limiting amounts of fertilizers following respective local best practices and regulations.
For the purpose of development of new cultivars AIO organizes several levels of field trials
with multiple cultivars, separated between early, early to medium, medium to late and late
maturity breeding programs. Maturity was categorized by FAO system [53] with reference
genotypes used as checks to categorize hybrids to groups 1 (early) to 7 (late). Besides
breeding programs, AIO organizes demonstrational trials with 3 to 75 hybrids representing
the pallet of latest breeding efforts. AIO is a certified seed producer, marketing maize
hybrids in Southeast and Central Europe and the Middle East. Thus, there is a considerable
diversity of hybrids present at breeding trials of every maturity group, aiming at adaptation
to different agro-ecological scenarios. For the purpose of this study, we chose seven trials
with different numbers of hybrids from the mentioned maturity groups, namely, single
irrigated demonstrational trial (DTir) and two rainfed demonstrational trials (DTrf and
SDTrf). Soil type in DTrf and DTir was anthropogenized eutric cambisol, while at SDTrf,
soil was sandy loam. In the gradient of trial qualities, SDTrf thus represented a low-water
availability trial, while DTir was not water limited during the screening. The DTir trial was
irrigated twice with 40 mm/m? per irrigation, on 20th of June and 2nd of July. Irrigation
was carried out by gear-driven full circle sprinklers. Trials of early (ET), early to medium
(EMT), medium to late (MLT) and late maturity (LT) breeding programs were represented
by randomized complete block trials with 25 hybrids in four replicates on anthropogenized
eutric cambisol (ET, MLT and LT) and sandy loam (EMT). All trials were sown in a north—
south orientation except SDTrf and EMT which were sown in an east-west orientation.
Details on experimental design are shown in Table 1.

Table 1. Details about experimental design.

Experiment No. Replicates Plot Size FAO Relative Planting Date Anthesis Measurement
Design Hybrids P (m?) Maturity & Interval (Days) Time
DTir 61 n.a. 50 180-720 7th April 2021 2.7.-20.7.
DTrf 64 na. 50 180-720 16th April 2021 29.6.-17.7.
SDTrf 20 n.a. 50 350-680 22nd April 2021 5.7-16.7.

ET 25 4 8.4 210-290 8th April 2021 29.6.7.7. RS
EMT 25 4 8.4 350-490 22nd April 2021 3.7-15.7. R
MLT 25 4 8.4 500-590 9th April 2021 8.7-19.7.

LT 25 4 8.4 >600 9th April 2021 9.7-19.7.

2.2. Measurements and Agroecological Conditions

Measurements were carried out with AMS (ams-OSRAM AG, Austria) AS7263 sensor
unit with six spectral bands (3 x 2 photo diode array) responsive to wavelengths in red
and near-infrared spectra (610, 680, 730, 760, 810 and 860 nm) with 20 nm full width at half
maximum. Sensor consists of plastic housing, a lens and photodiode array with aperture of
0.75 mm and 20.5° viewing angle. The sensor was connected to Arduino Uno prototyping
board and the data were logged based on a programmed button-interrupt to SD card. Each
interrupt consisted of 10 consecutive measurements within 2000 ms and their average
was logged with timestamp. The wiring was mounted to a 3D printer printed mount
and set up on a 2.2 m telescopic tripod, and the 10 Ah power bank was used to power
the device (Figure 1c). The sensor was set 2 m from ground at 90° to capture leaves in
0.6 m? of theoretical field width (to ground). The 2 m height was chosen as only 16 out
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of 545 plots showed height lower than 2 m (shortest hybrid in SDTrf was 1.77 m), so the
sensor captured the leaves intersecting the field of view. Measurements were carried out
during the morning and around solar noon (Figure 1a), when the weakest and the strongest
leaf rolling is expected to occur (Table 1) [31]. The tripod with mounted sensor wiring was
carried between the plots and set 1.5 m within rows for measurement (Figure 1b). The exact
data for plant height were collected for three experiments DTir, DTrf and SDTrf with 3 m
long ruler, and no connection was observed between multispectral reads and plant height
(correlations < 0.3). The mean height was 214.9 cm, with standard deviation of 6.05 cm.

Figure 1. Schematic representation of measurement process. (a) shows diurnal temperatures (°C),
vapor pressure deficit (hPa) and daily precipitation (mm/m?) for July 2021. Gray boxes show
measurement times, and the red box shows external validation set measurement time. (b) shows the
position of tripod mounted sensor in plant stands, and (c) is a tripod mounted sensor wiring used to
carry out the measurements. In (c), left image represents the tripod-mounted unit, in the middle is a
close-up of wiring and a printed mount, while the right image shows AMS AS7263 sensor unit on a
breakout board.

All 545 plots (Table 1) were assessed for four times with a sensor and labeled by a
maize breeder for leaf rolling, two times during the morning and two times in the solar
noon (Figure 1a) on sunny days, yielding 2180 labeled measurements and means of sensor
reads. Additionally, DTir, DTrf and SDRtf were assessed on 22nd of July, to obtain an
external validation set for testing the robustness of the modelling approach.

Timing of measurements (Figure 1a) was chosen to capture the window of highest
maize susceptibility to drought [54], heat [55] and the combination of these two stressors.
This window covers growth stages from floral transition to early grain filling. During
the experiments, different hybrids transitioned between developmental stages; however,
the aim of this study was not to analyze genotypic responses but rather the ability of
a simple multispectral sensor to capture leaf rolling occurrence. Initial grades of leaf
rolling (samples available as Supplementary Figure S1) were taken following methodology
described in Bolafios and Edmeades [30] on scale 1 (green erect leaf blades) to 5 (rolled,
lax or dead). However, the experimental design limited appropriate account for all factors
affecting the rolling occurrence. Furthermore, as the leaf morphology affects the rolling
maximum [24], the lower grades (higher than 1) also indicate leaf rolling, whose occurrence

141



Remote Sens. 2022, 14, 2596

was of primary interest of this study. Reads were thus binary labeled with 0 for no leaf
rolling (below 15% of the plants within the plot showing leaf rolling) and 1 (more than
15% of the plants within the plot showing leaf rolling). The 15% threshold represents
the tolerable amount of secondary plants that are usually more susceptible to leaf rolling.
The images of leaf-rolled plants in the field are available as Figure S1.

