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Preface

In today’s data-intensive environment, the rapid evolution of Earth observation technologies
and the advent of high-performance computing have opened unprecedented avenues for enhancing
our understanding of landscape changes and sustainable development. The articles compiled in
this volume cover a broad spectrum of topics—from advanced semantic segmentation techniques
and object detection in remote sensing images to innovative approaches in mapping paddy rice
phenology and assessing the impacts of land cover transformations on surface temperature and
carbon emissions. Each paper makes a unique contribution by addressing specific methodological
challenges and proposing robust solutions, whether through the design of novel neural network
architectures or the deployment of comprehensive regional accuracy assessments.

This collection presents a cohesive exploration of cutting-edge methodologies in land cover
classification, emphasizing the integration of deep learning techniques to enhance accuracy and
applicability across diverse environmental contexts. A notable contribution is the development
of an aggregated backbone network (ABNet), which synergistically combines multiple backbone
architectures to improve feature representation for fine-grained land cover classification. This
approach demonstrates superior performance in handling complex spatial information inherent in
high-resolution remote sensing images. Complementing this, a comprehensive regional accuracy
assessment of widely used 30-meter land cover products highlights the influence of environmental
heterogeneity on classification. Further studies within this issue apply convolutional neural
networks to wildfire mapping, showcasing the potential of deep learning in dynamic environmental
monitoring. Additionally, innovative segmentation techniques are employed to analyze China’s
coastal wetlands, demonstrating the versatility of deep learning models in capturing complex
ecological patterns.

Collectively, these contributions accentuate the interdisciplinary relevance and practical impact
of integrating advanced computational methods in land cover classification, paving the way for
more nuanced and accurate environmental assessments. We extend our heartfelt gratitude to all
contributors, peer reviewers, and editorial staff for their unwavering commitment to excellence.
It is our hope that the insights presented in this reprint will inspire further innovation and
inform both scientific research and practical applications in sustainable development. As we look
ahead, the integration of artificial intelligence with remote sensing stands as a beacon for future
advancements—an invitation to continually reimagine how we monitor and manage our planet’s

resources.

Sawaid Abbas, Janet E. Nichol, Faisal M. Qamer, and Jianchu Xu
Guest Editors
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Abstract: High-precision landcover classification is a fundamental prerequisite for resource and
environmental monitoring and land-use status surveys. Imbued with intricate spatial information
and texture features, very high spatial resolution remote sensing images accentuate the divergence
between features within the same category, thereby amplifying the complexity of landcover classi-
fication. Consequently, semantic segmentation models leveraging deep backbone networks have
emerged as stalwarts in landcover classification tasks owing to their adeptness in feature repre-
sentation. However, the classification efficacy of a solitary backbone network model fluctuates
across diverse scenarios and datasets, posing a persistent challenge in the construction or selection
of an appropriate backbone network for distinct classification tasks. To elevate the classification
performance and bolster the generalization of semantic segmentation models, we propose a novel
semantic segmentation network architecture, named the aggregated backbone network (ABNet),
for the meticulous landcover classification. ABNet aggregates three prevailing backbone networks
(ResNet, HRNet, and VoVNet), distinguished by significant structural disparities, using a same-
stage fusion approach. Subsequently, it amalgamates these networks with the Deeplabv3+ head
after integrating the convolutional block attention mechanism (CBAM). Notably, this amalgamation
harmonizes distinct scale features extracted by the three backbone networks, thus enriching the
model’s spatial contextual comprehension and expanding its receptive field, thereby facilitating
more effective semantic feature extraction across different stages. The convolutional block attention
mechanism primarily orchestrates channel adjustments and curtails redundant information within
the aggregated feature layers. Ablation experiments demonstrate an enhancement of no less than
3% in the mean intersection over union (mloU) of ABNet on both the LoveDA and GID15 datasets
when compared with a single backbone network model. Furthermore, in contrast to seven classical or
state-of-the-art models (UNet, FPN, PSPNet, DANet, CBNet, CCNet, and UPerNet), ABNet evinces
excellent segmentation performance across the aforementioned datasets, underscoring the efficiency
and robust generalization capabilities of the proposed approach.

Keywords: backbone network; landcover classification; semantic segmentation; aggregated feature

1. Introduction

Landcover classification is the process of distinguishing different types of naturally
occurring landcover through remote sensing image data processing, which provides im-
portant geospatial data for decision making and monitoring in the fields of environmental
monitoring, urban planning, precision agriculture, resource management, and so on [1,2].
With the rapid development of remote sensing imaging technology, the rapid acquisition of
meter-scale remote sensing images provides the possibility of fine landcover classification
and mapping [3]. However, the feature differences within high-precision landcover cate-
gories become significantly larger, making it more difficult to distinguish surface covers
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with complex compositional elements [4]. Misidentification of landcover categories will
cause a huge waste of remote sensing data resources, and it is difficult to produce effective
application value. Therefore, how to realize the fine classification of landcover has become
a hot issue to be solved [5].

In recent years, deep learning models for landcover classification based on convo-
lutional neural networks (CNNs) have been widely studied and have shown powerful
performance over traditional methods that rely on manual feature extraction and shal-
low machine learning algorithms [6]. Michael Kampffmeyer et al. [7] first introduced an
end-to-end convolutional neural network model for remote sensing imagery landcover
mapping. After that, the semantic segmentation model for remote sensing images gradually
formed an encoder—decoder architecture containing a backbone network, a neck, and a
segmentation head [8-10]. Therefore, the semantic segmentation model based on the CNN
as the backbone network has become a mainstream method for studying the high-precision
landcover classification problem. However, different backbone networks have different
abilities to extract features due to their different convolutional structures, which leads to
different classification results [11]. Therefore, how to efficiently apply different backbone
networks for landcover classification still deserves further exploration.

To compare the performance of semantic segmentation models based on different
backbone networks, scholars have carried out related studies on backbone networks and
provided some new inspirations. Marc et al. [12] used two model structures, UNet and
Deeplabv3+, in combination with three backbone networks, namely, MobileNet-V3, ResNet-
50, and EfficientNet-B4, to test their abilities to segment flooded areas under different envi-
ronmental conditions and data availability. Results showed that the MobileNet-V3-based
UNet model performed the best. This implies that the appropriate backbone network needs
to be selected in advance under different datasets and environmental conditions. In a
pioneering study, Liu et al. [13] generated a more powerful backbone network (CBNet) by
combining ResNet and ResNeXt through a stage-by-stage composite connection strategy
of different backbone networks, and the experimental results demonstrated that CBNet
possessed a stronger generalization ability than a single backbone network on different
target detection datasets. Liang et al. [14] further improved CBNet by a dense connec-
tivity strategy of backbones and assisted supervised training to achieve an increase in
classification accuracy, which provides a novel idea for model architecture improvement.

In the pursuit of leveraging a backbone network fusion strategy for the development of
a remote sensing semantic segmentation model, this study meticulously selects the follow-
ing three pre-eminent backbone networks for fusion: ResNet, HRNet, and VoVNet. Notably,
ResNet facilitates feature extraction by serially connecting residual convolutional blocks
at each network stage, thereby enabling profound feature extraction. In contrast, HRNet
fosters feature extraction through parallel connections at each stage of the convolutional
blocks, adeptly amalgamating features from multi-scale receptive fields. Furthermore,
VoVNet strategically aggregates all preceding convolutional blocks exclusively at the final
layer of each stage, thereby amplifying the receptive fields and enhancing feature extraction
efficiency. After the multi-scale fusion of the backbone network, feature optimization is
meticulously achieved through the integration of a convolutional attention mechanism. The
amalgamation with the Deeplabv3+ network architecture gives rise to the aggregated back-
bone network (ABNet), tailored specifically for the fine-grained classification of landcover.

The main contributions of this paper include the following: (1) An efficient feature
extraction strategy using multiple existing backbone networks is proposed. (2) An effi-
cient and effective aggregated backbone network (ABNet) to enhance multi-scale feature
extraction and fusion capabilities for remote sensing image semantic segmentation work is
proposed. ABNet leverages the Deeplabv3+ head and reconstructs the backbone network
through the same-stage fusion of ResNet-50, HRNet-48, and VoVNet-39. (3) Experimental
results demonstrate that ABNet achieves comparable performance to the state-of-the-art
methods on the LoveDA and GID datasets.
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The rest of this paper is organized as follows. Section 2 introduces related research
work, mainly reviewing the development of representative backbones and ensemble meth-
ods of semantic segmentation in the field of fine landcover classification in recent years.
Section 3 elaborates on the structure of the proposed ABNet and details the design ideas of
the aggregated backbone network. Section 4 gives the experimental details and results on
the LoveDA dataset and Gaofen Image Dataset (GID). The advantages, limitations, and
potential improvements of our proposed method will be elaborated on in Section 5. In
Section 6, conclusions and future works are provided.

2. Related Work
2.1. Backbones for Remote Sensing Image Semantic Segmentation Work

The pivotal role of backbone networks in feature extraction remains integral to the
fabric of semantic segmentation models [15], which is particularly evident in the realm of
remote sensing classification, as shown in Table 1. Since the inception of AlexNet in 2012,
progressive enhancements in backbone networks have predominantly revolved around
augmenting both network depth and width. VGG-16 [16] constitutes a prototypical deep
network by increasing the number of network layers. However, the deepening of network
layers often precipitates the potential vanishing or explosion of computational gradients.
Addressing this concern, He et al. [17] ingeniously introduced the residual connection
module to alleviate the convergence challenges encountered by deep networks. Further-
more, Inceptionv3 [18] astutely observed that augmenting the model width effectively
bolsters feature extraction through the incorporation of branches with multi-scale convo-
lutional kernels. Beyond the model architecture, the effective interconnection between
feature layers emerges as a focal avenue for enhancing backbone networks. In this con-
text, DenseNet [19] forges dense connections between preceding and subsequent layers,
harnessing multi-layer features to optimize segmentation performance. In a bid to pare
down the parameter count, VoVNet [20] boosts computational efficiency by densely linking
previous layer features exclusively to the last layer, drawing inspiration from DenseNet.
HRNet [21], on the other hand, intertwines the outputs of multiple resolutions in paral-
lel, engendering a richer, high-resolution representation. Leveraging the neural structure
search technique, EfficientNet [22] delves into an exploration of network resolution, depth,
and width parameters, rationalizing their configuration to bolster model enhancement
efficiency. Meanwhile, Res2Net [23] delineates multi-scale features at a granular level by
constructing hierarchical residual connections within the same residual block, sans an
expansion in the network depth. These contemporary mainstream backbone networks
exhibit distinct model structures and generalization proficiencies tailored to their specific
developmental tasks.

Table 1. Representative backbones used in remote sensing classification.

Backbone F}rst ) Features Application in Remote
Publication Sensing
VGG-16 [16] 2014 Deep convolutional ~ Topography and geomorphology

network classification [24]

ResNet-50 [17] 2016 Residual connection l\’i‘f;flff’i;t;irgg]ge
. Multi-scale Sheltered Vessels
Inceptionv3 [18] 2016 convolutional kernel classification [26]

DenseNet [19] 2017 Dense connection of Road extraction [27]

all layers

Dense connection of - .
VoVNet [20] 2019 the final layer Open-pit mine extraction [28]
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Table 1. Cont.

Backbone F{rst ) Features Application in Remote
Publication Sensing
Parallel connection of
HRNet [21] 2019 multi-resolution Landcover classification [29]
layers
.. Neural structure ..
EfficientNet [22] 2019 Mars scene recognition [30]
search
Res2Net [23] 2021 Hierarchical .re51dual Remote sensing scene
connection recognition [31]

2.2. Research on Fine Landcover Classification with Semantic Segmentation Network

Since the full convolutional neural network (FCN) [32] realizes the pixel-by-pixel
semantic segmentation of images, many classical semantic segmentation models based on
convolutional neural networks have been developed, such as UNet [33], Deeplabv3+ [34],
FPN [35], PSPNet [36], DANet [37], UPerNet [38], and CCNet [39], extensively embraced in
remote sensing semantic segmentation applications [40-43]. Remote sensing semantic seg-
mentation models dedicated to landcover classification chiefly fall into distinct categories,
including the pixel-based CNN, object-based CNN, graph-based CNN, siamese CNN,
and ensembled CNN, with the ensembled CNN model emerging as adept at efficiently
addressing complex landcover scenarios [44].

In the pursuit of heightened accuracy, Bigdeli et al. [45] achieved superior classification
by optimally amalgamating the classification results of CNN models constructed from
diverse sensor datasets. Faced with a dearth of labeled samples, Fan et al. [46] crafted
an integrated teacher model to autonomously pick samples from an extensive pool of
unlabeled data, culminating in dataset generation. A pivotal notion entails the integration
of results generated by multiple backbone network models in a channel-by-channel super-
position fashion. Complementing inputs or outputs, scholars have sought to consolidate
deep learning models during their training process. Notably, Cao et al. [47] bolstered the
classification accuracy of the ISPRS 2-D dataset by harnessing complementarities between
diverse models, coalescing to jointly learn the solution domains of multiple semantic seg-
mentation models. Additionally, Ekim et al. [48], premised on the training process of three
loss optimization methods, honed the integration of distinct model outputs to fortify the
robustness of the landcover classification model.

Cumulatively, these investigations meld the computational attributes of divergent
networks to yield refined semantic segmentation results. Yet, the variance in classification
outcomes stems from disparities in feature layer outputs across dissimilar model structures,
disregarding the potential integration of feature layers encapsulating distinct semantic
information. This oversight of structural dissimilarities may precipitate the omission of
essential extraction outcomes.

3. Methods
3.1. Aggregated Backbone Network

Deep learning semantic segmentation models based on features extracted from back-
bone networks have been widely used in the fine landcover classification of remote sensing
images. However, for remote sensing datasets with complex feature distributions, it is still
challenging to select an appropriate backbone network. In addition, a single backbone
network is usually unable to extract effective and relevant features from complex scenes,
especially on datasets with diverse classes and large intra-class variations. To overcome
this problem, this study selects three backbone networks to construct an aggregated back-
bone network (ABNet), aggregates the feature layers of different backbone networks by
same-stage fusion, then optimizes the merged features by a convolution block attention
mechanism, and finally outputs the classification results by the Deeplabv3+ head [34] (as
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input

/.
— ‘ — — CBAM — 1x1conv —

shown in Figure 1). Specifically, ResNet, HRNet, and VoVNet are used in this study and
described in Section 3.2. Different backbone networks extract the semantic features of the
classified objects in different ways, and the aggregation backbone network utilizes the
characteristics of each backbone network and enhances the feature extraction ability by
using the same-stage fusion method at different scale stages of feature extraction, which
will be described in detail in Section 3.3. The CBAM attention mechanism extracts the
features of the different backbone networks aggregated at different stages adaptively and
optimally using the channel attention module and the spatial attention module, which will
be described in Section 3.4.

Backbone Neck Head

ResNet Stage1

/' output

—| [ — cBaMm —{ 1x1conv —

|
—| Deeplabv3+ [ ‘

Stage2 L
A AT "/
—

CBAM — 1x1conv —

Stage3

/2 -
—_— ’—» CBAM — 1x1conv |—

Stage4

VoVNet

Figure 1. [llustration of the proposed aggregated backbone network (ABNet) architecture for seman-
tic segmentation.

3.2. Basic Backbone Networks
3.2.1. Residual Network (ResNet)

In a conventional convolutional neural network, the output of the layer is used as the
input to the neural network in layer (i + 1) during forward propagation. The expression
is defined as follows: xi = Li(xi — 1). As the number of neural network layers increases,
it leads to the problem of gradient vanishing or gradient explosion. Residual Network
(ResNet) adds a jump connection to the traditional convolutional neural network and
constructs the residual module by nonlinear transformation and the activation function,
whose expression is defined as xi = Li(xi — 1) 4+ xi — 1. One of the advantages of ResNet is
that the gradient can flow directly from deep to shallow layers, thus avoiding the problem
of gradient vanishing and gradient explosion that occurs when the model becomes deeper,
and thus it has become the mainstream encoder backbone network.

3.2.2. High-Resolution Network (HRNet)

Typically, deep convolutional neural networks gradually generate features from high
to low resolution through cascaded convolutional blocks and downsampling or pooling
operations at different stages. However, high-resolution networks employ parallel con-
nections of convolutional streams from high to low resolution, where the output at each
resolution is the sum of the already generated resolution in the previous stage, mathemat-
ically defined as R, = f(R! )+ f(R2 ;) --- + f(R'"]), where s represents the different
stages and r represents the different resolutions. Furthermore, as the resolution decreases,
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information from different resolution features is exchanged repeatedly. HRNet gains richer
semantic representation, more precise spatial information, and a stronger feature extraction
capability by exchanging information across resolutions repeatedly.