2.3. Data Analysis and Model Assesment

Six raw sensor reads were used to calculate 15 unique, simple vegetation indexes (VI).
The indexes were calculated as absolute values of the quotient between differences of the
subtracted and added values of each two pairs of wavelengths (wl;._ )

wl, — wl,
wl, + wly

vii=| 1

The raw sensor reads and VIs were scaled, centered and log-transformed and the
principal component analysis (PCA) was carried out in R [56]. The raw sensor reads
and the VI values (21 original features) were tested for differences between LR+ and
LR— by the means of a Welch two-sample t-test. Prior to tests, the data were visually
assessed for normality of distribution densities. The raw data and VIs were read into
Python environment and four machine learning models were constructed. First model
was the single layer perceptron (SLP) with single fully connected layer with 128 nodes
with rectified linear unit (ReLu) activation function. The dense neural network layer
was flattened and passed through softmax function to obtain predictions. For multilayer
perceptron (MLP), another hidden layer was added with 32 fully connected nodes prior to
flattening. Convolutional neural network (CNN) was setup with single 1D convolution
layer of length 64, followed by two hidden fully connected layers with 48 and 24 nodes
before flattening and passing to the softmax function (Figure 2). These three models were
setup in TensorFlow library with training in 100 epochs with batch size of 16. Additionally,
a support vector machine (SVM) model was built with scikit-learn module svm with linear
kernel and penalty of the error term (C) set to 1. Three procedures of model validation
were followed using calibration (1 = 2180) and external (n = 145) labeled datasets:

1.  Stratified 5-fold cross-validation with 85% (1853) of the 2180 records;

2. Validation based on a 15% random subset (327) of the 2180 records with random seed
number 109;

3. Validation with an external validation set consisting of 145 separate records.

To ensure reproducibility of the results, the same subsets were used to validate
each model.

The model performance was assessed by model accuracy and its standard deviation
across folds in cross-validation, and by measuring accuracy, precision and recall in random-
subset validation and validation with external dataset. The breeder’s classifications at solar
noon (explained above) to LR— and LR+ were used as ground truth in model evaluation
metrics. The performance indicators were calculated as:

TN+ TP .. TP TP
A =——, P =——, R = 2
ccuracy . , Precision TP+ P’ ecall TP+ EN 2)
where TN is number of true negatives, TP is number of true positives, FP is a number of
false positives, FN is number of false negatives and # is a number of relevant samples.
Furthermore, F1 score was calculated as

Precision x Recall
Fl=2x Precision + Recall ©)

F1 score represents a harmonic mean between the ability of a model to classify true
positives among all positively labeled examples (precision) and the fraction of examples
classified as positives among all positive plots (recall).
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The CPU time was assessed on an Intel® i7 9750H 6-core, 12-thread processor with
12 MB internal cache memory. Full notebook with Python code is available from the
corresponding author upon request.

(48%1)x2180
1x52,320

(64x1)x2180 (24x1)x2180

Predictions

Softmax

1D convolutional Fully connected Fully connected .
layer hidden node hidden node Flattening layer

Figure 2. Schematic representation of the convolutional neural network (CNN) with single convolu-
tion layer, 2 hidden fully connected nodes, flattening layer and a softmax function.

3. Results
3.1. Changes in Multispectral Sensor Reads in Leaf Rolling Conditions

All measurements in the calibration set were carried out during the extremely dry
conditions (Figure S2) and high temperature and VPD (Figure 1a). Conditions changed
to very wet when the external validation set was assessed, leading to a low number (7) of
plots showing leaf rolling. The analysis of original features showed recognizable patterns
of increase/decrease in both calibration (1 = 2180) and external (1 = 145) datasets showing
no leaf rolling (LR—) and leaf rolling (LR+, Table 2). High standard deviations of raw
wavelengths indicate the changes in light quality. However, the deviations decreased in VI
values reflecting the normalization of the data. Interestingly, all VI values decreased in the
LR+ in both datasets except V1680610 which increased slightly in LR+. According to the two-
sample t-test, all differences between LR— and LR+ were significant in the calibration set
in both original features and Vis. In the external set, significant differences were observed
only in reads at 610 and 680 nm among original features. In VIs, a lack of significant
differences was observed among all indexes with reads at 730 nm as denominator, and 860
as numerator.

Principal component analysis (Figure 3) showed diverse and substantial correlations
between original variables and their projections (PCs), seen as red arrows, e.g., eigenvectors.
Full list of loading weights is available online as Table S1. First three principal components
explained 74.0% of total variability in the dataset, separate PCs explaining 43.2, 19.0 and
11.8%, respectively. Principal component analysis confirmed patterns from Table 2, render-
ing two partially overlapping, but separable groups of wavelength changes in leaf rolling
conditions in three latent variables. Despite the overlap in part of the responses in lower-
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dimensional hyperplane (3 PCs), the ability of PCA to capture 74% of variance between
groups in only three components with spread in eigenvectors indicates high information
density in a small number of underlying features.
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Figure 3. Principal component analysis of the multispectral sensor reads and the corresponding
normalized difference vegetation indexes. (a) shows principal components 1 and 2, and principal
components 1 and 3 are shown in (b). Arrows represent eigenvectors of the variables (Table S1) and
ellipses represent 95% confidence intervals for each group based on Gaussian distribution.

Table 2. Raw sensor output at six wavelengths and 15 values of normalized difference vegetation
indexes (VI) calculated from unique combinations of six wavelengths expressed as a mean =+ standard
deviation for maize plots showing leaf rolling (LR+) and no leaf rolling (LR—) in calibration (1 = 2180)
and external (n = 144) datasets measured by a multispectral sensor. Column p denotes significance
according to two-sample t-test at values of « < 0.05 (*), <0.01 (**) and <0.001 (***). p values of
differences >0.05 are denoted as non-significant (n.s.).

E Calibration Set (1 = 2180) External Set (n = 144)
eature LR- (0) LR+ (1) p LR- (0) LR+ (1) p
n 1631 549 139 7
610 3309 + 1974 5769 + 1971 HEx 4131 £ 1239 8047 =+ 2398 **
680 3207 £ 2010 6459 =+ 2151 . 3886 + 991 7220 £ 2118 >
730 7916 + 4211 10,721 + 3514 o 12,097 + 3171 12,927 +4985 n.s.
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Table 2. Cont.

Calibration Set (1 = 2180)

External Set (n = 144)

Feature — ) LR+ (1) p —©) LR+ (1) p
n 1631 549 139 7
760 12,809 £5873 15143 £4967  ***  19996+5037 18570 £5429 n.s
810 14895+ 6610 16900 4+5552  *** 22564 +5671 19,548 5309 n.s
860 14,831 +6418 17208 £5139  **  22762+6197 20578 +£499%6 n.s
VI680610  0.082 +0.069 010940082  ** 010140081 0147 +0.107 ns
VIZ30610 041740107 0299 +0.094  ** 0489 +£0091  0218+0075 **
VIZ60610  0.6+0107  0445+0102  ** 0651 £0095 039540048  *
VIS10610  0.647 +0.096 0488 +0.097  ** 0683 +£0093 041840065 ***
VIS60610  0.645 0101  0497+0.099  ** 06840109  044+0095
VI730680  0.431+£013 024940126  **  0508+0089  0253+0215  *
VIZ60680 0.611+0.116 0397 +£0.132  **  0.67+0062 04264015  *
VIS10680  0.656+0.11 04440139  ** 0699 +0072  045+0.138  **
VIS60680  0.657 +0.104 045240121  ** 0699 +0.078 0474 +0.125  **
VIZ60730  025+0.079 017340059  **  0245+£008  0193+0.075 ns
VIS10730  032+0.099  0225+0088  **  0299+0113 0219+0102 ns
VIS60730 0318 +0.128 0236 +0.104  **  0301+£0134 024640141 ns
VIS10760  0.088 £0.06  0.069+0.049  ** 00830057 004140022 **
VIS60760 010240073  0.086+0.063  ** 0093 +0074  0087+0052 ns.
VIS60810  0.057 +0.043  0053+0037  * 00540037  0047+0032 ns.

Calculation of different normalized vegetation indices represents a convenient mean of
auto-normalization of the raw sensor reads. The 15 normalized vegetation indices (termed
VI) assessed in this study (Table 2) showed significant variability between leaf rolling and
plots without leaf rolling. Interestingly, between wavelengths from the red spectra (610 and
680 nm), lower difference was observed between LR— and LR+ (Figure 4). The same
pattern was observed in VIs assessing wavelengths > 700 nm. The largest differences
between LR— and LR+ reads were observed in VIs combining wavelengths > 760 nm and

<700 nm.
0.70 0.25
0.60 ceeee LR (0)
; :. ... :. ... LR+ (1) 0.20 &
0.50 . — .' Difference c=pa
o . t 0.15 o
P \ 3
:’: 0.40 3 ®
< 1 0.10 $
S 0.30 : >
3 0.05 =
0.20 Y
0.10 a0
0.00 -0.05
B D S S S D S S O o0 o O
QQ) K N K N K N K N Q‘b‘b Q‘-o‘b (o‘b Q)‘b ,\’b ,\“.) ,\‘b /\ /\CO N
S ECE L E € FEE L E Q’fb@
FLPEFFFEFEFEFELSES

Figure 4. Plot of different normalized difference vegetation indices (VI) in arbitrary units (A.U.)
between plots showing leaf rolling (LR+) and plots without leaf rolling (LR—) and their respective
differences. Standard deviations of the VIs are.
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3.2. Assesment Different of Machine Learning Algorithms for Prediction of Leaf Rolling

In stratified 5-fold cross-validation, considerable variability was detected between
the performance of different models. Highest prediction accuracy with lowest standard
deviation was observed for SLP, followed by CNN, SVM and MLP, respectively (Table 3).
Highest precision in cross-validation was observed for SVM, accompanied by second-
highest standard deviation between folds. Recall was the highest for SLP, followed by
CNN. The highest F1 was observed for CNN. The compute times increased with model
complexity in the order SLP < MLP < CNN < SVM. However, when attempting to generalize
the results of the calibrated models with the random 15% subset, the prediction accuracies
changed. The SLP was shown to be the least accurate model, however, with high recall.
According to the precision metrics, the model aimed at target many times (many false
positives) which was followed by many hits. Such results indicate overfitting in the model
architecture possibly caused by many nodes (128) and only a single layer. Briefly, the model
was able to extract features linked to leaf rolling in a stratified set, but when attempting to
generalize an unrelated dataset, the performance metrics dramatically decreased.

Table 3. Results of two validation procedures for single and multilayer perceptron (SLP and MLP),
convolutional neural network (CNN) and support vector machines (SVM) with calibration dataset (n
= 2180). Number in brackets for stratified 5-fold cross-validation represents standard deviation of
accuracy across folds.

Validation No. . . CPU

Model Procedure Observations Accuracy Precision Recall F1 Time (s)
SLP 83.76 (2.29) 69.67 (8.26) 66.52 (5.72) 65.3 (3.02) 38.6
MLP 5-fold 1853/2180 81.27 (1.75) 64.42 (4.52) 63.91 (10.44) 61.13 (5.50) 49.8
CNN cross-validation 83.49 (2.53) 68.88 (6.14) 64.13 (8.10) 64.55 (4.82) 94.0
SVM 82.68 (1.14) 70.85 (8.01) 53.91 (7.44) 60.52 (3.50) 469.0
SLP 58.41 39.46 98.88 56.41 10.0
MLP 86.54 74.19 77.53 75.82 12.6
CNN Random subset 327/2180 87.77 75.26 82.02 78.49 24.0
SVM 88.69 84.21 71.91 77.58 136.0

Support vector machines model showed highest accuracy, but according to the high
precision and lowest recall, it was the most conservative model, yielding a low number
of false positives. High accuracy and generalization ability of this model is in accordance
with results of PCA (Figure 3) and ability of simple dimension reduction (L2 norm in SVC
linear kernel) to facilitate efficient feature extraction.

Contrarily, MLP and CNN showed fewer conservative values of precision with sec-
ond highest accuracy (CNN) and 9.04% lower precision compared to SVM. Multilayer
perceptron and CNN showed good generalization ability due to the added layers that
mitigated the overfitting found for SLP. The best overall performance was captured by
SVM and CNN, with higher accuracy and precision in SVM and higher recall in CNN. This
was also confirmed by the highest values of harmonic mean accuracy of the model (F1)
which was the highest for CNN, followed by SVM. Overall, compute times for the random
subset training and predictions were significantly shorter (10 s to 136 s) compared to the
cross-validation procedure.

The performance from validation procedures was mostly in alignment with the test
using an external validation dataset. Due to the abundant rain between measurements of
calibration and external datasets (Figure 1), there were only seven plots with detectable leaf
rolling in the external dataset (Table 2), four of which were detected in SDTrf with sandy
loam (not shown). However, this represented an appropriate test of the model robustness,
due to the changes in many aspects of plant vitality. Single-layer perceptron maintained
poor generalization ability, although with all seven LR+ plots properly classified (Figure 5a).
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Figure 5. Performance of single and multilayer perceptron (a,b), convolutional neural network (c) and

support vector machine (d) calibrated models with external dataset. Quadrants from left to right, top
to bottom represent true negatives, false positives, false negatives and true positives.

As in the validation with the random subset, this validation was also followed by a
high number of false positives reducing the F1 value to only 14.1 percent (Figure 6) caused
by very low precision (7.6%). High number of good classifications (7/7) followed by a
relatively conservative number of false positives and no true negatives in MLP (Figure 5b)
rewarded the highest F1 score of 77.7% in the external set validation (Figure 6). Marginally
lower F1 scores were obtained for CNN and SVM (both 76.9%), which were caused by the
inability of the models to correctly classify all seven LR+ plots.
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Figure 6. Performance metrics of four tested models: single and multilayer perceptron (SLP and
MLP), convolutional neural network (CNN) and support vector machines (SVM) in external dataset.
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4. Discussion

Phenotyping for drought responses in real time represents a new frontier for crop
breeding and precision agriculture [57]; however, the advancements in this field are lim-
ited by the high costs of measurement equipment such as unmanned aerial vehicles and
hyperspectral cameras. This implies the need for new low-cost proximal or remote sensing
solutions, efficiently assessing plant physiological status in real time. Hot and dry condi-
tions during the phenotyping procedure of our study (Figure 1a and Figure S2) in a large
number of maize hybrids allowed us to robustly assess a large number of experimental
plots with a prototype of multispectral proximal sensing node intended for use in the
Internet of Things (IoT) applications. The sensor was used to assess leaf rolling, a trait that
was shown to be involved in adaptation to drought and heat conditions [22]. There are
various methods for the assessment of leaf rolling [23,29,31,58] and it is well known that
different hybrids show different levels of leaf folding, especially given the varying water
availability and temperature changes. However, the aim of our work was to assess if the leaf
rolling occurrence, despite the varying levels of phenotypic expression, could be spotted or
predicted based only on basic reads of spectral responses in red and near-infrared parts of
electromagnetic spectra.