3.2.3. Variety of View Network (VoVNet)

To enhance the fusion of shallow and deep features in the neural networks, a Dense
Connected Network (DenseNet) has been proposed. In DenseNet, each subnetwork layer
takes the outputs of the previous layers as inputs after concatenating them in the channel
dimension, i.e., the input of layer i is the output of layers 1 to (i — 1), whose expression is
defined as follows: x; = L;([xo, x1, ... x;_1]). However, too many dense connections in the
intermediate layers leads to the computational inefficiency of DenseNet. VoVNet proposes
the strategy of one-shot aggregation, which not only adopts the advantage of DenseNet,
i.e., the advantage of representing diverse features with multiple sensory fields, but also
overcomes the inefficiency of dense connections. One-shot aggregation is performed only
once for all features in the last feature map of each stage, and its expression is defined as

i—1
Xs = ; Li([x0, x1, - - - Xi_1]).

While reducing the model complexity, VoVNet still maintains the effective use of global
information, and this global context summarization capability improves the interpretation
and characterization of fine and complex features.

3.3. Backbone Ensemble

The majority of ensemble methods necessitate a voting strategy to compare output
results from various models and enhance the final prediction [49]. This research introduces
anovel approach by amalgamating multiple existing backbone networks through intricate
connections between adjacent backbone networks, thereby creating a more robust com-
posite backbone network known as the aggregated backbone network (ABNet). Through
this process, ABNet includes output features from different backbone networks as part
of the input features, progressively fusing them for the model and ultimately conducting
semantic segmentation via the decoder’s feature mapping.

Model diversity implies the significance of training models with distinct architectures
or techniques, which has been widely acknowledged within the model ensemble [50].
Hence, this study adopts the same-stage fusion approach to combine the backbones of
three different architectures, namely, HRNet, ResNet, and VoVNet. Specifically, HRNet
employs the HRNet-48 structure with 4 stages, ResNet employs the ResNet-50 structure
with 4 stages, and VoVNet employs the VoVNet-39 structure with 5 stages, as illustrated in
Figure 2.

Each stage consists of several convolutional layers with the same-sized feature map-
pings, except the Stem layer in HRNet-48 and ResNet-50, and apart from the Stem layer
and the first stage in VoVNet-39. Furthermore, the downsampling for each stage is accom-
plished by 3 x 3 max-pooling with a stride of 2. The specific structures are presented in
Table 2. Upon preprocessing an input image of size C through the Stem layer, HRNet-48
and ResNet-50 engage in convolutional operations to produce the first stage output, re-
sulting in a size of C/4. Similarly, VoVNet-39 requires convolutional operations in the
Stem layer and the first stage to attain an output size of C/4, aligning it with the out-
puts from HRNet-48 and ResNet-50. This process of merging the outputs from various
stages of HRNet-48 and ResNet-50 with the subsequent stage output of VoVNet-39 yields a
multi-scale aggregated result.
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Figure 2. Same-stage fusion method for HRNet, ResNet, and VoVNet.

Table 2. Detailed module structures for each stage of HRNet-48, ResNet-50, and VoVNet-39. The
downsampling for each stage is accomplished by 3 x 3 max-pooling with a stride of 2.

Stage HRNet-48 ResNet-50 VoVNet-39
3 x 3 conv, 7 X 7 conv,
64, stride =2 64, stride =2 S
Stem 3 % 3 conv, 64, 3 x 3 max pool, 3 X 3 conv, 64, stride = 2
stride = 2 stride =2
Stagel 1 x 1conv, 48 [ 1 x lconv, 64 3 x 3 conv, 64, stride =1
age 3 x 3conv, 48 | x4 3 x3conv,64 | x3 3 x 3 conv, 128, stride = 1
1 x 1conv, 48 | 1 x lconv, 256
[ 1x 1conv, 128 r
Stage2 3 x 3conv, 96 4 3 x 3conv, 128, x5
8 [ 3 x 3conv, 96 x4 3 x3conv,128 | x4 concate & 1 x 1conv, 256 x1
| 1x 1lconv, 512 E
[ 1 X 1lconv, 256 r
Stage3 3 x 3conv, 192 ’ 3 % 3conv, 160, x5
8 { 3 x 3conv, 192 x4 3 x 3conv, 256 X6 concate & 1 x 1conv, 512 x1
| 1x1conv, 1024 L ]
Staged 3 x 3conv, 384 [ 1x1conv, 512 [ 3 x 3conv, 192, x 5 ]
8 { 3 x 3conv, 384 x4 3 X 3conv, 512 x3 concate & 1 x lconv, 768 x2
| 1x1conv, 2028 B
Stage5 [ 3x3conv, 224, x5 2
concate & 1 x 1conv, 1024

3.4. Convolutional Block Attention Module (CBAM)

To enhance the feature representation after merging multiple backbone networks
and mitigating redundant information within the merged feature layer, we propose an
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optimization method through the utilization of the convolutional block attention model [51]
(as shown in Figure 3). This approach aims to focus on essential parts of the feature map
while suppressing noise and uncertainty. The convolutional attention model consists of the
following two key components: the channel attention and spatial attention models. These
models generate the channel attention weights and spatial attention weights, respectively.
Subsequently, the attention weights are multiplied by the input feature map to achieve
adaptive feature refinement. The specific formula is as follows:

F. = MC(F) QF (1)

Fout = Ms (Fc) & Fc (2)

F represents the input feature map, F represents the input feature map after channel
attention, M. represents the channel attention model, M; represents the spatial attention
model, ® represents the pixel-by-pixel multiplication, and Foy represents the final opti-
mized output.

Channel Attention Model Spatial Attention Model
> \ 4 /A Conviayer /|\
MaxPool Lyl ﬂ ‘ '
AvgPool ' /e X
vgroo MLP [MaxPool,AvgPool] HxWx1
J\ I\ y,

HxWxC

HxWxC

Figure 3. Diagram of the convolutional block attention module (CBAM) structure. H, W, and C
represent the height, width, and number of channels of the feature maps. MLP stands for Multi-
Layer Perceptron.

4. Experiments and Results
4.1. Datasets
4.1.1. LoveDA Dataset

LoveDA is a well-labeled and challenging landcover classification dataset [52]. The
images were collected from Nanjing, Changzhou, and Wuhan cities, covering 18 differ-
ent administrative districts. LoveDA dataset were acquired by Spaceborne sensors and
collected from two main scenarios, urban and rural, containing a total of 2522 training
samples and 1669 test samples. Each image contains red, green, and blue bands with a size
of 1024 x 1024 pixels and a spatial resolution of 0.3 m. The labels contain the following
seven categories: background, building, road, water, barren, forest, and agricultural land
(Figure 4). The LoveDA dataset has become one of the most challenging landcover datasets
in the field of semantic segmentation for remote sensing due to its multi-scale targets,
complex background, and discontinuous category distribution.
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Figure 4. Some typical sample images of the LoveDA dataset and their corresponding labels.

4.1.2. Gaofen Image Dataset (GID)

The Gaofen Image Dataset (GID) is a large-scale landcover classification dataset [53]
which contains widely distributed Gaofen-2 satellite images. GID contains 150 high-quality
GF-2 images acquired from more than 60 different cities in China. The Gaofen image dataset
contains a large-scale classification (LSC) dataset and a fine landcover classification (FLC)
dataset. To verify the effectiveness of the extracted method, the fine landcover classification
set providing 15 categories was selected as the experimental dataset in this study (Figure 5),
which is known as the GID15 dataset. The GID15 dataset contains a total of 10 pixel-level
labeled images of 7200 x 6800 size, a spatial resolution of 0.81 m, and four spectral bands of
IRRGB. This dataset was first cropped into non-overlapping 2100 patches of 512 x 512 size,
and then these patches were divided into 1680 training samples and 420 validation samples.

- industrial land
g . urban residential

E rural residential

> ;ﬁj
e

traffic land

. paddy field

irrigated land

dry cropland

. garden plot
- arbor woodland
shrub land

Figure 5. Some typical sample images of the GID15 dataset and their corresponding labels.
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4.2. Implementation Details

All experiments were implemented by the Python 3.8 and Pytorch 1.10.0 framework
and trained on a 1 NVIDIA RTX A6000 GPU with 48 G of RAM. The batch size was set to
eight, the number of working threads was four, and the cross-entropy loss function was
used to calculate the loss values for all networks [54]. The optimizer used an SGD with a
momentum value of 0.9 and weight decay of 0.0005. The learning rate was initialized with
0.01 and scheduled by the poly strategy. In addition to expanding the dataset, all training
samples performed image enhancement operations including a random horizontal flip,
vertical flip, and random scaling in the range of [0.5, 0.75, 1.0, 1.25, 1.5, 1.75] (all with equal
probability). For all backbone networks, we used the models pre-trained on the ImageNet
dataset as the initial weight files for the network training.

4.3. Evaluation Metrics

In this study, we use the overall accuracy (OA), intersection over union (IoU), mean
intersection over union (mloU), and mean accuracy (mAcc) to measure the performance
of ABNet, as shown in Equations (3)-(6). The OA denotes the overall accuracy of the
classification result; the IoU denotes the similarity between the predicted results and the
true values; the mloU denotes the average IoU value across all categories; the mAcc denotes
the average classification accuracy across all categories.

OA=Tp7 $£11£§+ FN ®)
loU = 5T @)
mlol = % Ci TP + EII:CC + FN, ©)
mAcc = ;Ii % (6)

where TP and TN are the positive and negative examples of correct predictions; FP and FN
are the positive and negative examples of incorrect predictions.

Furthermore, the following two criteria have been adopted to evaluate the model
complexity: (1) floating-point operations (FLOPs), which is the number of floating-point
operations accounting for the computational complexity; (2) parameters, which is the
number of trainable parameters representing the model size.

4.4. Ablation Studies

To assess the efficacy of both single backbone networks and aggregated backbone
networks, we employed the Deeplabv3+ decoding model as a unified segmentation head.
Experiments were individually performed utilizing ResNet-50, HRNet-48, VoVNet-39, and
the aggregated backbone as the encoder’s backbone network. Ablation experiments were
executed on both the LoveDA dataset and the GID15 dataset, with the ensuing experimental
results expounded upon in Sections 4.4.1 and 4.4.2, respectively.

4.4.1. LoveDA Dataset

[ustrated in Figure 6, the classification accuracy of the aggregated backbone network
demonstrates notable improvements in contrast to ResNet-50, HRNet-48, and VoVNet-39.
The aggregated backbone network surpasses ResNet-50, HRNet-48, and VoVNet-39 by over
3% in terms of the overall accuracy (OA), mean accuracy (mAcc), and mean intersection
over union (mloU). Consequently, the amalgamation of diverse backbone networks proves
to be an effective strategy for enhancing the performance of semantic segmentation models
in the context of encoder—decoders.

10
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Figure 6. Performance comparison of ABNet with the unaggregated backbones.

As depicted in Table 3, the aggregated backbone network exhibits superior perfor-
mance over ResNet-50, HRNet-48, and VoVNet-39 across all categories of the LoveDA
dataset. Remarkably, ABNet notably enhances the segmentation performance of water
bodies and bare land by a minimum of 7.14% and 4.63% in comparison to the other three
backbone networks. Moreover, the aggregated backbone network demonstrates varied
degrees of improvement across categories, including buildings, roads, forests, agricultural
land, and background.

Table 3. IoU (%) for ablation experiments on the LoveDA dataset.

Backbone Background Building Road Water Barren Forest Agricultural
ResNet-50 52.19 56.03 51.51 62.85 224 39.83 50.56
HRNet-48 52.87 59.63 53.01 60.85 29.23 38.58 47.66
VoVNet-39 48.98 62.51 53.51 61.32 18.06 37.48 45.65
ABNet 53.85 63.69 54.06 69.99 33.86 40.23 51.33

To more effectively demonstrate the advantages of the aggregated backbone network
in comparison to other backbone networks, we present the visualization results of different
backbone networks in Figure 7. In Figure 7a, the aggregated backbone network excels
in recognizing complex shapes of bare ground. Moreover, in Figure 7b, the aggregated
backbone network demonstrates superior recognition of small-scale water bodies. Figure 7c
illustrates the aggregation backbone network’s ability to minimize misclassifications of
forests, buildings, and roads. While in Figure 7d, the network effectively reduces misclassi-
fications of agricultural land, water bodies, and forests. Combining the observations from
Table 3 and Figure 7, it is evident that the aggregated backbone network not only excels in
recognizing intricate features that pose challenges to individual backbone networks but
also enhances the recognition capabilities across multi-scale targets.

11
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Figure 7. Prediction results of ablation experiments on the LoveDA dataset. (a—d) shows the typical
case that it is difficult to identify barren, water, building, and agriculture.

4.4.2. GID15 Dataset

To further verify the generalization performance of the aggregated backbone network,
we conducted ablation experiments using the GID15 dataset, which encompasses 15 cate-
gories. In this study, Table 4 and Figure 8 present the IoU and visualization results from the
classification of the GID15 dataset, leveraging ResNet-50, HRNet-48, VoVNet-39, and the
aggregated backbone as the backbone network, respectively.

As observed in Table 4, the segmentation accuracy of the aggregated backbone network
on the GID15 dataset significantly surpasses that of ResNet-50, HRNet-48, and VoVNet-39,
with the mean intersection over union improved by 4.59%, 3.45%, and 3.24%, respectively.
Except for rural residential land and artificial grassland, the IoU of segmentation by ABNet
exhibits differing degrees of enhancement compared to the other three backbone networks.
Specifically, ABNet proves highly effective in classifying shrub land, demonstrating a
minimum increase of 6.15% in the IoU. Furthermore, ABNet also enhances the classification
accuracy of garden plots, natural grassland, ponds, paddy fields, and dry cropland, with
minimum increases of 4.68%, 2.95%, 2.85%, 2.42%, and 2.05%, respectively. Additionally,
ABNet improves the segmentation accuracy of the background, industrial land, urban
residential land, traffic land, irrigated land, arbor woodland, river, and lake classes to a
certain extent.

12
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From Figure 8a—c,e,g, it is evident that our results better preserve the geometric fea-
tures of the objects, aligning more closely with the manually labeled results and exhibiting
more regular shapes. Figure 8d demonstrates that our proposed method reduces misclas-
sifications of small-scale targets in ponds. Furthermore, Figure 8f visually illustrates a
substantial improvement in the segmentation accuracy of shrub land, providing compelling
evidence for the superiority of ABNet.

(@)

(b)

(d)

(e)

i

Image Label ResNet-50 HRNet-48 VovNét-39 Aggregated

. river

. industrial land . paddy field . garden plot D natural grassland
. urban residential D irrigated land . arbor woodland I:‘ artificial grassland . lake

D rural residential D dry cropland D shrub land I:‘ traffic land . pond

Figure 8. Prediction results of ablation experiments on GID15 dataset. (a—g) shows the typical case

that it is difficult to identify rural residential, natural grassland, industrial land, pond, lake, shrub
land, and paddy field.
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Table 4. IoU (%) for ablation experiments on the GID15 dataset.

Class ResNet-50 HRNet-48 VoVNet-39 ABNet
Background 70.01 69.61 70.47 73.02
Industrial land 59.51 60.03 61.93 63.43
Urban residential 64.34 63.58 66.57 67.38
Rural residential 56.03 54.18 58.09 57.81
Traffic land 59.93 63.86 63.9 64.05
Paddy field 63.07 65.8 64.52 68.22
Irrigated land 71.37 71.29 71.24 73.27
Dry cropland 59.01 56.68 58.76 61.06
Garden plot 31.38 39.54 24.02 44.22
Arbor woodland 78.35 78.64 75.52 79.39
Shrub land 13.67 23.15 21.67 29.3
Natural grassland 61.94 62.54 64.06 67.01
Artificial grassland 24.37 24.53 32.62 30.03
River 79.85 78.81 80.48 82.7
Lake 70.99 67.99 69.79 71.69
Pond 62.29 64.01 63.99 66.86
mloU 57.88 59.02 59.23 62.47

4.5. Comparing with the State-of-the-Art

To showcase the superior performance of our method, a series of experiments were
conducted to compare it with other state-of-the-art semantic segmentation models. This
study selected mainstream single backbone network models and a composite backbone
network model for experiments with equivalent training configurations on the LoveDA
and GID15 datasets. The single backbone network models included UNet, FPN, PSPNet,
DANet, CCNet, and UPerNet utilizing the widely used ResNet-50 as the backbone network
for experimentation. CBNet, as a representative of composite backbone network models,
involved the composite connection of ResNet and Res2Net as the backbone network for
experimentation. UNet is a classic encoder—decoder semantic segmentation model; FPN,
PSPNet, and UPerNet represent feature pyramid methods; DANet and CCNet represent
attention mechanism methods; and CBNet represents an approach to convergence of
multiple backbone networks.

4.5.1. LoveDA Dataset

Table 5 illustrates the accuracy results obtained from the different models after training
on the LoveDA dataset. Whether considering the OA, mloU, or mAcc, the segmentation
accuracy of ABNet outperforms the other models. In comparison to UNet, the mIoU
demonstrates a 7.33% improvement, and when compared with CCNet, there is a 1.51%
increase in the mIoU. The mloU of FPN, PSPNet, DANet, and UPerNet all surpass that of
UNet, but are lower than that of CCNet.

Table 5. Accuracy results of different models on the LoveDA dataset (%).

Model Backbone OA mloU mAcc
UNet ResNet-50 63.50 45.10 61.76
FPN ResNet-50 67.88 49.76 62.99
PSPNet ResNet-50 68.82 50.53 62.08
DANet ResNet-50 68.19 48.73 60.13
CBNet CB-ResNet50 68.26 50.28 62.39
UPerNet ResNet-50 68.72 50.36 62.03
CCNet ResNet-50 68.87 50.92 63.72
ABNet Aggregated 72.75 52.43 67.82
Backbone

14
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From Figure 9a, it is evident that ABNet significantly extracts the barren feature
compared to the other models, showcasing that features that are challenging to distinguish
by a single backbone network can be more effectively identified by the composite backbone
network. In Figure 9b, it is noticeable that ABNet is less adept than CCNet and UPerNet in
extracting small-sized water bodies. However, as depicted in Figure 9c,d, ABNet delineates
agricultural land more effectively than CCNet and UPerNet. This shows that the proposed
model can effectively improve the task of semantic segmentation of remote sensing images
by fusing the structure of different backbone networks.

Image

I building

Label

[T road

UNet FPN DANet PSPNet CCNet UPerNet CBNet Aggregated

I vater 1 barren [ forest [ agriculture ] background

Figure 9. Comparison of prediction results of different state-of-the-art models on the LoveDA dataset.
(a—d) shows the typical case that it is difficult to identify barren, water, building, and agriculture.

4.5.2. GID15 Dataset

In this study, we conducted experiments on the GID15 dataset, which contains finer
categories, to evaluate the efficacy of ABNet. Table 6 demonstrates the segmentation
accuracy obtained after training various models on the GID15 dataset. Across metrics such
as the overall accuracy (OA), mean intersection over union (mloU), and mean accuracy
(mAcc), ABNet consistently outperforms the other models. Notably, in comparison to
UNet, the mloU is improved by 7.58%, while, compared with CBNet, there is a 1.20%
enhancement in the mloU. Additionally, the mIoU values of FPN, PSPNet, DANet, CCNet,
and UPerNet surpass that of UNet, although they are lower than that of CBNet.

Table 6. Accuracy results of different models on the GID15 dataset (%).

Model Backbone OA mloU mAcc
UNet ResNet-50 81.33 54.89 65.39
FPN ResNet-50 81.74 59.66 67.77

PSPNet ResNet-50 82.05 60.78 68.48

DANet ResNet-50 82.19 60.84 68.83

CCNet ResNet-50 82.29 60.46 69.09

UPerNet ResNet-50 82.27 61.09 69.54
CBNet CB-ResNet50 82.83 61.27 68.92
ABNet Aggregated 83.27 62.47 72.74

Backbone

Moreover, in Figure 10, we provide a comprehensive comparison result. Specifically,
Figure 10a emphasizes the superior capability of ABNet in correctly recognizing small-
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sized features, a task in which the other models encounter challenges. Furthermore,
Figure 10b demonstrates ABNet’s precise classification of water body edges, surpassing
the performance of the other models. Similarly, in Figure 10c, the result indicates that
ABNet excels in extracting shrub land, implying its effectiveness in classifying intricate
feature targets. Finally, Figure 10d illustrates the consistency of ABNet in extracting the
contour boundaries of rice fields, showcasing its ability to achieve superior segmentation
performance, particularly for finer feature classes.
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Figure 10. Comparison of prediction results of different state-of-the-art models on the GID15 dataset.
(a) shows the typical case that it is difficult to identify pond in small-scale feature. (b—d) shows the
typical case that it is difficult to identify lake, shrub land, and paddy field.

5. Discussion
5.1. Advantages and Limitations
5.1.1. Advantages

ResNet utilizes residual connections in convolutional blocks to ensure the stability
of neural network convergence at each stage. However, it lacks feature fusion within and
between stages of the backbone network. In contrast, VoVNet achieves feature integration
within each stage through the one-shot aggregation of each convolutional block in the
backbone network. Nonetheless, it does not fuse features between different stages. Mean-
while, HRNet achieves the feature fusion of outputs from different stages through parallel
concatenation. However, as the number of stages increases, the output features of each
stage become more complex after multi-scale feature fusion, leading to some loss of original
information within each stage. The aggregation backbone network (ABNet) uniquely com-
bines the deep feature characterization capabilities of ResNet with the structural features
of HRNet's string—parallel combination and VoVNet'’s global one-shot aggregation. This
integration significantly expands the receptive field of the convolutional blocks at each
stage, thereby enhancing the model’s capacity to leverage spatial context information [55].
As a result, ABNet consistently enhances the classification accuracy across all classes within
the LovaDA and GID15 datasets. Furthermore, owing to the multi-stage output structure
of ABNet, it efficiently generates merged features of varying scale sizes, which efficiently
utilizes the semantic information from both deep and shallow features and improves the
classification accuracy of the model for small-scale targets [56]. Additionally, to mitigate
information redundancy within the merged features, the convolutional block attention
model (CBAM) optimizes the multi-scale merged features across both spatial and channel
dimensions. This optimization enhances the distinctive characterizing abilities of the fea-
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tures at each stage [57]. Consequently, when applied to landcover semantic segmentation
tasks, this approach yields superior segmentation results and bolsters the model’s capability
to discern features that pose challenges to a single backbone network’s recognition ability.

5.1.2. Limitations

Despite the proven efficacy of ABNet on landcover datasets, its substantial model
parameters and higher computational time complexities present notable considerations.
To comprehensively assess the practicality of these models, this study quantified the pa-
rameters and floating-point operations (FLOPs) for ABNet and comparable models using
a sample input image size of 1024 x 1024 [58]. As illustrated in Table 7, the parameters
and FLOPs for ABNet notably surpass those of other models, with ABNet exceeding the
second-largest CBNet model by 100.55 M and 0.33 T FLOPs. The abundance of model
parameters and computational cost contributes to heightened challenges in model con-
vergence, especially when computational resources are constrained. Consequently, the
suitability of ABNet for complex scene segmentation tasks may diminish under limited
computational resources.

Table 7. Comparison with other networks on parameters and FLOPs.

Method Parameters (M) FLOPs (T)
Deeplabv3plus_Res-50 41.22 0.71
Deeplabv3plus_HRNet-48 68.59 1.01
Deeplabv3plus_VoVNet-39 34.27 0.88
DANet 47.93 0.96
PSPNet 46.61 0.72
CCNet 47.46 0.84
UPerNet 64.04 0.95
CBNet 69.71 1.08
ABNet 170.26 1.41

5.2. Potential Improvements

To further optimize ABNet, this study explores three potential directions for enhancing
its performance. Firstly, without compromising the model performance, reducing the
number of model parameters can be achieved by decreasing the number of layers in the
backbone network or minimizing the involvement of the backbone network models in
fusion. Secondly, integrating advanced decoders, such as the feature pyramid network
(FPN), can facilitate a more effective fusion of deep and shallow features, thereby enhancing
classification performance. Lastly, enhancing the fusion of different backbone networks
presents an opportunity for improvement. In addition to merging the output layers of
the same stage, combining the outputs of adjacent stages of diverse backbone networks
through upsampling or downsampling operations can promote the deep fusion of deep
and shallow features, fostering further performance enhancements.

6. Conclusions

This paper introduced the aggregated backbone network (ABNet), a novel convolu-
tional neural network designed for fine-grained landcover classification. ABNet leverages
the Deeplabv3+ head and reconstructs the backbone network through the same-stage fusion
of ResNet-50, HRNet-48, and VoVNet-39. The aggregated backbone network yields merged
features in multi-scale sizes, which are further optimized using the convolutional block
attention mechanism.

On the LoveDA and GID15 datasets, the aggregated backbone network demonstrates
superior classification accuracy compared to a single backbone network, outperforming the
overall accuracy (OA), mean intersection over union (mloU), and mean accuracy (mAcc).
Specifically, the mloU derived from the aggregated backbone network surpasses that of
the single backbone network by at least 3%. Notably, ABNet enhances the classification
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accuracy of diverse land classes and improves the discernment of challenging classes often
difficult for a single backbone network to recognize. Moreover, when compared with
popular semantic segmentation models (UNet, FPN, PSPNet, DANet, CBNet, CCNet, and
UPerNet), the aggregated backbone network exhibits leading performance, affirming the
efficacy of the proposed method. Although the ABNet proposed in this paper exhibits
excellent segmentation performance on the LovaDA and GID15 datasets, the model has no
advantages in terms of the parameters and FLOPs of the algorithm.

Consequently, this approach presents an effective strategy to enhance the classification
performance of remote sensing deep learning models. Researchers can further explore
and customize the aggregated structure by integrating different types and quantities of
backbone networks to tackle more intricate landcover classification challenges. Meanwhile,
scholars can investigate how to reduce the parameters of the integrated model while
maintaining efficient classification performance.
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Abstract: The segmentation algorithm for buildings and waters is extremely important for the
efficient planning and utilization of land resources. The temporal and space range of remote sensing
pictures is growing. Due to the generic convolutional neural network’s (CNN) insensitivity to the
spatial position information in remote sensing images, certain location and edge details can be lost,
leading to a low level of segmentation accuracy. This research suggests a double-branch parallel
interactive network to address these issues, fully using the interactivity of global information in a
Swin Transformer network, and integrating CNN to capture deeper information. Then, by building a
cross-scale multi-level fusion module, the model can combine features gathered using convolutional
neural networks with features derived using Swin Transformer, successfully extracting the semantic
information of spatial information and context. Then, an up-sampling module for multi-scale fusion
is suggested. It employs the output high-level feature information to direct the low-level feature
information and recover the high-resolution pixel-level features. According to experimental results,
the proposed networks maximizes the benefits of the two models and increases the precision of
semantic segmentation of buildings and waters.

Keywords: double branch; CNN; semantic segmentation; buildings and waters; deep learning

1. Introduction

Semantic segmentation is very important in many domains such as unmanned driv-
ing, land use, ecological environment monitoring, disaster monitoring and agricultural
monitoring. Identifying building and water area types from remote sensing images can
provide an efficient technical approach for regional map updating, land planning, risk
management [1] and regional economic development forecasting. The resolution of remote
sensing images is increasing as modern computer vision and aerospace technology advance
quickly, including space, spectrum and time [2]. A highly effective and affordable method
for mapping a large area is to use remote sensing techniques [3]. The textural features and
spatial structure properties of ground objects can be clearly expressed in high-resolution
remote sensing photographs [4-6]. The development of remote sensing image technology
is of great significance to the promotion of semantic segmentation tasks.

The three primary approaches used to segment traditional remote sensing images are
the threshold, clustering, and maximum likelihood methods. The maximum likelihood
method calculates the maximum likelihood discriminant function of each category by
training set data, then substitutes the value of each pixel into the calculation, and finally
evaluates the reliability of the classification outcomes. The maximum likelihood method
has a high requirement for the training set, which can easily lead to very poor estimation
results. The threshold method mainly defines the regional attribution of different targets
in the image by threshold, but it is sensitive to the noise of the image, and in remote
sensing images with a highly complicated background, the gray difference is not obvious
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and the overlap of different target gray values is not obvious. The appropriate threshold
is not easy to find. The clustering rule is to classify the pixels of the image, and some
traditional clustering algorithms do not consider the spatial information, which can easily
cause a lack of segmentation in image information and a decrease in segmentation accuracy,
and the work to be performed in clustering analysis is more complicated. There are
also some image segmentation methods such as the segmentation method based on the
genetic algorithm, region segmentation and edge segmentation [7]. The disadvantage of
region segmentation is that it is easy to cause excessive segmentation of images. The edge
segmentation method cannot obtain a better regional structure, and there is a contradiction
between accuracy and noise immunity [8]. Usually, the edge segmentation method is
combined with the region segmentation method to obtain a better segmentation effect.
In the segmentation method based on the genetic algorithm, it is difficult to determine
the crossover probability and mutation probability, and the selection of fitness function is
more difficult. Recently, some machine learning methods including decision tree, support
vector machine, random forest and artificial shallow neural network have been determined
unsuitable for massive quantities of data. Recently, fully supervised models have had
great success in this area, however the lack of annotated data will result in significant
performance loss [9]. In summary, on the one hand, the traditional image segmentation
method is limited by the high-resolution remote sensing image spectrum. On the other
hand, it has limited ability to process massive data, and there are some problems such as
poor segmentation effect and poor generalization ability.

High-resolution remote sensing images have complex features and are difficult to
classify. At present, some deep learning methods have performed well in natural image
segmentation tasks. If they are directly applied to remote sensing image segmentation,
there will be some challenges: 1. Data volume and quality: different from natural images,
the data volume of remote sensing images is usually small, and it is affected by clouds,
shadows, noise and other factors, resulting in unstable image quality, which may lead
to overfitting or underfitting of deep learning algorithms, thereby affecting classification
accuracy. 2. The multi-scale problem: remote sensing images usually involve multiple
scales and resolutions. At different scales, the object in the image has different appearance
and semantic information. Therefore, in the task of remote sensing image segmentation,
multi-scale information needs to be processed and fused to capture global and local infor-
mation, so that the model can classify the targets in the image more accurately. 3. Category
imbalance: remote sensing images usually involve multiple categories, some of which may
have few samples. This category imbalance may lead to bias in the model, that is, the model
tends to predict common categories in training, and the prediction of rare categories is
inaccurate. 4. Spatial and temporal issues: in remote sensing images, temporal and spatial
information are closely related. For example, images of the same area may be taken at
different times, and the location, shape, and number of targets may also change. Therefore,
spatio-temporal information needs to be considered when processing remote sensing im-
ages in order to better capture change information [1,10-16]. The deep learning method
can extract more and deeper feature information, which is suitable for the classification of
high-resolution images [17-20]. Long et al. [21] proposed a fully-connected convolutional
neural network (FCN), which migrates the feature extraction layer to the segmentation
task and updates these parameters through fine-tuning [22]. At the same time, in order to
achieve more precise segmentation findings, a unique structure is created to mix shallow
semantic information and high-level semantic information. Chen et al. [23] proposed a se-
mantic pixel-level segmentation network (SegNet). SegNet is a lightweight neural network
that uses an upsampling layer to increase the resolution of the segmentation results to the
same as the input image. In addition, SegNet uses an encoder-decoder structure with skip
connections and deconvolution layers to better preserve detail and semantic information.
Zhao et al. [24] proposed a pyramid network structure (PSPNet). PSPNet uses dilated
convolution for the convolution of the basic ResNet [25], and in the entire encoder coding
part, the features remain at the same resolution after the initial pooling layer. Auxiliary loss
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is introduced in training to help ResNet learning, and the Spatial Pyrmid Pooling module
is introduced to integrate semantic information in different regions to obtain better global
semantic information. In the same year, a multi-path refinement network was suggested
for high-resolution images segmentation (RefineNet) [26]. It is also based on making full
use of shallow and deep feature information, cutting the image input, and then extracting
the features, respectively. Sun et al. [27] proposed a high-resolution segmentation network
(HRNet). All throughout the procedure, HRNet maintains a high-resolution representation.
It achieves the purpose of strong semantic information and accurate location information
by connecting high-resolution and low-resolution convolutional flow branches in parallel
and continuously interacting with information between different branches. Pang et al. [8]
proposed a lightweight building and water segmentation network (SGBNet), in which the
channel pooling attention module extracts features through two different global pooling
modules. While improving the segmentation accuracy, the network is also more efficient
and lightweight. In conclusion, CNNs are usually composed of convolutional layers,
pooling layers, and fully-connected layers. For semantic segmentation tasks, the encoder-
decoder structure is generally used. The encoder is responsible for encoding the input
image information into low-dimensional features. The decoder is responsible for mapping
the low-dimensional features back to the original image size and outputting the classifi-
cation results of each pixel. For each application field, the appropriate network structure
and training strategy can be designed according to the specific situation to obtain the best
performance.