At the onset of leaf rolling, many physiological changes take place, such as reduction in
photosynthetic activity [59] and changes in metabolic genetic regulatory mechanisms [60].
The reduction in photosynthetic activity should be mostly visible at wavelengths between
710 and 740 nm capturing fluorescence overlap of both photosystem I and II, and 685 nm
representing a peak of fluorescence of photosystem II [61] which is within the spectral
peaks captured by 680 and 730 nm diodes (according to 20 nm full width at half-maximum)
in our study. This was corroborated by the reduction in VIs assessing 680 and 730 nm
wavelengths (Table 2, Figure 4).

Stress adaptation, such as the reduction in photochemical activity, also involves translo-
cation of the biochemicals [32]. Additionally, in responses such as leaf rolling, the previously
unexposed plant parts become intercepted by sunlight, such as abaxial parts of leaves,
having the different pigment mixtures compared to adaxial parts [62]. The reflectance
between 700 nm and 980 nm, where the spectral responses of the brown pigments are
located, along with chlorophyll fluorescence signals might provide the insight in plant
biochemistry, and consequently, physiological status [63]. The exposure of plant abaxial
surfaces to sunlight reveals red-brown pigments due to the water deficit [64], thus changing
the leaf optical properties [65]. According to the results presented in Weber et al. [66],
combined water stress and heat stress, as in our study (Figure 1 and Figure S2), are ex-
pected to produce the most visible response in leaf reflectance at wavelengths near the
reflectance of brown pigments. This was also confirmed in our results, where the difference
between LR— and LR+ increased in indices combining wavelengths > 700 nm and <700 nm
(Figure 4). Among these indices is also the commonly used NDVI combining reflectance
at approximately 680 and 770 nm [67]. Normalized vegetation indices are traditionally
used to assess the vegetation cover from satellite imagery [34], but the advancement of
analytic solutions allows their deployment for analysis of a wide range of quantitative and
qualitative traits. However, one must note that the usage of multispectral sensor reads also
bears the risk of reduced repeatability of the results due to the deviations of atmospheric
and sensor effects [68], so the use of Vls is advised, such as Vis in this study.

Due to the rapidly changing climate [69], there is strong pressure on developing new
proximal and remote, data-rich high-throughput plant phenotyping solutions, rectified by
the lack of manpower and the increased demand for high-quality data [70]. The UAV and
phenopole (phenotyping pole) solutions yield similar insight and information density of
the reads, however, with more throughput in UAV solutions [71], but more temporal infor-
mation with phenopoles, facilitating the monitoring of the trait onset dynamics. The sensor
node used in our study aims to provide the low-cost solution to this problem, so that the
increased density of the sensing nodes, providing the better sampling, could compensate
for UAV’s higher throughput, at a lower cost. Furthermore, given the application of our
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sensor in the envisioned IoT framework, the simultaneous, real-time data collection could
provide higher information density compared to UAV, without the need for human inter-
vention [72]. Combining such developments with machine learning methodology should
converge to provide new layers of information in plant monitoring paradigm for transition
to Agriculture 4.0 [73]. Modelling complex data with unknown hidden features can be
efficiently carried out using ML methodology to explain considerable amounts of variance
in agricultural production deviations [74]; however, the interpretability of the models is
low and despite their high accuracy, they are unable to surrogate the science.

In our study, only marginal differences were observed between MLP, CNN showing
good generalization ability due to the added layers that mitigated the overfitting found for
SLP. In stratified cross-validation, SLP showed the highest F1 score, followed by the CNN.
However, the severe drop in accuracy of SLP in un-stratified datasets can be viewed from
the perspective of poor generalization abilities of the networks having a small number of
layers with an excessive number of neurons [75], which is apparently the case with SLP
presented in our study. Thus, the model was able to extract features linked to leaf rolling in
a stratified set, but when attempting to generalize an unrelated dataset, the performance
metrics dramatically decreased.

Study on plant Bromus inermis using hyperspectral indices and three ML algorithms,
CNN, SVM and random forest, showed feasibility of drought classification in ML frame-
work with the highest prediction accuracies observed for SVM [32]. In our study, SVM
also showed the highest overall prediction accuracy in random subset validation. This is
also corroborated by the results of PCA (Figure 3) and the ability of a simple dimension
reduction technique such as Tikhonov regularization [76] (L2 norm in SVC linear kernel) to
facilitate efficient feature extraction.

All models, except SLP, in our study performed well on the given dataset, and the
observed differences were not discriminatory. Studies assessing vegetation classifications
by the use of hyperspectral imagery with SVM, artificial neural networks and CNN by
Hassan et al. [77,78], demonstrating very high classification accuracies reported similar
conclusions. The added value in our research can be seen in the analysis of performance
in tabular data using additional, unrelated validation dataset (Figures 5 and 6). It was
shown that CNN and SVM yielded more conservative, similar performance metrics, while
MLP showed the best overall performance, but with only a 1% increase in F1 score. On
the other hand, the limitations of our study can be seen from two perspectives. As an
early report, our dataset was only created in a single stage of plant development over a
limited number of climatological scenarios [79], so further efforts with increased spatial and
temporal resolution are needed. Additionally, the deep learning models represent a good
way to cope with many types of data taking many conformations in multidimensional
hyperplanes, however, with limited interpretability. Further assessment should thus
include other ML models such as decision trees retaining more information on the effects
of predictor variables.

The usability of ML was also demonstrated at many levels of agricultural production,
by using multi/hyperspectral reads and imagery and climatological data, such as disease
detection [41,48,80-83], nutrient deficiency assessment [84,85], stress detection [86-88]
and in-season predictions of agronomic performance in maize [89,90], sorghum [91], soy-
bean [92], wheat [93-95] and cocoa [96]. Corroborating these new avenues in agricultural
sciences with the constant involvement of large companies in the development of new
learning ML algorithms, and the optimization of the existing ones, Python open-source
libraries Tensorflow [97] created and maintained by Google and Pytorch [98] created and
maintained by Facebook, makes the future uses of ML incomprehensible.