Recently, Transformer [28] has shown great value in some fields. Transformer is the
first transduction model that calculates its input and output representations purely using
self-attention, and does not require convolutional network or a sequence-aligned recurrent
neural network. According to the conventional model, ByteNet grows logarithmically,
ConvS2S increases linearly, and the number of operations needed to correlate signals at two
random input or output sites increases with distance. Learning the reliance between far-off
places is made more difficult as a result. In Transformer, this is reduced to a fixed number of
operations. ViT is proposed as a transformer for large-scale image recognition [29]. The core
process of ViT includes four parts: image block processing, image block embedding and
location coding, Transformer encoder and MLP classification processing. In the task of
migrating to small-scale data sets, it can achieve better performance than CNN, and success-
fully converts visual problems into natural language processing problems. Liu et al. [30]
proposed a Transformer structure with moving windows (Swin Transformer). Swin Trans-
former designs a shift window and performs self-attention calculation in the shift window.
The global information is fully interactive, which brings greater efficiency and performance.
At the same time, the operation of the moving window can make the adjacent two windows
interact with each other, thus achieving the ability of global modeling in disguise and
achieving good results in the segmentation task. Based on Swin Transformer and UNet [31],
swin-UNet [32] is proposed. It is based on the Swin Transformer module and constructs
a symmetric encoder-decoder structure with skip connections to perform corresponding
pixel-level segmentation prediction. Lu et al. [22] proposed a bilateral branch model based
on the traditional Transformer, using a strip convolution module in the encoder. The infor-
mation gathered by the two branches helps to guide each other and produce more accurate
segmentation renderings. In conclusion, the Transformer model is a neural network struc-
ture based on a self-attention mechanism, which is usually composed of an encoder and
decoder. For the semantic segmentation task, the encoder part of the Transformer model
can be used as a feature extractor to extract the high-dimensional feature representation of
the input image and input it into the decoder for pixel-level classification. CNN can only
model local features, while Transformer can model global information. Combining them,
a Transformer module can be introduced into CNN to capture longer-range contextual
information. This method can improve the edge and detail information of the object in the
image segmentation task.
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High-resolution remote sensing photos’ intricate spectral and spatial texture infor-
mation not only enhances the table’s finely detailed features, but also makes semantic
segmentation tasks more challenging. Due to the large difference in the size of various
types of features, neural networks need to effectively extract features of ground objects from
different angles. For example, the shooting angle and distance of some images, the light
intensity, the complexity of the terrain, including the diversity of landforms, the difference
between the size of urban waters and natural lakes, the density and diversity of urban
buildings and the sparseness of rural houses. More thorough criteria for the model of
the semantic segmentation task are put forth by these issues. Due to the lack of global
information interaction and the single calculation method, the traditional algorithm will
lead to a lot of noise when predicting, and the detection and recognition ability of some
areas similar to the pixels of non-target areas is insufficient. For some edge details, the loss
of information is large, and on the whole, it is prone to misjudgment. Convolutional neural
network-based approaches have difficulty learning explicit global and long-term semantic
information relationships because of the intrinsic constraints of convolution processes.
This research introduces a novel double-branch parallel image segmentation network in
response to the shortcomings of the existing approaches. The network is based on Swin
Transformer and CNN. In the stage of feature coding, the designed cross-scale multi-level
fusion module is used to connect the two branches, and the comprehensive semantic infor-
mation and spatial semantic information are extracted using CNN and Swin Transformer.
The multi-scale fusion module designed by us guides feature information extracted by
double branches to each other, giving full play to the characteristics of Swin Transformer’s
global information interaction, and making up for the errors in judgment brought on by a
lack of global information and long-term semantic information interaction of CNN. During
the feature decoding stage, the designed multi-scale fusion module is utilized to fuse the
high-level feature information in the coding stage and the low-level feature information
extracted by CNN, and the high-level feature information is used to direct low-level feature
information and upsample step-by-step. Through the joint action of several modules, our
network has significantly increased the segmentation precision.

2. Methods

At present, convolutional neural networks have a constrained receptive field and it is
difficult to capture global information [33]. The Swin Transformer network adds a mobile
sliding window to better capture global feature information and perform global informa-
tion interaction. The convolutional neural network has translation invariance and global
correlation, while these characteristics in the Transformer network structure are insufficient.
Taking into account the aforementioned factors, we propose a parallel combination structure
of both Swin Transformer and CNN. The segmentation accuracy and generalization ability
of the model in segmentation tasks are greatly improved. In addition, it can effectively
identify houses, waters and backgrounds in building and water tasks, and the segmented
boundary details are more delicate. Figure 1 depicts the parallel network’s general design,
which is mostly made up of encoders and decoders. Figures 2 depict the detailed layout
of each module. For a given image, first enter the encoder, enter the Swin Transformer
and CNN, extract the features information, and effectively fuse the features extracted by
feature fusion module designed in this paper, and pass the fusion parameters into the
Swin Transformer for further feature extraction. We use Swin Transformer as a branch
in the research. Compared with the traditional Transformer module, Swin Transformer
designs a moving window and performs self-attention calculation in the moving window.
The global information is fully interactive, which brings greater efficiency and performance.
At the same time, through the operation of the moving window, the feature information
interaction between the two adjacent windows can be realized, thus achieving the ability
of global modeling in disguise. Through the coding stage, highly detailed information is
obtained and the global information is fully understood. We propose a step-by-step fusion
upsampling module in the decoding stage. The feature information obtained through
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the convolutional network and the feature information obtained through the encoder are
upsampled step-by-step through the multi-scale fusion module. Through the sufficient
interaction of global information and the guidance of low-level feature information, some
disadvantages are mitigated. The model’s performance is significantly enhanced by the
four fusion upsampling modules, which gradually combine feature information from high
level to low level.
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Figure 2. CMFM module structure diagram.

2.1. Overall Structure

The article uses the parallel structure of Swin Transformer and Resnet50 convolution
network to draw different levels of information of images. Swin Transformer not only has
dynamic attention to focus areas, adding a moving window, but also has a global receptive
field and better generalization performance. CNN with Resnet50 as the backbone has
two characteristics: local perception and parameter sharing. Local perception refers to the
CNN’s proposal that each neuron just needs to sense the local pixels in the image rather
than all of them, and that this local information may subsequently be combined at a higher
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level to access all of the image’s characterization information. To enhance the performance
of the model, we design related modules to fully exploit the advantages of both.

2.2. Cross-Scale Multi-Level Fusion Module

To better improve the accuracy and predictive performance of models in buildings and
waters segmentation tasks, we propose a CNN structure Resnet50 and Swin Transformer
parallel network structure, but if we simply combine the two structures, we find that the
effect of the model is not obvious, which does not meet our task requirements. Considering
that two branches output different levels of characteristic information, in order to make full
use of the advantages of double branch parallel network, we design a cross-scale multi-level
fusion module (CMFM).

As shown in Figure 2, the fusion module we designed here has two branches. It is
assumed that the size of the feature map f; output by the Resnet50 branch is C; x H x W,
and the size of the feature map f, output by the Swin Transformer branch is C; x H x W,
where C; and C; represent the number of channels. The f; is first passed through a global
average pooling layer, which reduces the number of parameters. Global average pooling
can better reflect the global information and avoid overfitting. On the other hand, it
combines global spatial information and has stronger spatial conversion ability for input
images. The next step is to go through a 1 x 1 convolutional layer, then through the BN and
ReLu functions. Finally, the number of channels is changed from C; to Cp throughal x 1
convolutional layer to obtain the other side. We will first process a 3 x 3 convolutional layer,
then the BN and ReLu functions, and finally through a 1 x 1 convolutional layer. After that,
fout1 is obtained by adding the C; x 1 x 1and Cp x H x W size after two 1 X 1 convolutions,
and then fo,, is obtained by a BN and ReLu activation function again. After that, we add
the C; x H x W size f; to it by a residual operation to obtain f,,:3. In this paper, we obtain
the output f,,s3 and then process the convolutional block attention module (CBAM) to
finally obtain the output Y [34]. The above-mentioned process’s calculation formula may
be represented as:

A= (M sah)) )

fa= 1 o(£2 ), @
Y = CBAM(6(f1 + f2) + f2), 3)

f1(.) denotes a convolution operation with a convolution kernel of 1 x 1, f3*3(-) denotes
a convolution operation with a convolution kernel of 3 x 3, §(-) denotes ReLu activation.
The ReLu function is sparse, making the sparse model to more effectively extract pertinent
features and match training data. The specific calculation formula is shown in Formula (4).

5(x) = max(0, x), (4)

where x denotes the input of the ReLu function. g,(+) in Formula (1) denotes one-dimensional
average pooling, it calculates an average of all pixels of the feature map of each output
channel, and can well suppress overfitting. Here, it changes the feature map of C; x H x W
to the size of C; x 1 x 1. It compresses spatial feature information into channel dimension,
and integrates the global spatial information so that the global feature information can be
fully utilized. The specific calculation formula is shown in Formula (5).

8 = W ; p(i), (5)
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where p(i) represents the pixel value at the i-th position of the feature map. The calculation
formula of CBAM(-) in Equation (3) is as follows (assuming the input is F):

¢(F) = o(MLP(AvgPool(F)) + MLP(MaxPool(F)))
( L (Wo(Fsg) ) + Wa(WolFien)) ), ©
M;(F) = o(f7*7([AvgPool (F); MaxPool (F)])) )
(fm([ o W}))
= M(F)®F, ®)
CBAM =F"=M;(F)®F. )

In the above formula, the weights Wy and W; of MLP are shared. AvgPool(-) and
MaxPool(-) denote average pooling and maximum pooling operations. M,(-) represents
channel attention operation. M;(-) denotes spatial attention operation. f”*7(-) denotes
a convolution operation with a convolution kernel of 7 x 7. ® represents tensor matrix
multiplication. o(-) represents the sigmoid activation function.The sigmoid function can
play the role of normalization. Its calculation formula is as follows:

1

Tre™ 10

o(x) =
where x represents the input of the sigmoid function.

Figure 3 shows the actual effect of our CMFM module. Among them, (a) is the original
image, (b) is its label, (c) and (d) are the feature heat maps of the backbone model without
CMEFM module and with CMFM module, respectively. The feature heat map demonstrates
that some places that were originally concerned or had relatively low attention. Following
the addition of the CMFM module to the backbone network, the pixels in these regions—the
red portion of the feature heat map—were given more weight by the network. This proves
that the designed module is effective.

Figure 3. Characteristic heat map comparison of CMFM modules, (a) is the original image, (b) is its
label, (c,d) are the effect diagrams without module and with module, respectively.

2.3. Multi-Scale Fusion Module

In the decoding stage, if only a simple and crude upsampling recovery is output, it is
bound to lose more information, resulting in poor performance of the model; there will be a
misjudgment of the situation. To take full advantage of the global interactivity of the Swin
Transformer in our backbone network branch, and for high-level semantic features to be
used to direct low-level semantic features, we designed a fusion module similar to CMFM.
The feature representation of different scales can be captured by guiding at different scales.
Figure 4 is a multi-scale fusion module (MFM).
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Figure 4. MFM module structure diagram.

Two feature maps with the same scale size make up the module’s input, whose struc-
ture is shown in Figure 4. We assume that the two inputs are X; and Xj, respectively,
and the size is C X H x W, where C denotes the number of channels of the feature map,
H and W denote the height and width of the feature map. First, we add the two inputs
to obtain X3, and then parallel out of the two branches X31, X32; X31 through the global
average pooling, and then through a convolution kernel of 1 x 1 two-dimensional convolu-
tion, then through BN and ReLu function, and finally through a convolution kernel of 1 x 1
convolution operation to obtain the output X},. On the other side we direct X3, through
a convolution kernel for 3 x 3 two-dimensional convolution operation, the activation
functions for BN and ReLu also follow. At last, the output X}, is obtained by convolution
operation with convolution kernel of 1 x 1. Then we add the output of the two to obtain
the output X4, which is activated by sigmoid to obtain the weight s. Since the weight s
obtained after sigmoid activation is distributed between (0,1), here we use s and (1 —s) as
weight coefficients to weight X; and X3, respectively to obtain Xj,,; and Xp,,¢, and then
add them. To obtain the number of channels matching the next stage, the final output
Y is obtained by changing the channel through a two-dimensional convolution with a
convolution kernel of 1 x 1 (the dotted boxed CBAM module is only used in the last MFM
module, so Formula (15) is only used in the last MFM. The calculation formula has been
described above, so it is not repeated here). The calculation formula of the above-mentioned
process can be represented as:

Xy = U3 ( M gal(Xa + X)), (11
X3 :f1X1<5(f3X3(X1 +X2)), (12)
Xy = X3 + X3, (13)
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Y = N ((0(Xy) @ X1+ (1 - 0(Xy)) @ X)), (14)
Y = CBAM(Y), (15)

where g(-) denotes global average pooling, f3*3(-) denotes a 2D convolution with a 3 x 3
convolution kernel, f1*1(-) represents a 2D convolution with a 1 x 1 convolution kernel,
4(+) includes Batch Normalization and ReLU function activation, ® represents tensor matrix
multiplication, o (-) represents the sigmoid activation function.

The above modules together constitute our algorithm network. The network adopts
a two-branch parallel method. The convolution branch extracts detailed information to
obtain low-level semantic information, and the Swin Transfomer branch extracts contextual
information to obtain high-level semantic information. In the coding stage, the CMFM
module completely interacts with the contextual information by utilizing the benefits of the
two branch networks. In the decoding stage, the process gives full play to the advantages
of MFM module, step-by-step fusion recovery, and makes the segmentation boundary
more delicate, where in the case of complex backgrounds it can better identify waters
and buildings.

3. Results
3.1. Building and Water Dataset

In order to test its effectiveness in the semantic segmentation job of buildings and
waters, this paper created a buidings and waters dataset to train and validate the model.
In comparison to some other datasets, the dataset created in this experiment has a large
spatial span, more angles, and a complex background due to the low angle of view, which
necessitates more complex algorithms. The dataset comprises of 10,000 pairs of Google
Earth photos divided into the following categories: a riverfront residential complex in
China, a private villa in North America, and so on. After that, the photos were divided into
224 x 224 images, and the data was enhanced on these images. There are three different
kinds of strategies: the 50% horizontal flip, the 50% vertical flip, and the 10% random
spin, for example. The enlarged dataset can be improved, but it can also raise model
training process interference and improve the model’s generalizability. Architecture, water,
and background are the three object categories that have been manually assigned to these
pictures. Figure 5 displays the sliced image together with its label. A single type of image
was eliminated, and the remaining photos were then randomly split into an 8:2 training and
validation set. The dataset created in this experiment contains a rich variety of backgrounds,
which meet the experimental requirements and ensure that the experimental segmentation
accuracy will not be biased due to the single dataset type.

The following characteristics are present in the dataset: (1) of the objects in the dataset
selected in this paper, such as vehicles, some containers and some similar buildings, some
of them have large differences in color, as shown in Figure 5d, and some of the buildings
have a great similarity to the surrounding background color, as shown in Figure 5e, so
this puts forward higher requirements for the proposed model detection ability. (2) In this
dataset, we selected more coverage scenarios to better and more comprehensively test the
performance of our model. (3) Because the remote sensing satellite is different in angle
and spatial distance when shooting, the difficulty of segmentation is increased to a certain
extent. (4) In some dense buildings, some high-rise buildings’” shadows cast on nearby
low-rise structures causes a certain degree of interference to the segmentation of the model.
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Figure 5. Partial display of the land cover dataset. (a—e) are the display of different remote sensing
images and corresponding labels, respectively.

3.2. Waters Dataset

This paper selects the waters dataset for verification in order to more thoroughly
reflect the network’s ability to cope with edge characteristics, e.g., water area, to better
validate the generalizability of the network model it proposes. In this experiment, we select
China HJ-1A (HJ-1B) multi-spectral environmental remote sensing satellite images as the
required dataset. Additionally, the model’s capacity for generalization is examined.

Three visible and near-infrared spectral bands from the HJ-1A (HJ-1B) satellite charge
coupled device camera are used in the water dataset. In order to effectively utilize the waters
information, we selected a mix of bands 1, 2, and 4 to produce a three-channel waters image.
To prevent over-fitting and ensure the accuracy of experimental segmentation accuracy,
we cut the original image into 256 x 256 images and randomly flip, rotate, and scale the
experimental image. Here, we created 8000 waters datasets and divided them into training
sets and verification sets according to the 8:2 ratio column. The water dataset is a binary
dataset, that is, the model identifies two semantic categories of waters and background.
Figure 6 displays the cropped image and its labels.

(b) (©
- Waters - Background

Figure 6. Partial representation of the waters dataset. (a—d) are the display of different remote sensing
images and corresponding labels, respectively.

3.3. Inria Dataset

In order to further verify the generalization ability of the proposed model, we selected
the Inria Aerial Image Labeling Dataset. It is a public data set for computer vision and
machine learning research developed by the French National Institute of Digital and
Automation (Inria). The dataset contains a set of aerial images taken from high altitude,
covering some cities in southern France, and the ground coverage types include buildings,
trees and roads. Its resolution is 5000 x 5000 pixels. Here, we cut it into 256 x 256
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images and divided them into a training set and validation set according to the ratio of 8:2.
As shown in Figure 7, part of the data set is displayed.

o

il IR

- Background Buildings

Figure 7. Partial representation of the Inria dataset.

A machine with an NVIDIA RTX3080 graphics card was used to carry out all the
experiments in this study. The operating system adopted in this experiment is Windows
10. The construction of the experimental model in this paper is based on the deep learn-
ing framework of pytorch (2017). In terms of optimizer, this paper uses an adaptive
moment estimation optimizer, it combines the advantages of both momentum and RM-
SProp optimization algorithms, the first-order moment estimation of the gradient and the
second-order moment estimation, comprehensive consideration, and then calculates the
update step. The number of iterations is set to 300 in all of the experiments in this work
because, according to experimental observation, most experiments tend to converge after
200 iterations. The loss function used in the experiment is BCEWITH-LogitsLoss. Due to
the physical memory limitations of the computer’s graphics GPU, the experiment’s batch
size was set to 8. The experimental index is an important reference for evaluating the effect
of the model. Here, we use the mean pixel accuracy (MPA), pixel accuracy (PA) and mean
intersection over union (MIOU) on the union set as evaluation indicators. The following
are the MPA, PA, and MIOU formulae.

1 Pi;
MPA= 2% —"—, (16)
k=0T opiy
o Pij
i=0 2j=0 Pij
1 k Pij
MIOU = Yo : , (18)
k152058 o pii+ o pii — P

where k denotes the class of object segmentation (excluding background), P; ; shows the
real number, P; ; represents the number of pixels that belong to category i but are predicted
tobe j.

3.4. Ablation Experiment

We initially use Resnet50 as the backbone network, and then upsample each layer
and connect them for output. Then we add the Swin Transformer branch in parallel based
on Resnet50, and each layer of the two branches is added and up-sampled step by step
for addition and output. Then, to verify the efficiency of the models and modules created
in this research, we gradually add each module to the model. Here, the model’s primary
evaluation metric is MIOU. The ablation experiments are shown in Table 1
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Table 1. Results of ablation experiments in land cover datasets.

Method MIOU (%)
Resnet 82.59
Resnet + Swin Transformer 84.40
Resnet + Swin Transformer + CMFM 85.53
Resnet + Swin Transformer + CMFM + MFM 87.86

(1) To more effectively extract the image’s feature information, extract more scale
spatial location information, and fully carry out global information interaction, we first
simply add the Swin Transformer branch in parallel to the Resnet50 branch. Through the
experimental results, we find that the MIOU value can be increased to 84.40% when the two
branches extract features in parallel. (2) Two branches are added to the connection module
in parallel. For two branches in parallel, if each layer is simply added, there will be some
lost spatial and semantic position information. To fully extract the feature information and
improve how the high-level feature information directs the underlying feature information,
the overall recognition ability of the model and the processing of some detailed features
are improved. Based on this, this paper designs a cross-scale multi-level fusion module.
It is found that the MOIU value of the model was increased to 85.53% after adding the
CMFM module. (3) Ablation (MFM) for high-low information mutual guidance fusion
module: since the shape and size of some rivers are not constant in the building and water
segmentation task, some of the previous methods for river boundary treatment are not
delicate enough. To restore the characteristic information of the edge of the river including
some buildings, in this paper, we integrate low-level feature information extracted through
convolutional network and high-level feature information through the Swin Transformer,
utilizing the high-level feature information to direct the low-level feature information. We
processed the global feature pooling in the module, once again fully incorporating global
feature information interaction, improving the accuracy of the category area identification
and model performance. Finally, the MIOU value of our model reached 87.86%.

3.5. Contrast Experiment

We contrast our model with some excellent models for building and water segmen-
tation in this part, such as DABNet [35], FCN8s, PSPNet, DeeplabV3plus [36], Shuf-
flenetv2 [37], BisenetV2 [38], Dual-branch [22], and so on. The Deeplab series mainly
uses dilated convolution and pyramid pooling ASPP [25]. By using different dilated con-
volutions on a given feature layer, it can effectively resample and construct convolution
kernels of different receptive fields to obtain information of multi-scale objects. The Bisenet
series fuses the extracted deep feature information and spatial information through a
spatial branch and a semantic branch, and supervises model training through an auxil-
iary loss function. FCN solves the issue of semantic-level picture segmentation, as the
fully-connected layer of a traditional CNN is changed to a convolutional layer, which
classifies images at the pixel level [39]. The pyramid pooling module, which is the primary
component of PSPNet, may gather contextual information from several regions to boost
global information acquisition capacity [23]. The Shufflenet series uses grouping convo-
lution to group different features of the input layer, and then uses different convolution
kernels to convolve each group, thereby reducing the amount of convolution calculation,
mainly playing a lightweight effect. DABNet proposes a deep non-decomposable bottle-
neck module, which effectively uses asymmetric convolution kernel dilated convolution
to construct the bottleneck layer, generates sufficient acceptance domain, intensively uses
context information, and greatly reduces parameters.

Table 2 shows that SegNet has the worst segmentation effect, and the MIOU and MPA
values are only 80.06% and 89.06%. In general convolutional neural networks, PSPNet
(backbone adopts Resnet50) network has the highest segmentation accuracy, where the
MIOU value and MPA value can reach 86.61% and 92.88%, respectively. At the same
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time, the double-branch parallel network designed in this paper is compared with the
network swin UNet that improves the swin Transformer, where MPA is 90.00% and 94.11%,
and MIOU is 81.14% and 87.86%. Compared with these algorithms, our double-branch
parallel network achieves the optimal value in three indicators. Comparing our approach
to other models, it can be shown that it significantly improves segmentation, and our
model has a strong pertinence for semantic segmentation tasks of buildings and waters.
None of the semantic segmentation networks in the table pre-loaded the training weight,
and the training requirement parameters were set uniformly to ensure the fairness of the
comparison experiment.

Table 2. Experimental results compared to other algorithms.

Method PA (%) MPA (%) MIOU (%)
SegNet [40] 89.88 89.06 80.06
UNet [31] 92.96 92.19 86.27
PAN [41] 92.78 93.22 85.78
HRNet [27] 92.37 92.68 84.78
DFNet [42] 91.74 90.31 84.42
DeepLabV3+ [36] 92.83 93.42 86.18
BiSeNetV2 [38] 91.19 91.13 82.81
DANet [43] 92.16 92.50 84.25
DABNet [35] 92.61 92.33 85.38
ShuffleNetV2 [37] 90.63 89.75 81.08
PSPNet [24] 93.40 92.88 86.61
FCNS8s [21] 92.66 92.81 85.91
SwinUNet [32] 89.68 90.00 81.14
Dual-branch [22] 92.80 93.25 86.02
MFANet [12] 93.02 93.73 86.62
Ours 93.64 94.11 87.86

Figure 8 compares the prediction maps of some networks. We comprehensively verify
our network by comparing the prediction effect maps of seven remote sensing images.
Figure 8i is the label graph. Figure 8b—g are the experimental comparison results, Figure 8h
is the proposed network prediction rendering. The comparison shows that the effect map
predicted by the network model in this research is more accurate in detecting the buildings
and waters, and there is no omission overall. This is due to the fact that our double-branch
parallel structure fully exploits its own benefits. On the basis of the global information
interaction of Swin Transformer, the two modules we designed are added to the global
average pooling again. With the cooperation of these modules, the global information
interaction is continuously carried out. In addition, by using high-level feature information
to direct low-level feature information, some edge feature information of the segmented
target are repaired. Finally, we find that the effect prediction graph of the double-branch
parallel network model is the closest to the label graph, and our prediction accuracy is
the best.

Figure 8a is a remote sensing image, Figure 8b—h represent DeepLabV3, FCN-8s,
DABNet, PAN, PSPNet, UNet and the paper designed a double-branch parallel network,
Figure 8i is the label graph. To show the superiority of our network model over other net-
works more directly, the red box is used to mark some areas for more intuitive comparison.
It is clear that the double-branch parallel network designed in this research reduces the
occurrence of misjudgment and missed judgment by grasping the global information and
processing some details. The processing of some edge information is also relatively good,
and the segmentation accuracy is improved.
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Figure 8. Prediction comparison of different algorithms on land cover dataset. (a) Original image;
(b) DeepLabV3; (c) FCN-8s; (d) DABNet; (e) PAN; (f) PSPNet; (g) UNet; (h) our model; (i) Label.

3.6. Generalization Experiment
3.6.1. Waters Dataset

Considering the generalization ability of the double-branch parallel network model,
we chose to conduct experiments on the water dataset. Compared with the building and
water dataset, the water dataset can detect the segmentation ability of our model in more
complex background environments. In this research, we more thoroughly demonstrate the
superiority of the network using experimental comparison using several network models
on the water dataset, which increases the diversity of trials.

Here, our model is contrasted with some land cover neural networks, such as ESP-
NetV2, SegNet, DeepLabV3+, PSPNet, FCN8s and other traditional land segmentation
networks. This article also compares some of the latest improved networks on Transformer,
such as PVT (Pyramid Vision Transformer), VIT (Vision Transformer), CVT, conformer.
The experiment was carried out under the same conditions. The segmentation accuracy is
shown in Table 3. It is evident from the table that the segmentation accuracy of the model
utilized in this investigation, which came in at 96.38%, is the highest.

Figure 9 compares the predicted representations of various models from the waters
dataset. Among them, Figure 9a is the remote sensing image, Figure 9b-h represent CVT,
DeepLabV3+, DFN, FCN-8s, SegNet, ShuffleV2 and the double-branch parallel network
designed in this paper, Figure 9i is the label graph. Here, some areas are marked with
yellow boxes for more intuitive comparison. From the figure, we can see that our network
can still detect rivers well under different complex background conditions. Although other
models can also detect the river, in some small tributaries there will always be some missing
parts, and our model can be a good detector of small tributaries with the information. This
is because the two branches of our model can fully extract spatial feature information
and detail feature information, under the action of CMFM module, the global feature
information is fully interacted, which can better grasp the global information and accurately
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detect the location of the river. Finally, the MFM module guides the low-level feature
information by using the advanced feature information, making up for the lack of some
feature information.

Table 3. Compare experimental results with different models on a water dataset.

Method PA (%) MPA (%) MIOU (%)
Conformer [44] 96.81 96.19 91.65
SegNet [40] 97.48 97.04 93.35
ESPNetV2 [45] 98.23 98.09 95.27
GhostNet [46] 96.80 96.32 91.61
DeeplabV3+ [36] 98.14 97.50 95.08
DFNet [47] 98.11 97.82 94.96
CVT [48] 97.34 96.61 93.03
ShuffleNetV2 [37] 98.17 98.02 95.10
FCNS8s [21] 97.45 97.01 93.28
Dual-branch [22] 98.28 98.13 95.39
PVT [49] 97.88 97.75 94.34
VIT [29] 87.81 85.51 70.66
MFANet [12] 98.25 97.96 95.33
Ours 98.65 98.39 96.38

Figure 9. Comparison of prediction effects of different models in water dataset. (a) Original image;
(b) CVT; (c) DeepLabV3+; (d) DEN; (e) FCN-8s; (f) SegNet; (g) ShuffleV2; (h) our model; (i) Label.

3.6.2. Inria Dataset

The main task of the experimental model in this paper is to segment the remote sensing
images of buildings and waters. After the generalization experiment results on the waters
dataset, our model has a better segmentation effect on the waters. In order to further
fully reflect the ability of our model, we conducted generalization experiments on the
Inria dataset and compared it with some land segmentation network models, as shown in
Table 4.
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Table 4. Compare experimental results with different models on Inria dataset.

Method PA (%) MPA (%) MIOU (%)
DFNet [47] 93.95 91.20 82.98
CVT [48] 90.91 86.34 75.72
GhostNet [46] 91.40 87.01 76.93
MFANet [12] 94.47 92.04 84.28
SegNet [40] 94.21 91.20 83.78
HRNet [27] 93.89 90.08 82.85
DeeplabV3+ [36] 94.33 91.37 84.09
FCNS8s [36] 93.21 89.31 81.49
SGBNet [8] 94.12 91.52 83.36
PVT [49] 93.95 91.26 82.48
Dual-branch [22] 94.38 92.16 83.96
ShuffleNetV2 [37] 94.22 91.34 83.75
OCRNet [50] 94.77 92.27 85.13
Ours 95.27 92.66 86.19

From the table, we can see that the model designed in this paper has achieved the best
in all three indicators. The data show that the generalization ability of the model is strong
and persuasive. Figure 10 shows the comparison between our model and other models.
From the figure, we can see that the model designed in this paper still achieves good results
on the public data set Inria. Since our two-branch model complements the advantages of
CNN and swin Transformer through the designed fusion module, on the prediction effect
diagram, we can see that our model has achieved good results in both the processing of
edge details and the problem of misjudgment, which proves that our model has strong
generalization ability.

(e)

Figure 10. Comparison of prediction effects of different models in Inria dataset. (a) Original image;
(b) CVT; (c) DeepLabV3+; (d) DEN; (e) Dual-branch; (f) SegNet; (g) our model; (h) Label.

4. Discussion
4.1. About the Model

The network is based on Swin Transformer and CNN. In the stage of feature coding,
the designed cross-scale multi-level fusion module is used to connect the two branches,
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and the comprehensive semantic information and spatial semantic information are extracted
using CNN and Swin Transformer. The multi-scale fusion module designed by us guides
feature information extracted by double branches to each other, giving full play to the
characteristics of Swin Transformer’s global information interaction, and making up for
the judgment errors brought on by a lack of global information and long-term semantic
information interaction of CNN. During the feature decoding stage, the designed multi-
scale fusion module is utilized to fuse the high-level feature information in the coding
stage and the low-level feature information extracted by CNN, and the high-level feature
information is used to direct low-level feature information and upsample step-by-step.
Through the joint action of several modules, our network has significantly increased the
segmentation precision. The following are this paper’s main contributions:

1. A double-branch parallel network of Swin Transformer and CNN is proposed. The two
network structures extract feature information separately and aggregate the extracted
feature information, which can better improve the accuracy and generalization of
segmentation. Swin Transformer makes up for the deficiency of the limited receptive
field of convolutional neural network (CNN) and can better perform global infor-
mation interaction; in addition, CNN can make up for the lack of translation in the
variance of Transformer.

2. Considering the difference of feature information extracted from two branches, a cross-
scale bilateral feature aggregation module is proposed. This method can effectively
aggregate different levels of feature information and guide each other, so that more
feature information can be globally interacted. It effectively reduces the occurrence
of misjudgment. In the upsampling stage, an aggregation module is also proposed,
which fully utilizes high-level semantic information to direct low-level semantic
information, and recovers high-resolution pixel-level feature information and edge
feature information.

4.2. About the Experiment

In order to verify the ability of our model, this study conducted comparative experi-
ments and generalization experiments on the building water dataset and the water dataset
and the public Inria dataset. In the comparative experiment, our model is superior to other
classical network models in the three indicators. The PA value, MPA value and MIOU
value reached 93.64%, 94.11% and 87.86%, respectively. In the prediction effect diagram,
the model designed in this paper is compared with other networks regarding the problem
of misjudgment, as well as dealing with some edge feature information, which is used to
reflect the advantages of our dual branch network. CNN and Swin Transformer give full
play to their respective advantages under the action of the fusion module; more feature
information is globally interacted, and advanced feature information is used to guide
low-level feature information, making edge detail features more delicate. We conducted
generalization experiments on the water data set and the Inria data set. Similarly, from the
numerical and prediction effect diagrams, our network model is still superior to other
models, which proves that our model has better generalization ability.