5. Conclusions

This study demonstrated the ability of machine learning algorithms to use simple
multispectral reads for efficient classification of maize leaf rolling. It was shown that
there is variability between ML algorithms in terms of performance metrics, but also,
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computing times. There is a growing need for increased spatiotemporal resolution of
plant monitoring with affordable remote sensing solutions, especially in the context of the
Internet of Things (IoT). It was demonstrated that ML algorithms can efficiently extract
information from multispectral reads and predict plant states such as leaf rolling. Since
the envisioned use of the demonstrated sensor is an IoT framework, the inclination is
towards less computationally intensive ML algorithms, without sacrificing performance.
Thus, the use of MLP might represent the best overall option. Increasing the information
density and using smart solutions for decision support in agriculture could facilitate the
transition to the Agriculture 4.0 empowered by the nexus between food production and
machine learning. Further research should test the framework in multiple topographies and
water /nutrient availability scenarios to tackle the abilities of simple and affordable sensing
solutions in the dissection of biological systems showing the highest order of complexity.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/rs14112596/s1, Figure S1. (a) Maize plot showing no leaf rolling
(LR—) and a plot with leaf rolling (b); Figure S2. Precipitation during the months of June and July
2021 with 50-year average-based percentiles of dry and wet conditions for Osijek. Gray boxes show
measurement times, and the red box shows external validation set measurement time; Figure S3.
Learning rates of neural network algorithms from 85% random subset training procedure; Table S1:
loading weights of the first three principal components
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Abstract: Plant functional traits at the community level (plant community traits hereafter) are com-
monly used in trait-based ecology for the study of vegetation—environment relationships. Previous
studies have shown that a variety of plant functional traits at the species or community level can be
successfully retrieved by airborne or spaceborne imaging spectrometer in homogeneous, species-poor
ecosystems. However, findings from these studies may not apply to heterogeneous, species-rich
ecosystems. Here, we aim to determine whether unmanned aerial vehicle (UAV)-based hyperspectral
imaging could adequately estimate plant community traits in a species-rich alpine meadow ecosystem
on the Qinghai-Tibet Plateau. To achieve this, we compared the performance of four non-parametric
regression models, i.e., partial least square regression (PLSR), the generic algorithm integrated with
the PLSR (GA-PLSR), random forest (RF) and extreme gradient boosting (XGBoost) for the retrieval of
10 plant community traits using visible and near-infrared (450-950 nm) UAV hyperspectral imaging.
Our results show that chlorophyll a, chlorophyll b, carotenoid content, starch content, specific leaf
area and leaf thickness were estimated with good accuracies, with the highest R? values between
0.64 (NRMSE = 0.16) and 0.83 (nRMSE = 0.11). Meanwhile, the estimation accuracies for nitrogen
content, phosphorus content, plant height and leaf dry matter content were relatively low, with the
highest R? varying from 0.3 (nRMSE = 0.24) to 0.54 (nRMSE = 0.20). Among the four tested algorithms,
the GA-PLSR produced the highest accuracy, followed by PLSR and XGBoost, and RF showed the
poorest performance. Overall, our study demonstrates that UAV-based visible and near-infrared
hyperspectral imaging has the potential to accurately estimate multiple plant community traits for
the natural grassland ecosystem at a fine scale.

Keywords: community weighted means; natural grassland ecosystem; Qinghai-Tibet Plateau;

remote sensing

1. Introduction

Plant functional traits may directly or indirectly affect plant fitness by influencing
individuals” growth, reproduction and survival [1]. They reflect the morphological, physio-
logical or phenological responses of species to the environment and serve as proxies for life
strategies [2—4]. However, plant species primarily represent and survive as part of a plant
community instead of as separate species or individuals. Therefore, the variation in traits
among species cannot represent the characteristics of plant communities or vegetation, nor
the ecological processes at the ecosystem level [5,6].
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Plant communities are composed of sets of species with various abundances and main-
tain a dynamic balance through interactions between species [7]. Therefore, plant functional
traits at the community level (plant community traits hereafter) include information not
only on plant functional traits but also on species composition. Plant community traits
offer a trait-based approach to address several key questions related to plant community
assembling and productivity regulation [8,9] and will assist in exploring how vegetation
responds to climate change [10].

The community-weighted mean (CWM) trait, which aggregates plant functional traits
at the community level using the weighted-mean approach, is a commonly used indicator
for the study of vegetation—environment relationships [7]. The CWM trait is typically
calculated as the mean of plant functional trait values at the species level weighted by the
relative abundance of taxa [5]. However, measuring CWM traits through field surveys is
time-consuming and labour-intensive, while using trait data from published databases
is hindered by differences in sampling and measurement criteria and usually ignores
intraspecific variation of traits [11]. Moreover, functional traits derived from discrete sites
could hardly reflect the continuous spatial change in vegetation characteristics [12]. Hence,
an alternative approach to collecting trait information at the community level covering
variations within and between species is of great significance [13].

Remote sensing has the potential to provide a spatially continuous representation of
plant functional traits and intraspecific variations [14,15]. Previous studies have shown that
a variety of plant functional traits at the species or community level in forest ecosystems
can be successfully retrieved by airborne or spaceborne imaging spectrometer [16,17]. As
to grassland ecosystems, although a few studies have attempted to quantify trait variations
at the community level, they are either limited to a relatively homogeneous condition with
few co-existing species [18], dependent on a well-managed experimental platform and
observed datasets [19] or focus only on limited plant traits [20]. The conclusions drawn
from these studies may not apply to heterogeneous and species-rich grasslands in natural
conditions [21].

The unmanned aerial vehicle (UAV) platform can be operated flexibly according
to weather and field conditions, so it has become increasingly used in ecological re-
search [22,23]. UAV-based imaging spectroscopy is a relatively new remote sensing tech-
nology with significant benefits for high-resolution remote sensing applications, making
it possible to study trait variations at the community level at a fine scale [24]. Moreover,
UAV-based imaging spectroscopy could offer a link between field investigation and satellite
observation, which may support the estimation of plant functional traits at the community
level on a broader spatial scale [25]. However, despite the potential of UAV-based imaging
spectroscopy, little research has been performed on the estimation of plant community
traits directly from UAV hyperspectral imagery, particularly in heterogeneous natural
grasslands. Thus, in this paper, we aim to determine whether UAV-based hyperspectral
imaging could adequately estimate plant community traits in a species-rich alpine meadow.
Specifically, we set out to assess the performance of four non-parametric regression models
for retrieving 10 plant community traits from visible and near-infrared (450-950 nm) UAV
hyperspectral imagery.

2. Materials and Methods
2.1. Study Area

Our study is within a river basin located in the northeastern Qinghai- Tibet Plateau in
Qinghai Province, China. The basin covers an area of approximately 244.8 km? with an
average elevation of 3385 m.a.s.1. (Figure 1). This area is characterised by a continental mon-
soon climate with a mean annual temperature of -1.1 °C and a mean annual precipitation
of 485 mm. Around 80% of the precipitation falls in the growing season from mid-April
to mid-October. The dominant vegetation communities are alpine meadows and alpine
shrubs. These communities are very rich in plant species, ranging from 30 to 50 per square
meter [26].
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Figure 1. (A) Location of the study area on the Qinghai-Tibet Plateau; (B) photo of the study area;
(C) study area with the location of used UAV flight sites; and (D) sampling design for each site in
which the red boxes denote the three 2 m x 2 m sampling plots, and the green (25 cm x 25 cm),
blue (50 cm x 50 cm) and purple (1 m X 1 m) boxes denote the quadrats for biomass harvesting,
UAV spectra extraction and species survey, respectively, in each plot. Aboveground biomass in the
subplots 1, 2 and 3; 2, 3 and 4; and 1, 3 and 4 for plots 1, 2 and 3, respectively, were harvested after
the spectral measurements.

2.2. Hyperspectral Data Collection and Pre-Processing

In this study, we determined 20 survey sites according to the altitude gradients, with
the altitude ranging from 3040 to 3450 m. Each survey site was 100 m x 60 m in size. UAV
flight campaigns were conducted between 10 and 26 August 2021 during the growing
season of the meadow. At each survey site, we collected the hyperspectral data by a Cubert
UHD185 Firefly spectrometer (UHD185) equipped on a hexacopter UAV (DJI M600 PRO).
DJI M600 PRO was equipped with the A3 Pro flight controller including three Inertial
Measurement Units (IMU) and three Global Navigation Satellite System (GNSS) units. The
UHD185 comprises 125 spectral channels and spans the spectral range from 450 to 950 nm
at a 4-nm sampling interval, and the spectral resolution is 8 nm. One panchromatic band
and 125 hyperspectral bands were simultaneously recorded into the UHD185 during the
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flight. Before each flight, we calibrated the UHD185 spectrometer using a white reference
panel and a black plastic lens cap. Three 1.2 m x 1.2 m standard reference panels (with
approximately 10%, 50% and 80% reflectance, respectively) were set up in the flight area
for the follow-up relative normalisation [27]. To minimize the atmospheric perturbations
and BRDF effects, we conducted all these flight campaigns between 11:00 and 15:00 local
time on clear sunny days. The flight speed was 4.8 m/s at a flight altitude of 40 m above
ground level. The UAV survey was designed to acquire 70% forward overlap and 60% side
overlap. The average size of the UAV stripes was 17 m x 100 m. The spatial resolution
was about 0.02 m for the panchromatic image and about 0.3 m for the hyperspectral image.
The collected hyperspectral images were first fused with the corresponding panchromatic
images using Cube-Pilot software (Cubert GmbH, Ulm, Germany). The entire hyperspectral
image of each site was then mosaicked from the fusing images using Agisoft PhotoScan
(Agisoft, St. Petersburg, Russia). As a result, 14 out of 20 mosaiced UAV hyperspectral
images were retained after eliminating blurring images caused by sudden strong turbulence
over the plateau.

We extracted the field spectra of three standard reference panels from each panel’s
centred pixels from the hyperspectral image. In addition, the reference reflectance of
each panel was measured from a laboratory-integrating sphere using the full range of
Analytical Spectral Devices (ASD-FR). Based on the field spectra and reference spectra
of these panels, images of different study sites were calibrated using an empirical line
method [24,27,28]. All images were smoothed by the Savitzky—-Golay filter with a factor of
5 to remove high-frequency noise (Figure S1).

We used a 25 x 25 pixel (around 50 cm x 50 cm in size) window at four corners of
the 2 m x 2 m plot to extract spectra from each plot (Figure 1). Image processing was
performed with ENVI 5.3 (Exelis Visual Information Solutions, Boulder, CS, USA).

2.3. Field Data Collection

The field samples were collected on the same day as the UAV flight campaign, i.e., be-
tween 10 and 26 August 2021. At each survey site, we randomly set three 2 m x 2 m plots
ina 100 m x 60 m range (Figure 1). The distance between any two plots was at least 15 m.
We investigated the 1 m X 1 m area in the centre of each plot for species composition and
species-wise coverage. To do so, we divided the 1 m? quadrat into a grid of 100 squares each
representing 1% cover and then estimate the percentage cover occupied by each species in
the quadrat. We marked each plot in its centre for identification in images. In this research,
we sampled species that accounted for the accumulative coverage of over 80% of the entire
plot in each plot.

We collected 20 fully mature leaves of each sampled species at three vertical canopy
positions along the plant stem: lower (1 = 6), middle (n = 6) and upper (n = 8). We mixed
the sampled leaves of each species and divided them into two equal subsamples. One
subsample was quickly stored in liquid nitrogen for physiological trait measurement, and
the other subsample was wrapped in wet tissue and stored in an icebox for structural trait
measurement. For each sampled species, we randomly selected 5-10 mature and healthy
individuals for the plant height measurement and calculated the average. In each plot, four
25 cm x 25 ¢cm subplots at corners were clockwise numbered with the southern corner
ranked 1 (Figure 1). Aboveground biomass in the subplots 1, 2 and 3; 2, 3 and 4; and 1,
3 and 4 of plots 1, 2 and 3, respectively, were harvested after the spectral measurements.
In total, 40 out of 60 investigated plots were considered in this study (Figure 2). The
relative coverage of each species in each plot was calculated based on these sampled
species according to the following formula:

re; = (Cz)/ ZC] (1)
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where rc; represents the relative coverage of the ith species in a given plot, C; is the coverage
of the ith species, C; is that of the jth species in the plot, and 7 is the total number of all
species in the plot.
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Figure 2. The sampled species composition and relative coverage in the 1 m x 1 m area (correspond-
ing to the purple boxes in Figure 1D) in each plot used in this study.

2.4. Foliar Trait Measurements and Plant Community Trait Calculation

In this study, we measured six biochemical traits including chlorophyll a content,
chlorophyll b content, carotenoid content, nitrogen content, phosphorus content and starch
content as well as four structural traits including plant height, leaf thickness, leaf dry matter
content and specific leaf area (Table S1).

We measured chlorophyll a and b and carotenoid contents, as well as all structural
traits, with the community weighted means approach. We determined chlorophyll a
and b and carotenoid contents with a UV /VIS Spectrophotometer (UV-1800PC, Shanghai
Mapada Instruments Co., Ltd., Shanghai, China). Except for the plant height, which was
measured during the investigation, the other structural traits, such as leaf thickness, leaf
dry matter content and specific leaf area, were measured on the same day of sampling. Leaf
thickness was measured by a micrometre, and fresh weight was measured by an analytical
balance. After leaf thickness measurement, we scanned leaves for the fresh leaf area with
a flatbed scanner and then oven-dried those leaves at 65 °C for 72 h to a constant weight
to determine the specific leaf area (fresh area/dried weight) and leaf dry matter content
(dried weight/fresh weight).

We calculated the CWM values of chlorophyll a and b and carotenoid contents, plant
height, leaf thickness, leaf dry matter content and specific leaf area according to the follow-
ing formula:

d n
i’:(ZtiXC,)/ZCi 2
i=1 i=1

where t represents a community-level functional trait, {; denotes the functional trait of ith
species, C; is the coverage of ith species, d represents the total number of sampled species
in a given plot and 7 is the total number of all species in a given plot.