4.3. Limitations and Future Prospects of the Model

Since both CNN and Transformer models have large computational overhead, our
work in the future is to further optimize the structure of the model while ensuring the
segmentation accuracy of the model, design more efficient model structure and more
effective training strategies to reduce training complexity and training difficulty.

5. Conclusions

In remote sensing images, house waters are important geographical indications. They
have important practical significance for land planning, water resources protection plan-
ning and geographic mapping. The segmentation task of buildings and waters is also an
important part of the land cover segmentation task. Existing image segmentation network
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models primarily employ CNNs to extract feature information from images. In order to
make up for the deficiency of CNN in feature extraction and better fully interact with global
semantic information, this paper presents a double branch parallel network structure algo-
rithm for segmentation task. In the coding process of the algorithm, we use Resnet50 and
Swin Transformer to extract features for the two branches, obtain rich context information
and spatial information, utilize the benefits of the two branches’ feature extraction informa-
tion to the fullest extent, and fuse the feature information extracted by different branches
through our fusion module, which provides rich pixel information for the upsampling
information recovery. In the process of decoding, we use a fusion module designed to
fuse the encoded high-level feature information with the feature information of ResNet50
branch, and use high-level feature information to direct low-level feature information.
Upsampling can gradually refine and restore high-resolution images and obtain more
spatial details. Compared with some of the current semantic segmentation network models,
our model has greatly improved the accuracy of segmentation in buildings and waters.
From the performance of different datasets, our model has good anti-interference and
recognition capabilities, and can accurately determine the location of waters and houses
in complex background environments, while the segmented edges are also more delicate.
In the future, in order to enhance the practical applications, we will further optimize the
model structure under the assumption of ensuring segmentation precision, and improve
the model training speed.
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Abstract: Weakly supervised semantic segmentation (WSSS) methods, utilizing only image-level
annotations, are gaining popularity for automated building extraction due to their advantages in
eliminating the need for costly and time-consuming pixel-level labeling. Class activation maps
(CAMs) are crucial for weakly supervised methods to generate pseudo-pixel-level labels for train-
ing networks in semantic segmentation. However, CAMs only activate the most discriminative
regions, leading to inaccurate and incomplete results. To alleviate this, we propose a scale-invariant
multi-level context aggregation network to improve the quality of CAMs in terms of fineness and
completeness. The proposed method has integrated two novel modules into a Siamese network:
(a) a self-attentive multi-level context aggregation module that generates and attentively aggregates
multi-level CAMs to create fine-structured CAMs and (b) a scale-invariant optimization module that
cooperates with mutual learning and coarse-to-fine optimization to improve the completeness of
CAMs. The results of the experiments on two open building datasets demonstrate that our method
achieves new state-of-the-art building extraction results using only image-level labels, producing
more complete and accurate CAMs with an IoU of 0.6339 on the WHU dataset and 0.5887 on the
Chicago dataset, respectively.

Keywords: building extraction; high-resolution remote sensing image; weakly supervised semantic
segmentation; self-attentive aggregation; class activation map

1. Introduction

Automatic building extraction from high-resolution images has become an active
topic in the field of remote sensing in recent decades. It plays a vital role in a variety of
applications, such as urban monitoring [1], population and economic estimation [2], and
geospatial database making and updating [3]. Building extraction aims to classify each
pixel as building or non-building, which can be regarded as binary semantic segmentation.
However, this task is very challenging due to the difficulty in distinguishing between
buildings with complex appearances and varying scales in high-resolution images with
rich details and intra-class variance characteristics [4].

Convolutional neural networks (CNNs) have gained widespread popularity in various
domains in recent years, including computer vision [5], climate change [6], and industrial
detection [7,8]. With remarkable success in image segmentation, CNNs have been applied
to building extraction from high-resolution remote sensing imagery using networks such
as UNet [9], DeeplabV3+ [10], and PSPNet [11]. Researchers have also proposed building-
specific approaches based on analyzing the characteristics of buildings, which have shown
promising results [12-15]. However, these approaches have limited applications due to the
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need for a large number of pixel-level annotations, which are time-consuming and labor-
intensive to collect. Instead, weakly supervised semantic segmentation (WSSS) tries to
alleviate this issue by utilizing weak supervision, such as image-level labels [16], bounding
boxes [17], and scribbles [18]. As image-level labels are more readily available than other
forms of supervision, this paper focuses on weakly supervised building extraction using
image-level labels.

Image-level labels only indicate the presence or absence of buildings in the image
without any localization cue, making it challenging for WSSS to achieve compelling re-
sults with fully supervised semantic segmentation. Fortunately, a class activation map
(CAM) [16] is proposed to perform object localization only using image-level labels. Most
advanced WSSS approaches are based on CAM and follow a three-stage learning paradigm:
(1) using image-level labels to train a classification network to obtain the initial CAMs;
(2) refining the initial CAMs to generate pseudo-pixel-level labels by semantic affinity-
based methods [19], dense conditional random fields (CRF) [20] or saliency detection
methods [21]; and (3) training a semantic segmentation network with these pseudo-labels.
As supervised information is only utilized in the first stage, the key to the WSSS method
is generating a promising CAM that is accurately activated on entire objects and not the
background. To this point, many methods have been extensively investigated in the field
of computer vision [22-26] and have shown effectiveness in processing natural scene im-
ages. However, these methods may not be suitable for high-resolution remote sensing
images, which often contain vast amounts of visual information, significant spatio—spectral
variability, and a much wider field of view [27].

In recent years, the remote sensing community has seen a growing interest in uti-
lizing WSSS techniques for building extraction in high-resolution images. Advances in
this area have resulted in several notable contributions, such as the SPMF-Net [28], which
incorporates a superpixel-pooling mechanism to enhance the CAM and better preserve the
shape and boundary information of buildings. The MSG-SR-Net [29] further advances this
line of research by integrating a multi-scale generation strategy to improve the fineness of
the CAM. Other methods, such as that of Li et al. [30], have utilized conditional random
fields (CRF) to optimize both the CAM and segmentation results. In an effort to learn more
building-specific information and encourage the network to perform more accurately, some
studies have explored the exploitation of inherent relationships, such as pixel affinity [31]
and adversarial information [32], to benefit building representation. Despite the demon-
strated effectiveness of these techniques, the quality of the pseudo-labels generated by the
CAM remains a critical factor affecting the performance of WSSS for building extraction.
As illustrated in Figure 1, the CAMs often only activate the most discriminative regions,
making it challenging to generate complete buildings. Furthermore, over-activation and
under-activation of the CAMs can result in fuzzy boundaries, presenting opportunities for
further improvement in the performance of weakly supervised building extraction.

Image

(b)

Figure 1. Visualization of CAMs generated by GradCAM++: (a) CAMs generated at different levels;
(b) CAMs generated from different scales.
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The limitations in building extraction using weakly supervised methods stem from
the absence of localization information in image-level labels, creating a supervision gap
between fully and weakly supervised methods. To overcome this challengg, it is crucial
to incorporate more spatial information into the weakly supervised method, such as by
utilizing the outputs of various layers in a neural network. As depicted in Figure 1, our
research findings indicate that the CAM generated by lower-level layers possesses more
details, and also more noise, than the CAM produced by high-level layers. By effectively
combining CAMs from various levels, the accuracy of the CAMs can be significantly
improved. Furthermore, our observations suggest that CAMs generated at different image
scales do not always align with the scale variations of the buildings. The CAM generated at
a coarser scale tends to highlight the complete area of the buildings but lacks detail at the
boundaries, whereas the CAM generated at a finer scale exhibits the opposite trend. This
discrepancy can serve as supervisory information to enhance the integrity of the building
representations in a CAM.

Based on the above observation and analysis, we present a unified network that
aims to enhance the quality of a CAM with regard to building representation. This is
achieved through two key improvements to CAMs: (1) multi-level context aggregation
for fine-structured refinement and (2) utilization of multi-scale supervision for integrity
improvement. To achieve the first improvement, we introduce the self-attentive multi-level
context aggregation module (SMCAM), which is based on GradCAM++ [23]. This module
generates CAMs from multiple levels while suppressing noise in the network and uses a
self-attention mechanism to effectively combine these CAMs, resulting in a more refined
representation of building structures. For the second improvement, we propose the scale-
invariant optimization module (SIOM) to further improve the integrity of CAMs. This
module uses CAMs generated on a coarse scale as pixel-level supervision, guiding the
network in learning to improve the integrity of the CAMs, thus ensuring that the CAMs
are more aligned with the scale variation of buildings. Therefore, by incorporating the
two enhancements, the proposed unified network is capable of generating high-quality
CAMs that not only preserve fine structures but also ensure the integrity of the building
representation. This leads to more reliable pixel-level training samples that are crucial for
the performance of subsequent semantic segmentation steps. The main contributions of
this study are summarized as follows:

e A self-attentive method that effectively generates and aggregates multi-level CAMs is
proposed to produce fine-structured CAMs;

* A scale-invariant optimization method that incorporates multi-scale supervision is
proposed to improve the completeness of CAMs;

*  The Siamese network that integrates the above two improvements with designed
losses is introduced with the aim of narrowing the supervision gap between fully and
weakly supervised building extraction.

The organization of this paper is as follows: In Section 2, we give a comprehensive
overview of previous studies on building extraction and weakly supervised semantic
segmentation methods. The proposed network and its crucial components, SMCAM
and SIOM, are thoroughly explained in Section 3. In Section 4, the performance of the
proposed network is evaluated and compared with existing methods on two commonly
used building datasets. A thorough analysis and discussion of the results are presented in
Section 5, followed by the conclusions and future work in Section 6.

2. Related Works

This section presents a comprehensive overview of the most recent deep learning
methods for building extraction from high-resolution remote sensing images. With the
rapid advancements in the field, many researchers have proposed new techniques for
weakly supervised semantic segmentation and building extraction specifically. Instead of
giving a complete assessment of all current approaches in the field, this review only focuses
on the related studies.

43



Remote Sens. 2023, 15, 1432

2.1. Building Extraction

Recently, fully convolutional networks (FCNs) have gained significant attention in
the remote sensing community for their ability to perform efficient and accurate building
extraction from high-resolution images. As a type of convolutional neural network (CNN),
FCNs use a combination of a convolutional encoder and decoder to make dense predictions
for every pixel in the input image, which makes them a promising solution for building
extraction tasks. Studies have shown that FCNs for building extraction outperform tradi-
tional methods that rely on hand-crafted features in terms of accuracy and computational
efficiency [12,15,33-42]. Some of these studies modify existing semantic segmentation
networks to adapt them to building extraction, such as Schuegraf and Bittner [12], who
combine two parallel U-Net-like [9] FCNs to extract the spatial and spectral features, re-
spectively, and then fuse them to extract buildings and Yuan et al. [40], who improve
PSPNet [11] by adding a designed feature pooling layer to capture both local and global
relationships in building extraction. Others have proposed FCN models for building
extraction that are specific to building characteristics. Guo et al. [42] propose a novel
coarse-to-fine boundary refinement network (CBR-Net) that accurately extracts buildings.
Li et al. [39] develop the CrossGeoNet with a Siamese network and a cross-geolocation
attention module to provide the general building representation in different cities. There
are also FCN models that utilize auxiliary data, such as digital surface models [36,38], to
improve building extraction results.

The aforementioned methods can produce desirable outcomes; however, they heavily
rely on large quantities of pixel-level annotations during training. To mitigate this issue,
semi-supervised, unsupervised, and weakly supervised methods have emerged as alterna-
tives for building extraction. Existing semi-supervised building extraction methods can be
divided into three categories: self-training, generative adversarial network (GAN)-based,
and consistency regularization methods [43]. Self-training models are trained with labeled
samples, and then predictions for unlabeled samples are utilized as pseudo-labels for
supervised training [4,44]. GAN-based methods mainly use limited annotated data to train
the generators, which, in turn, generate synthetic annotations for the unannotated training
images [45]. Consistency regularization methods can learn the distribution of unlabeled
data by detecting the consistency of the output before and after perturbation [46]. However,
these methods still rely on pixel-level labels in essence. Moreover, some researchers have
attempted unsupervised building extraction [47]. As expected, the task presents significant
challenges, and much progress must still be made before it can be accomplished success-
fully. More studies are focused on weakly supervised building extraction and are based on
annotations that are less supervised than pixel-level labels, such as scribbles [48], image-
level labels, and bounding boxes. In this paper, the approach taken is a weakly supervised
segmentation method that exploits image-level labels, as described in the next subsection.

2.2. Weakly Supervised Semantic Segmentation

Weakly supervised semantic segmentation (WSSS) methods with image-level la-
bels have gained widespread attention in the field of computer vision due to their cost-
effectiveness as compared to pixel-level labeling. WSSS methods typically involve localizing
objects with class activation maps (CAMs), generating pseudo-labels from CAMs, and
training a semantic segmentation network. However, native CAMs [16,23] tend to produce
inaccurate pseudo-labels as they only highlight the most discriminative regions, which
are often incomplete and rough for objects. Hence, as the key to WSSS, many efforts
have been made to improve CAMs for more complete object localization, such as iter-
ative erasing [49], random dropping [50], super-pixel pooling [25], and local-to-global
transferring [51]. Other studies have focused on refining CAMs using techniques such
as multitask learning [52], region growing [53], pixel affinity [19], and inter-pixel rela-
tions [54]. Researchers also believe that the limitations of WSSS methods can be attributed
to the supervision gap between the classification and segmentation tasks and have thus
proposed methods to introduce auxiliary supervisory information to narrow this gap.
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Wang et al. [24] propose SEAM to exploit pixel-level supervision through constraints be-
tween various affine changes. Du et al. [22] explore pixel-level supervisory signals with a
combination of contrastive learning and consistency regularization. Sub-pixel supervision
information is also introduced to compensate for the lack of supervision information [55].
Although these WSSS methods have achieved promising results for handling natural im-
ages in the field of computer vision, they may struggle to perform efficiently with remote
sensing images as they are not specifically designed for this domain. Generalizing weakly
supervised methods to different domains remains a challenge, as has been established
by research [27].

Researchers have recently started exploring the potential of weak supervision in build-
ing extraction from remote sensing imagery, recognizing the need for methods specifically
tailored to building characteristics to improve the accuracy and consistency of building
representations in CAMs. Several studies have been conducted to address this challenge
and enhance the quality of CAMs. For example, Fu et al. [56] develop WSF-Net for binary
segmentation in remote sensing images and address class imbalance through a balanced
binary training approach. MSG-SR-Net [29] further improves CAM fineness by integrat-
ing a multi-scale generation strategy. Meanwhile, methods such as conditional random
fields by Li et al. [30] and superpixel pooling by Chen et al. [28] have been utilized to
explore the spatial context and enhance building representation, respectively. The use of
semantic affinity [32] and pixel affinity [31] has also been shown to improve the quality
of CAMs. In contrast to these methods, we propose a novel WSSS method, based on the
observations of CAM (Figure 1), which addresses two crucial aspects: multi-scale and
multi-level. By generating and aggregating CAMs at multiple levels and training the
images with multi-scale inputs, our method generates auxiliary pixel-level supervised
information. This interplay of multi-scale and multi-level results in higher-quality CAMs
compared to existing methods. It is noteworthy that MSG-SR-Net also leverages multi-level
CAM fusion; however, our approach incorporates a self-attentive mechanism that enables
CAMs to automatically calculate their importance during fusion, thus preserving valuable
information and suppressing noise.

3. Scale-Invariant Multi-Level Context Aggregation Network

This section provides a description of the methodology and design of the network.
Firstly, we define the problem context and describe the process of generating a CAM.
Secondly, the overall architecture of the proposed network is presented. Thirdly, we delve
into the two modules that are utilized to improve the quality of the CAMs with respect
to building characteristics. Finally, we discuss the loss functions that are used in the
proposed network.