In addition, we measured plant community nitrogen, phosphorus and starch contents
using mixed samples. We shredded the harvested biomass, which was oven-dried at 65 °C
for at least 72 h and homogenised it to mixed samples. The nitrogen content was analysed
using an elemental analyser (Vario MACRO Cube, Frankfurt, Germany). The phosphorus
content was measured by the molybdate—ascorbic acid method after H,SO4—H,O, diges-
tion [29]. Moreover, the starch content was measured by the anthrone colorimetric method
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using a UV / VIS Spectrophotometer (UV-1800PC, Shanghai Mapada Instruments Co., Ltd.,
Shanghai, China). Chlorophyll a, chlorophyll b and nitrogen contents were quantified in an
area-based approach [30,31]. Area-based traits (mg/cm?) were calculated according to the
following formula:

traitgreq = traityss/SLA 3)

2.5. Mapping Plant Community Traits

Here we tested four non-parametric models’ capability for the retrieval of various
community-level traits (Figure 3). The two linear models are partial least square regression
(PLSR) and the generic algorithm integrated with the PLSR (GA-PLSR). PLSR is a widely
used algorithm in hyperspectral vegetation parameters retrieval [32,33]. As a model
designed to incorporate multicollinearity problems, PLSR derives a smaller number of
latent variables from the original data [34]. In this way, PLSR can eliminate the less
informative variables but concentrate most explanatory variables on a few latent variables.
However, the “large p-small n” problem (a large number of variables but a few samples)
can still spoil the PLSR result [35]. In this condition, a variable selection pre-processing is
known to improve PLSR performance [36]. Here, we adopted GA-PLSR which allows a
band selection procedure in PLSR [37]. There are numerous studies showing GA-PLSR to
be useful in promoting PLSR model performance [38,39]. It obeys the rule of biological
evolution and natural selection to select informative features. Important features are able
to survive after multiple iterations of model fitting and feature selection procedures. We
selected random forest (RF) and extreme gradient boost (XGBoost) to evaluate nonlinear
model performance in traits estimation. The RF model is one of the popular techniques of
foliar trait prediction [40] and has been applied to map vegetation parameters at various
scales [41,42]. XGBoost is an emerging machine learning algorithm showing satisfactory
model performance in recent research [43].

Flight campaign Field data collection

UAV image preprocessing Trait measurement

|_1_I

Trait estimation using PLSR, GA-PLSR, RF, XGBoost

A 4

Model evaluation and comparison

(LOOCYV)

|

Traits mapping
(GA-PLSR)

|

Uncertainty analysis

Figure 3. Overview of the study workflow.

In total, 40 plots were used as input for the four tested models. We used the leave-
one-out-cross-validation (LOOCV) approach for model training and validation. Based
on the pls package in R [44], we determined the number of latent factors used in PLSR
for each community-level trait dataset by the predicted residual sum of squares (PRESS)
statistic [45]. The feature selection of GA-PLSR was performed by the plsVarSel package
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in R [39]. After that, the standard PLSR routine was performed to determine the latent
factors. As for the nonlinear models, we conducted a hyper-parameter optimisation process
for each trait dataset (Table S2). RF models were performed with a randomforest package
in R [46]. The number of trees (ntree, 100-1000 with the interval of 100) and the number
of variables randomly sampled as candidates at each split (mtry, 1-125) were tuned, and
each combination was replicated for 10 times to obtain the optimal parameters with the
highest correlation coefficient. The XGBoost models were performed with the xgboost
package in R [47], and the learning rate (eta, 0.1-1), maximum depth of a tree (rmax_depth,
0.1-1) and iteration rounds (nrounds, 1-100) were tuned to search for the best parameter in
combination with the highest correlation coefficient.

We selected the model with the best performance for plant community trait mapping
to visually represent plant community traits in space. Here we assessed the best model as
a model with the highest R* among all tested traits. To test whether the selected model
could be adequately applied in a species-rich meadow, we further analysed the relationship
between the predicted residuals of all plant community traits and the number of dominant
species in each plot. To display spatial patterns of traits, we chose one image covering an
area composed of a fenced meadow and a highly disturbed meadow. The location of this
image was indicated in Figure 1. Thanks to the precise spatial resolution, we excluded
non-vegetation pixels by supervised classification. The image was resampled into 50-cm
spatial resolution by the nearest-neighbour algorithm (Figure S2). The relative uncertainty
(standard deviation/mean) was calculated based on the 40 models generated from LOOCV.
Data analysis was performed with R 4.1.0 [48].

3. Results

Among the biochemical traits, chlorophyll 2 and b, carotenoid and starch contents,
showed good predictive accuracy, with the highest R? value of four models ranging from
0.64~0.83. Phosphorus and nitrogen showed R? values lower than 0.60 (Figure 4). As for the
structural traits, specific leaf area (highest R? =0.70) and leaf thickness (highest R?=0.68)
were both estimated well (Figure 4), while the estimates of plant height (R? = 0.44) and leaf
dry matter content (R? = 0.30) were relatively poor.
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Figure 4. Predicted versus observed chlorophyll a (chl_a), chlorophyll b (chl_b), carotenoid (carot),
specific leaf area (SLA), leaf thickness (LT), plant height (height), phosphorus content (P), starch
content (starch), leaf dry matter content (LDMC) and nitrogen content (N) from PLSR, GA-PLSR, RF
and XGBoost; the blue line denotes the 1:1 line, and the red areas denote the 95% confidence interval.

Among four estimation models, GA-PLSR proved more accurate, as it produced
the highest R? value and the lowest nRMSE in most of the 10 plant community traits
(Table 1). However, the other models displayed various performances in different traits.
PLSR showed good performance in most traits, such as the biochemical traits related
to photosynthesis (chlorophyll a and b and carotenoid contents) and specific leaf area.
XGBoost owned model performance comparable with GA-PLSR for carotenoid content and
plant height. However, it showed relatively low R? values for nitrogen and starch contents.
RF presented the worst predictive accuracy in most traits. Moreover, GA-PLSR had nRMSE
values all below 0.4, while the other three models produced higher nRMSE values for most
structural traits. Among the 10 traits, the model performance for leaf thickness, nitrogen
content and starch content illustrated significant differences. The R? values of different
models varied from 0.68 to 0.04.
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Table 1. Model evaluation and comparison of the coefficient of determination (R-squared) and
normalised root mean-square error (NnRMSE) on 10 plant community traits.

PLSR GA-PLSR RF XGBoost
Trait
R? nRMSE R? nRMSE R? nRMSE R? nRMSE
chlorophyll a 0.58 20.3% 0.79 10.7% 0.28 38.7% 0.51 22.0%
chlorophyll b 0.60 18.5% 0.83 10.7% 0.25 37.9% 0.39 32.0%
carotenoid 0.51 22.2% 0.64 16.0% 0.25 40.7% 0.62 15.8%
specific leaf area 0.52 15.1% 0.70 12.8% 0.26 41.3% 0.34 25.6%
leaf thickness 0.34 24.5% 0.68 13.5% 0.07 55.3% 0.20 50.0%
plant height 0.20 31.4% 0.44 25.3% 0.32 39.3% 0.40 95.7%
phosphorus content 0.31 20.7% 0.54 19.5% 0.20 40.3% 0.29 28.7%
nitrogen content 0.03 62.0% 0.50 22.3% 0.06 47 3% 0.14 44.1%
starch content 0.47 18.4% 0.68 13.5% 0.04 51.9% 0.07 37.6%
leaf dry matter content 0.05 59.8% 0.30 24.2% 0.07 74.4% 0.09 44.9%

3x1073
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Resituals of height

-3x107
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As for linear models, the model performance of PLSR increased significantly with
band selection (GA-PLSR). In addition, GA-PLSR conquered the weakness of PLSR in some
traits’ retrieval, such as nitrogen content, and yielded more satisfactory results than the two
nonlinear models. For the two nonlinear models, XGBoost showed an obvious advantage
over RF in all traits. However, the four tested models” prediction of leaf dry matter content
all below 0.4 made it the worst prediction among all 10 traits.

In addition, we analyzed the relationships between the predicted residuals of plant
community traits and the number of dominant species in each plot. It showed that there
was no statistically significant relationship (p > 0.05) between the predicted residuals of
traits and the number of species (Figure 5).
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Figure 5. Relationships between the predicted residuals of plant community traits and the number
of dominant species in each plot. Dotted lines denote non-significant relationships (p > 0.05): chl_a,
chlorophyll g; chl_b, chlorophyll b; carot, carotenoid; SLA, specific leaf area; LT, leaf thickness; height,
plant height; P, phosphorus content; N, nitrogen content; starch, starch content; LDMC, leaf dry
matter content.

Based on these results, we mapped spatial patterns of all tested traits, applying the GA-
PLSR, as it exhibited stability and outperformed all models, to map traits (Figure 6). Our
results showed that biochemical traits displayed more homogeneous distributions while
structural traits, especially for plant height, had obvious spatial patterns. We calculated
uncertainties from the predicted maps (Figure S3). For all traits, most uncertainty values
were near zero.
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Figure 6. Spatial patterns of plant community traits mapped using GA-PLSR and the frequency
distribution of pixel values. The location of this image was indicated in Figure 1. This image covers
plot 32, plot 33 and plot 34 in Figure 2.

164



Remote Sens. 2022, 14, 3399

4. Discussion

In this study, we predicted 10 significant plant community traits from the near-ground
UAV-based hyperspectral image in a highly heterogeneous grassland with high species
richness, with 9 traits producing moderate to good accuracies. Among all tested traits,
chlorophyll 2 and b contents, carotenoid content, specific leaf area, leaf thickness and starch
content could generate a predictive accuracy comparable to that of previous studies with
R? values greater than 0.60 [19].

The retrieval of plant height, phosphorus content and nitrogen content produced mod-
erate predictive accuracy with R? values varying from 0.44 to 0.54. This may be because
the nonpigmented compounds of foliage and structure correlation intervals were mostly
at longer wavelengths, while the detectable weak correlation could even be influenced by
strong absorption of water content in fresh leaves [49,50]. Nevertheless, the R? values of
nitrogen and phosphorus content are comparable to other research in grasslands [18,19,51].
Similarly, all our tested models of leaf dry matter content produced poor predictive accu-
racies in this study, probably because leaf dry matter content reflected leaf water content.
The distinct effect of foliar liquid water was at 1450 and 1950 nm, which was out of the
available spectra range in this study [50]. This result suggested the relatively limited
capacity of visible and near-infrared spectra in the retrieval of certain traits, which should
be considered in future studies.

In this study, we tested four non-parametric models, including two linear models
and two nonlinear models, in the direct retrieval of multiple traits. The results suggested
that the predictive accuracy of some traits might be influenced to some extent by the
choice of models. For example, an obvious increase of R? was observed in starch content
and leaf thickness when the linear model was applied. In contrast, a few traits yielded
relatively consistent predictive accuracies across four models, such as plant height and
carotenoid content.

As to the linear models, PLSR produced comparative average performance among all
models but failed in some traits, such as nitrogen and leaf dry matter content. The better
performance of GA-PLSR was consistent with some previous studies which confirmed the
effects of feature selection in PLSR [52]. On the one hand, these significant improvements
in model performance may because of the “large p—small n” problem. Since PLSR will
make better use of all given features than nonlinear models, redundant variables may
obscure truly usable bands [39]. As a result, PLSR with relatively limited training samples
cannot handle hundreds of correlated bands well [53]. On the other hand, environmental
and instrumental noise was inevitably mixed with spectral data, which may weaken the
predictive accuracy.

We found that the performance of GA-PLSR was not sensitive to species richness,
indicating its robustness in extracting information of functional traits based on the UAV
hyperspectral imaging in a fine resolution. Therefore, GA-PLSR model could adequately
estimate various plant community traits in species-rich alpine meadows.

Between two nonlinear models, XGBoost reported considerable advantages in predic-
tive accuracy over RF. This result was consistent with recently published studies [43,54].
As XGBoost is effective in high-dimension data analysis, it is becoming a reliable method in
vegetation parameter modelling using UAV-based hyperspectral data [52]. This may also
provide a new option when conducting similar research facing nonlinear model selection.

Overall, GA-PLSR, the PLSR model using the GA feature selection approach, outper-
formed the other candidates for all tested traits in this research. The trade-off between
complexity reduction and information preservation is a great challenge in hyperspectral
data analysis. GA-PLSR can deal with estimations of various traits from canopy spectra
with relatively satisfactory predictive accuracies. Maps generated from GA-PLSR depicted
various patterns at the local level that could not be achieved only by site investigation.
Meanwhile, the PLSR model combined with feature selection could serve as an option for
researchers facing the “large p—small n” problem.
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5. Conclusions

In this study, we investigated whether UAV-based hyperspectral imaging could be
used to estimate 10 different plant functional traits at the community level in a species-rich
alpine meadow ecosystem on the Qinghai-Tibet Plateau. In addition, we compared the per-
formance of four non-parametric regression models, i.e., PLSR, GA-PLSR, RF and XGBoost.
Based on the result, we conclude that the UAV-based hyperspectral image can be used to
adequately estimate plant community traits in a species-rich alpine meadow with moderate
to high accuracy. Specifically, we show that chlorophyll 4, chlorophyll b, carotenoid content,
starch content, specific leaf area and leaf thickness were estimated with good accuracies,
with the highest R? values between 0.64 (nRMSE = 0.16) and 0.83 (nRMSE = 0.11). While
the estimation accuracies for nitrogen content, phosphorus content, plant height and leaf
dry matter content were relatively low, with the highest R? varying from 0.3 (nRMSE =
0.24) to 0.54 (NRMSE = 0.20). Among the four tested algorithms, the GA-PLSR produced
the highest accuracy, followed by PLSR and XGBoost, and RF showed the poorest per-
formance. Our study demonstrates the potential of UAV-based visible and near-infrared
hyperspectral imagery to directly estimate various plant community traits in a natural
grassland ecosystem at a fine scale.

Supplementary Materials: The following supporting information can be downloaded at:
https:/ /www.mdpi.com/article/10.3390/rs14143399/s1, Figure S1: Examples of corrected spec-
tra of alpine meadow from five different flight sites. Figure S2: The UAV hyperspectral image used
for mapping plant community traits. The upper one is the raw image and the lower one is the
corrected image shown in true colour composites. This image covers plot 32, plot 33 and plot 34 in
Figure 2. The white arrows indicate the location of the three reference panels. Figure S3: Frequency
distribution of relative uncertainty of the 10 plant community trait maps produced by the GA_PLSR
model. Table S1: Summary statistics of the 10 plant functional traits for sampled plots (n = 40).
Table S2: An overview of optimal hyper-parameters of two machine learning models for 10 plant
community traits.
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