3.1. Prerequisites

The problem of weakly supervised building extraction can be defined as follows:
Given a set of images and corresponding image-level labels, the goal is to learn a model
that can predict a pixel-level segmentation mask for the buildings in the image. Specifically,
each training image, represented as Ip € R"*H*3 in dataset D, is associated with a binary
image-level label y € {0,1}, where 1 indicates the presence of buildings in image I and
0 indicates their absence. Since the image-level labels do not provide any localization
information, current methods typically follow a two-stage approach to tackle this task, i.e.,
first training a classification network to identify regions in the image that correspond to
buildings, and then using these regions to generate pseudo-labels for training a semantic
segmentation network for building extraction. The majority of existing WSSS approaches
rely on CAMs to produce the localization map. The training phase of the task can be
formulated as follows:

M = ]:CAM(I|I'DIYD) c RWXHXZ, Ypred = 'FSEG(”IDI‘Fpseudo(M)) c RWxHx2 1)
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Here, M represents the CAMs for the image I generated by the classification network
Fcam, which is trained on the image Ip and corresponding image-level labels yp in dataset
D. Fggg is an FCN network for semantic segmentation, and Fpseudo is used to generate
the required pseudo-pixel-level labels. The final score map of the buildings is denoted by
Ypred- Accurate and complete CAMs are crucial for the success of semantic segmentation,
as they significantly influence the performance of the pseudo-labels. Therefore, this paper
focuses on improving the generation of CAMs for building extraction.

The proposed network is based on GradCAM++ [23] to improve the quality of CAMs.
We chose GradCAM++ due to its two key features. Firstly, it can be loosely considered as
a generalized version of the original CAM with an improved ability to localize features.
Secondly, it does not require any modifications to the network, preserving the original
classification network’s learning capabilities. GradCAM++ generates a visual explanation
for the specified class label c by using a weighted combination of the positive partial
derivatives of the last convolutional layer’s feature maps with respect to the class score,
which is calculated as:

M = relu(Za,CCAk) ()
k

where Ay denotes the k -th channel of the output feature map generated by the last convo-
lutional layer. The rectified linear unit, relu(), filters out the features with negative values,
where relu(x) = max(0,x). af denotes the weight of class c corresponding to the k -th
channel, which is calculated as follows:

92Y¢
042 aY*
c k
o = - relu( ) 3)
k 2y¢c BYe JA
2 oAz T LAk 543 k
Y 92Y°¢ 3ye . . .
where A AT and e represent the first-order, second-order, and third-order gradients

of the prediction score Y*, respectively. For computational convenience, it is common to
make Y¢ = exp(fc); here, f; is the output score of the classification network.

It should be noted that the CAMs generated by GradCAM++ have the same size
as feature map A and are not normalized. To make them more suitable for subsequent
processing, we resample them to the size of the input image and normalize them using the
following formula:

M — MIN(M)

M= MAX(M) — MIN(M)

(4)
where MAX() represents the maximum value, and MIN() represents the minimum value.

3.2. Overall Network Architecture

We proposed a network for the task of weakly supervised building extraction, as
depicted in Figure 2, which leverages multi-level features and multi-scale information to
improve the quality of CAMs. It consists of three main components: a Siamese classification
network, the self-attentive multi-level context aggregation module (SMCAM), and the
scale-invariant optimization module (SIOM). The Siamese network utilizes shared weights
to classify two input images with different scales, utilizing the ground-truth image-level
labels as the target. Both images are processed simultaneously using the same network
architecture, which can be designed based on well-known networks, such as ResNet [57]
and VGG [58]. The main purpose of the Siamese network is to generate multi-level features
at different scales through training with an image-level labeled dataset. The other two
modules are designed to utilize these features to guide the improvement of the CAM.
Specifically, SMCAM generates multi-level CAMs based on GradCAM++ and fuses these
CAMs through a self-attention mechanism. SIOM further exploits these features to improve
the integrity of CAMs by mutual learning between different scale supervisions. Both
modules are described in more detail in the subsequent subsections.
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Figure 2. The framework of the proposed network.

It is noteworthy that the proposed network takes two images of different scales as
input during the training phase in order to provide multi-scale supervision. During the
inference phase, the network only requires a single input image, and the CAM is generated
through sequential optimization of SMCAM and SIOM.

3.3. Self-Attentive Multi-Level Context Agqregation Module

The proposed module, SMCAM, is designed to address two major problems in build-
ing extraction tasks: the generation of multi-level CAMs and the aggregation of these
CAMs. The main aim of SMCAM is to utilize GradCAM++ to generate CAMs at different
levels of a deep neural network and to aggregate these CAMs to produce more detailed
CAMs. To achieve the first goal, we utilize GradCAM++ to backpropagate gradients from
score maps to any nodes of the network (such as the red dot on each ResNet Block in
Figure 3). However, it is observed that CAMs generated from low-level features may
contain a significant amount of noise, making them challenging to use directly. This noise
is mainly due to two factors: disturbance introduced during gradient backpropagation
due to the long path and presence of noise in the low-level features themselves. To tackle
these issues, SMCAM introduces auxiliary classification branches at each node to improve
the semantic depth of low-level features and shorten the gradient backpropagation path.
These branches consist of a 1x1 convolutional layer with 1024 output channels, followed
by an average pooling layer, which ultimately outputs an image-level score. The auxiliary
classification branches enhance the semantic information in low-level features, making the
generated CAMs more useful for the building extraction task.

To achieve the second goal of aggregating multi-level CAMs, our proposed module
incorporates an attention-based mechanism. Unlike traditional fusion methods, such as
averaging and concatenation, which ignore the relative importance of features at different
levels, our model aims to learn the varying contributions of each level for every pixel in
the CAMs. Specifically, the process starts with passing the feature maps generated by
the average pooling layer of each auxiliary branch through the channel average pooling
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layer, generating a score map for each level, | € {1,.., L}, where each score map has
a single channel. The score maps are then upsampled to match the size of the CAMs.
Mathematically, let H; denote the weight score generated at level /. A softmax function is
applied across the levels to compute the specific weights, w;, of the CAMs for each level:

Yl exp(H))

Finally, the CAMs are aggregated into a single map, M, through a weighted sum of
the score maps of all levels, as calculated by:

L
M = ZWZMZ, (6)
I=1

where M! represents the CAM generated by GradCAM++ at the auxiliary branch of level
I, and the weights are determined by the softmax function applied to the weight scores
generated at each level.
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Figure 3. The structure of self-attentive multi-level context aggregation module.

3.4. Scale-Invariant Optimization Module for Improving Integrity of CAMs

Although the CAMs generated by SMCAM utilize multi-level features, there still exists
a drawback in that the generated CAMs may not cover the entire building object, as they
often struggle to activate the most discriminative regions without adequate pixel-level su-
pervision. One of our key observations is that CAMs generated by the classification network
for different scales of input images activate different regions for building objects, providing
valuable additional supervisory information. Therefore, we proposed the scale-invariant
optimization module (SIOM) to leverage this multi-scale information. As illustrated in
Figure 2, SIOM consists of two crucial parts: a mutual learning mechanism of CAMs and
hierarchical feature optimization. For the former, a mutual learning mechanism benefits
from the architecture of the Siamese network, which consists of two subnetworks with
shared parameters that process two different scale images simultaneously and generate a
series of CAMs at different scales under two scales with SMCAM. By motivating CAMs
of different scales to be similar at multiple levels, the network can learn scale-invariant
representations that better capture complete building objects. Therefore, we proposed
the multi-level invariant constraint loss £ ;¢ by extending the equivariant constraint to
multiple levels, as presented in the next subsection.
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For the latter, although the multi-level invariant constraint loss can provide additional
pixel-level supervision at multiple levels, the CAM generation is still limited to the framework
of the classification networks. To alleviate this, we further propose a separate learnable branch,
or hierarchical feature optimization, for enhancing the completeness of a CAM. In particular, it
optimizes a CAM in a progressive manner, leveraging progressively the image and multi-level
features generated by the classification network through a three-stage process, as shown in
Figure 4. The first two stages utilize self-attention mechanisms to uncover non-local relation-
ships [59] within the multi-level features of the classification network, resulting in improved
object integrity. Each stage consists of two convolutional layers with learnable parameters. The
optimization process can be mathematically expressed as follows:

M’ = softmax(xTW{ Wyx) M, (7)

where M’ denotes the optimized CAM. W; and W, denote the parameters of the first and
second convolutional layers, respectively. The utilized features are indicated by x, for
stage 1, x = [x4, Down(xy)| and for stage 2, x = [x3, Down(x;)]|, where [] and Down()
denote the concatenating and downsampling, respectively. This self-attention mechanism
essentially uses the relationships between all of the pixels in feature maps to refine the CAM
and has been shown to be particularly effective at mining global relationships. However, as
the size of the CAM increases, the size of the attention map W] W, increases exponentially,
leading to memory explosions on the graphics card during training; hence, we only use this
mechanism in the first two stages. In the third stage, we fully exploit the local information in
the image, which is used to enhance the detail stages of the CAM. We use a fixed-parameter
pixel adaption convolution [60], and the optimization process can be represented by the
following equation:

M= ) DM, (8)

JEN (i)

where M; denotes the value at pixel i in the CAM; N (i) denotes the set of neighboring pixels
of pixel i; and D denotes the affinity map, where D; ; denotes the similarity relationship
between pixel i and pixel j, as calculated by the following equation:

o exp(k(Iy 1)
Y e exp k(L 1)

where I; denotes the spectral vector at image pixel i; k is the kernel function, where the
Gaussian function is used, i.e., k(I;,1;) = exp(—1(I; — I)T(I; - 1;)); and the softmax
function is used to normalize. It is important to note that this operation is distinct from the
Hadamard product, as indicated by the notation © in Figure 4. The parameters of SIOM
are learned by comparing optimized and unoptimized CAMs on two scales. The gradient
propagation path of this module is detached from the classification network to prevent
interference with learning classification representation. By optimizing the hierarchy of
non-local and local information, the problem of building edges and integrity can be solved
to a large extent, effectively improving the quality of the CAM for building extraction.

It should be noted that the basic architecture of SIOM is inspired by SEAM [24] but has
three differences. Firstly, we are based on GradCAM++, which is more generalized than the
original CAM applied in SEAM. Secondly, we propose hierarchical feature optimization,
which can utilize multi-level features and images to optimize CAM with regard to building
extraction. Thirdly, our loss function is specifically designed to address the objective
of building extraction. Therefore, the proposed SIOM is more appropriate for weakly
supervised building extraction than SEAM.

D )
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Figure 4. The structure of scale-invariant optimization module.

3.5. The Design of Loss Function

Since only image-level labels are available, the design of the loss function is excep-
tionally important in order to introduce more supervised information, especially some
pixel-level supervisions. In summary, the total loss of the proposed network is defined
as follows:

Larr = Lers + Lmvic + Lecr, (10)

where the classification loss is denoted as L5, which exploits image-level supervision,
and £ysc is the multi-level invariant constraint loss in SIOM. The equivariant cross regu-
larization loss Lgcr is adopted to train the branch of hierarchical feature optimization.

The binary cross-entropy loss is utilized as the classification loss in the proposed
network and is defined as follows:

ClS - Z ynlog ypred n) (1 - yn)log(l - ypred,n))r (11)

where N is the batch size; y,,.s denotes the output of the classification network and y;, is
the corresponding image-level label. The network is a Siamese network and can generate
two scores for the original image I and the rescaled image I, respectively. In addition,
the proposed SMCAM module has multiple output branches for various levels. The
classification loss of the network is made up of many sub-losses, which is described below:

L
£CLS = 'Ccls + 'Ccls Z cls cls (12)

where £, and £, are the losses calculated for the Siamese network, while SMCAM at
level [ has its own losses, represented by £!,_and £/,

The multi-level invariant constraints (MIC) loss is built with a multi-level equivariant
metric based on the L1 loss. The aim is to enhance the CAMs generated by different
branches of the Siamese network through multiple levels of features, leading to scale-
invariant features that result in more complete building representations in the CAMs. The
calculation of this loss is described below.

Lmic = 2 1M —up(81')]1, (13)

where || - || denotes the L1-norm, and up(-) denotes the upsampling.
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For the equivariant cross regularization loss, we refer to the SEAM [24], which can be
represented as:

1 . _
Lecr = S(IM" —up(M)|l1 + lup(M") = M|11), (14)

where M" is the CAM optimized by hierarchical feature optimization; M denotes the CAM
generated by SMCAM the from rescaled image. This loss can further improve the quality
of the CAMs and prevent degeneration.

4. Experiments
4.1. Experimental Datasets

The proposed method is evaluated using two publicly available high-resolution remote
sensing datasets, namely the WHU Building Dataset [34] and the Inria Aerial Image
Labeling Dataset [61]. The WHU Building Dataset (abbreviated as “WHU dataset”) consists
of 8189 tiles with 512 x 512 pixels, covering approximately 450 km? in the Christchurch
area. Each image has three channels (RGB) and a spatial resolution of 0.3 m. These
images are divided into 4736, 1036, and 2416 patches with corresponding ground-truth
labels, which are then split into training, validation, and test sets. The Inria Aerial Image
Labeling Dataset includes images and building labels for 10 cities, with a subset dataset of
Chicago (abbreviated as “Chicago dataset”) selected for the experiment. It contains 36 color
image tiles of 5000 x 5000 pixels with a 0.3 m spatial resolution. All of these images have
corresponding building annotations and are divided into a training set of 24 images, a
testing set of 8 images, and a validation set of 4 images in this experiment.

Both datasets provide pixel-level labels and are primarily used to test and evaluate
fully supervised building extraction methods. For the proposed weakly supervised method,
only image-level labels are utilized to train the model. Therefore, pixel-level labels are used
to generate image-level annotations for evaluating the method. Following the preprocessing
in previous works [29] and [32], the images are cropped into patches with 256 x 256 pixels
and a stride of 128 pixels. The image-level labels of these patches are determined by the
percentage of building pixels in the pixel-level annotations. Specifically, patches with
more than 22 percent of building pixels (about 2/9) are labeled as building, while patches
with a percentage of 0, i.e., without any building pixels, are labeled as non-building. The
remaining patches with a percentage between 0 and 22 are simply ignored. After processing,
the WHU dataset contains 27,879 image patches for training, with 14,316 building patches,
13,563 non-building patches, and 18,364 patches for testing. The Chicago dataset contains
24,736 patches for training, including 12,793 building patches, 12,943 non-building patches,
and 11,020 patches for testing. Some processed examples from both datasets are shown
in Figure 5. To gain a better understanding of these two datasets, we utilize t-SNE [62] to
visualize the feature distributions of both datasets. The features are extracted from the last
layer output of a residual neural network [57]. Despite having the same resolution and
purpose, the t-SNE visualization (Figure 5b) reveals that the feature distributions of the
two datasets are notably distinct.

t-SNE visualization of datasets
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Figure 5. Sample images (a) and t-SNE visualization (b) for two datasets.
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4.2. Experimental Setup
4.2.1. Methods for Comparison

In the experiments, seven WSSS methods are compared with the proposed method

for the selected datasets. The main information about these methods, including ours, is
summarized as follows:

CAM-GAP: Zhou et al. [16] propose CAM-GAP for discriminative localization by
adding a global average pooling modification to the network. It actually builds a
generic localizable deep representation that can be applied to weakly supervised
semantic segmentation;

GradCAM++: Chattopadhay et al. [23] propose GradCAM++ based on gradients
without changing the network structure. Its goal is to provide a visual interpretation
for CNN-based models and can also be used for WSSS. It can be regarded as the
generalization of a CAM;

WILDCAT: Durand et al. [26] introduce WILDCAT to simultaneously align image regions
for spatial invariance and learn strongly localized features for WSSS. It uses a single
generic training scheme for classification, object localization, and semantic segmentation;
SPN: The superpixel pooling network (SPN), proposed by Kwak et al. [25], utilizes su-
perpixel segmentation of the input image as a pooling layout to cooperate with low-level
features for semantic segmentation learning and inferring. The network architecture
decouples the semantic segmentation task into classification and segmentation, allowing
the network to learn class-agnostic shapes prior to the noisy annotations. It achieves out-
standing performance on the challenging PASCAL VOC 2012 segmentation benchmark;
WSF-Net: WSEF-Net [56] is proposed for binary segmentation in remote sensing images
with the potential to handle class imbalance through a balanced binary training
strategy. It introduces a feature fusion strategy to adapt to the characteristics of objects
in remote sensing images. The experiments achieve a promising performance for
water and cloud extraction;

MSG-SR-Net: MSG-SR-Net is proposed by Yan et al. [29] for weakly supervised
building extraction from high-resolution images. It integrates two modules, i.e.,
multiscale generation and superpixel refinement, to generate high-quality CAMs so as
to provide reliable pixel-level training samples for subsequent semantic segmentation.
It achieves excellent performance for building extraction;

SEAM: The self-supervised equivariant attention mechanism (SEAM) is proposed by
Wang et al. [24] for WSSS. It embeds self-supervision into the weakly supervised
learning framework through equivariant regularization, which forces CAMs gener-
ated from various transformed images to be consistent. It achieved state-of-the-art
performance on the PASCAL VOC 2012 dataset;

Ours-SIOM: The proposed method that only utilized SIOM. The CAM is generated by
GradCAM++ at the last convolutional layer;

Ours-SMCAM: The proposed method that only utilized SMCAM, including mutual
learning between different scales (Lpsrc);

Ours: The proposed network with SMCAM and SIOM.

As most methods focus on improving the quality of a CAM for target extraction as

well as ours, we mainly compare the completeness and fineness of buildings in a CAM.

4.2.2. Evaluation Criteria

In the evaluation of our proposed methods, we employ three commonly used quantitative

criteria: the F1 score, overall accuracy (OA), and intersection over union (IoU). The F1 score is
computed as the harmonic mean of precision and recall, which are defined as follows:

2
F1= 1 . 17 (15)
recall™" + precision™
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where precision and recall are defined as:

. TP TP
precision =z 5, recall = TP+ EN’ (16)
where TP and TN, respectively, represent a true positive and true negative, while FP is a
false positive and FN is a false negative.
The OA is calculated as the ratio of correctly classified instances to the total instances,
as represented by the following equation:

TP+ TN

OA = TP+TN+FP+FN’

(17)

The IoU is calculated as the ratio of the area of intersection between the predicted
and ground-truth segmentation divided by the area of union between the predicted and
ground-truth segmentation and can be calculated as follows:

TP

U= —
U= Tp T FP+EN

(18)

The above three metrics are used to quantitatively evaluate the results of the pro-
posed methods, both for CAMs and building extractions. Additionally, comparisons of
visualizations are also utilized to evaluate the results.

4.2.3. Implementation Details

The proposed method employs ResNet50 [57] as the backbone of the Siamese network,
and the pre-trained weights from ImageNet (provided by PyTorch) are utilized for the
backbone initialization. The generation of multi-scale CAMs is depicted in Figure 3 and
derived from the blocks of ResNet50. The training process is carried out by using stochastic
gradient descent (SGD) with momentum, where a momentum coefficient of 0.9 and weight
decay of 0.0005 are set [11,29,31]. In accordance with the approach presented in [11], a
poly-like learning rate rule is employed, where the learning rate is defined as base one
multiplying (1 —t/T)Po™e" with the base set to 0.01, power to 0.9, t denoting the current
iteration, and T denoting the maximum iteration. The network is trained with a batch size
of 8, over a total of 30 epochs, using 2 GPUs. In the initial 5 epochs, only cross-entropy
loss (Lcrs) is employed, while the total loss is utilized in the subsequent epochs. Adhering
to SEAM ([24]), the proposed method employs online hard example mining (OHEM) on
the ECR loss (LcRr), retaining the top 20% of pixel losses. Random data augmentation,
including mirroring, rotation, Gaussian blurring, and color jittering, is applied during
the training process, and the Siamese structure expands the matched augmentation to the
rescaled image. During inference, the shared-weight Siamese network only requires one
branch to be restored.

To ensure a fair comparison, all comparison methods are reimplemented based on the
ResNet50 [57] backbone, with the exception of SPN, which presents some difficulties in
separating its main modules from the classification network. Both SPN and MSG-SR-Net
employ the simple linear iterative clustering algorithm [63] to pre-segment the images
into approximately 256 superpixels per image. Furthermore, DeepLabV3+ (based on
Resnet50) is utilized as the semantic segmentation network Fggg for all methods. To train
DeepLabV3+, we employ cross-entropy as the loss function along with the same SGD
optimizer as mentioned previously and with the same parameters. However, the initial
learning rate is set to 0.007 for this process [10]. The training batch size is set to 8, and a
total of 20 epochs are trained. For data augmentation, we only apply random mirroring and
rotation. All experimental settings are made consistent across methods as much as possible,
though some hyperparameters (e.g., learning rate and momentum) specific to each model
may have been adjusted to enable efficient convergence during training. It should be noted
that the background thresholds of CAMs for each approach differ as well, and one should
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be chosen with the best F1 score of pseudo-labels after traversing all background threshold
options on the validation set.

The proposed method and all comparison methods are implemented on a Linux 5.15 plat-
form, using Python 3.9 and PyTorch for deep learning. The CUDA 11.6 version is utilized
for GPU acceleration. The experiments are run on a Linux platform equipped with two Intel
Xeon 8-core CPUs @ 2.2 GHz and two NVIDIA RTX 4000 GPUs with 8 GB memory and
2304 shading units.

4.3. Comparison of CAM Results
4.3.1. Results of Chicago Dataset

For the quantitative aspect, Table 1 reports three evaluation criteria of the CAM results
in terms of building extraction accuracy. The proposed method yields the highest values
of F1, IoU, and OA when compared to other methods, achieving the best pseudo-label
accuracy. In particular, CAM-GAP and GradCAM++ obtain pool accuracy due to the fact
that they only activate the most discriminative regions. However, WILDCAT achieves the
worst results, which demonstrates that this method is not suitable for building extraction
in the remote sensing field. Ours-SMCAM still achieves remarkable results with 0.6774 of
F1 and 0.8081 of OA, which is slightly behind MSG-SR-NET, which benefits from the
superpixel’s ability to utilize the low-level features. It also illustrates the effectiveness of
the attentive aggregation of multi-scale CAMs since we do not employ the superpixel-like
technique. As for ours—-SIOM,, it achieves slightly better results than SEAM. Both of these
two methods utilize the Siamese networks. Overall, the results indicate the effectiveness of
our method, which incorporates SMCAM and SIOM for optimal performance.

Table 1. Evaluation of CAMs generated by various methods with IoU (%), OA (%), and F1 score (%)
on WHU dataset and Chicago dataset.

WHU Dataset Chicago Dataset

Method
IoU F1 OA IoU F1 OA
CAM-GAP 41.85 59.01 84.56 36.17 53.13 73.72
GradCAM++ 42.73 59.88 84.13 35.74 52.66 73.29
WILDCAT 37.11 54.13 85.51 33.61 50.31 71.22
SEAM 51.83 68.27 90.97 46.82 63.78 79.56
SPN 40.79 57.94 85.31 44.76 61.84 75.93
MSG-SR-NET 53.76 69.93 91.90 51.25 67.77 80.98
WSEF-Net 46.58 63.56 87.77 45.27 62.33 79.04
Ours-SIOM 5191 68.34 91.78 47.48 64.39 80.38
Ours-SMCAM 54.38 70.45 92.21 51.22 67.74 80.01
Ours 58.04 73.45 93.29 52.68 69.01 81.53

Five image patches containing buildings with different sizes and shapes are selected
for visual comparison, as shown in Figure 6. It can be observed that WILDCAT performed
the worst in identifying various sizes of buildings, making it difficult to separate the
buildings from the background. As inferred above, CAM-GAP and GradCAM-++ only
activate the most discriminative parts of buildings (e.g., edges and texture); the difference
is that the former is relatively complete and the latter relatively fine. SEAM achieves
promising results in terms of building completeness but still has some over-activation and
under-activation issues. The CAMs generated by WSF-Net are relatively coarse and not
suitable for building extraction, as this method is designed for water and cloud extraction
in remote sensing images. Both SPN and MSG-SR-Net benefit from using superpixel for
more detailed information but are also limited by the inaccurate activation of non-building
regions. In addition, the results of MSG-SR-Net are notably better than SPN for building
extraction. The CAMs obtained by the proposed methods are better than those obtained
by the other methods. Specifically, ours-SIOM obtained a relatively integral building in
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CAM

GradCAM++  WILDCAT

CAMs, while ours-SMCAM contained more detailed information. The proposed method
combines the advantages of both modules to obtain the best overall results.

SPN MSG-SR-Net WSF-Net Ours-SIOM  Ours-SMCAM QOurs

Figure 6. Qualitative comparison of the CAM results obtained by various methods on the Chicago dataset.

4.3.2. Results of WHU Dataset

Table 1 also reports the F1 score, IoU, and OA of different methods on the WHU
dataset. It can be observed that: (1) WILDCAT cannot successfully generate a CAM for
buildings. Other than that, CAM-GAP, GradCAM++, and WILDCAT have the worst results,
and MSG-SR-Net, designed for remote sensing images, achieves remarkable results, as
well as the Chicago dataset. (2) The proposed method outperforms all other methods, but
with a larger lead than the results of the Chicago dataset. (3) Ours-SMCAM also shows a
comparative performance with other methods. This reveals the advantages of the proposed
module. (4) Ours-SIOM shows a better performance than SEAM, with a higher F1 score
and IoU and an improvement of over one percent in OA, demonstrating its effectiveness in
distinguishing buildings from the background.

In order to visually compare the performances of the different methods, five image
patches featuring buildings of various sizes and shapes have been selected, as shown in
Figure 7. Notably, the quality of images and labels in the WHU dataset is better than that
in the Chicago dataset. The images in the WHU dataset are well-calibrated and contain
fewer shadows from the buildings. Since buildings and shadows often accompany each
other, almost all methods are difficult to distinguish them from one another due to the lack
of relevant supervision information. Therefore, both in terms of quality and quantity, the
results for the WHU dataset are superior to those of the Chicago dataset. Additionally, the
corresponding pixel-level labels are more accurate for producing better image-level labels.
Similar to the results for the Chicago dataset, WILDCAT, CAM-GAP, and GradCAM++ still
struggle to accurately identify buildings. Specifically, WILDCAT has over-activated too
many regions, which overwhelms the buildings. Additionally, CAM-GAP and GradCAM++
still highlight the most distinctive areas. SEAM performs better than the others but still
shows over-activation in some areas. The CAMs generated by WSF-Net are coarse for
buildings and more suitable for large targets. Although MSG-SR-Net outperforms SPN
when utilizing superpixel segmentation, it still results in false negatives along building
boundaries. Our proposed methods outperform the other methods, as seen in the results for
the Chicago dataset. In particular, ours-SIOM generates more complete building activations
and distinguishes buildings from backgrounds more effectively. However, the edges of the
buildings remain somewhat blurred. Conversely, ours-SMCAM preserves the structural
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details and boundaries of the buildings well but may result in some false activations. By
combining both modules, the proposed method is able to achieve the best results, as it fuses
multi-level and multi-scale features to enhance the quality of CAMs for building extraction.
The results confirm the effectiveness of the proposed method for building extraction in
remote sensing images.

WILDCAT SEAM SPN MSG-SR-Net WSF-Net Ours-SIOM  Ours-SMCAM
1 8 (™ W e 10

Ours

P

Figure 7. Qualitative comparison of the CAM results obtained by various methods on the WHU dataset.

4.4. Comparison of Building Extraction Results

A CAM can generate building extraction results directly with the use of a suitable
threshold, but such results often have significant limitations and are therefore are used
commonly as pseudo-labels to train a segmentation network. For a more comprehensive
comparison, we trained fully convolutional networks for each method to perform building
extraction. Table 2 presents the building extraction results on the two datasets. Firstly,
when comparing the CAM results listed in Table 1, almost all methods show improvement
in their building extraction results after training the fully convolutional network, with the
exception of WILDCAT, which produces a poor CAM that results in ineffective training
of the segmentation network. Secondly, the building extraction accuracies of SEAM and
MSG-SR-Net are relatively good. Both methods achieve high overall accuracy (OA) scores,
demonstrating their capabilities in effectively distinguishing between buildings and non-
building objects. Thirdly, when applied to the WHU dataset, our proposed method achieved
an F1 score of 0.7759, an OA score of 0.9457, and an IoU score of 0.6339. Similarly, on the
Chicago dataset, our method achieved an F1 score of 0.7411, an OA score of 0.8436, and an
IoU score of 0.5887. Both outperform the other methods significantly. This highlights the
superior effectiveness and robustness of our proposed method for building extraction from
remote sensing images, which can be attributed to its ability to produce high-quality CAMs.

The visual comparison of building extraction results from three image patches with
varying building densities from each dataset is presented in Figure 8. The results reveal a
strong correlation between the quality of the building extraction and the accuracy of the
CAM. The higher quality of the annotations and images in the WHU dataset may explain
the improved performance compared to the Chicago dataset. Unfortunately, the results of
WILDCAT and SPN are below expectations and fail to effectively extract the buildings. On
the other hand, CAM, GradCAM++, WSF-Net, and SEAM tend to over-highlight building
regions, resulting in coarse outcomes. Although MSG-SR-Net performs better than the
aforementioned methods, it still has some inaccuracies and incomplete building extractions.
Our proposed method, however, demonstrates the best results, especially on the WHU
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Ground Truth

dataset, where individual buildings are clearly distinguishable and have well-defined edges.
This highlights the superior effectiveness of our approach for WSSS building extraction.

Table 2. Evaluation of building extraction results generated by various methods with IoU (%), OA (%),
and F1 score (%) on WHU dataset and Chicago dataset.

WHU Dataset Chicago Dataset

Method
IoU F1 OA IoU F1 OA
CAM 45.11 62.17 88.99 40.12 57.27 75.33
GradCAM++ 42.19 59.34 87.62 38.30 55.39 74.49
WILDCAT 30.28 46.49 64.33 28.38 44.21 67.11
SEAM 55.44 71.33 91.94 51.27 67.79 81.56
SPN 43.25 60.38 86.6 50.40 67.02 82.35
MSG-SR-NET 57.07 72.67 92.34 57.68 73.16 83.28
WSE-Net 49.60 66.31 91.03 50.15 66.80 80.24
Ours 63.39 77.59 94.57 58.87 74.11 84.36

CAM-GAP GradCAM MSG-SR-Net WILDCAT WSF-Net

Ground Truth

CAM-GAP GradCAM WILDCAT

A CHEHSH el

(b)

Figure 8. Examples of building extraction results of the proposed method and other comparison
methods on two datasets: (a) WHU dataset; (b) Chicago dataset.

5. Discussion
5.1. The Influence of Auxiliary Branches for Classification Network

The proposed SMCAM introduces auxiliary classification branches that enhance the
performance of GradCAM++ by shortening the gradient propagation path and improving
the semantic representation of low-level features. This allows for the effective fusion of
CAMs at multiple levels. However, the alteration of the original classification network
structure and the reliance on image-level annotations for supervised learning raise concerns
about the impact on the network’s feature learning capabilities. In order to assess this, the
classification accuracies of the trunks and branches of the Siamese network are calculated,
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and the results are presented in Table 3. The results indicate that the accuracies of all
branches and trunks are higher than 0.97, demonstrating that the auxiliary branches do
not compromise the training accuracy of the classification network. Specifically, branch
1 has slightly lower training and testing accuracies compared to the other branches and
trunks, due to its weaker feature map generalization capabilities, yet it still meets the
accuracy requirement.

Table 3. The training and testing accuracies of branches and trunks in classification network.

Subnetwork 1 Subnetwork 2
Position )] @
Training Acc. Testing Acc. Training Acc. Testing Acc.

Branch 1 0.971 0.980 0.975 0.972
Branch 2 0.990 0.993 0.991 0.989
Branch 3 0.992 0.995 0.995 0.995
Branch 4 0.993 0.994 0.992 0.995

Trunk 0.990 0.992 0.992 0.989

As shown in Figure 9, the different levels of CAMs obtained from the branching network
are also satisfactory, effectively suppressing the noise of low-level CAMs while highlighting
the regions related to the buildings. In summary, the auxiliary branches introduced by
SMCAM do not negatively impact the performance of the classification network.

Image

Level 1
= _

Level 2 Level 3 Level 4
17 ST .

']

Figure 9. Visulizations of CAMs generated at various levels.

5.2. Comparison of Different Fusion Strategies in SMCAM

The main objective of SMCAM is to attain a fine-structure CAM by aggregating
multi-level CAMs generated by GradCAM++. A critical aspect of this challenge is to
effectively fuse these CAMs. In this study, we propose a self-attention mechanism for fusing
multi-level CAMs by exploiting multi-level features. To evaluate the effectiveness of the
proposed self-attention mechanism (denoted as “Attention”), we conduct experiments and
compare them with direct addition fusion (denoted as “Addition”) in the framework of the
proposed method. Additionally, we include the CAM generated from the last convolutional
layer (denoted as “Last Conv.”) for comparison. The results shown in Table 4 reveal
that the self-attention mechanism outperforms Addition, demonstrating its suitability for
fusing multi-level CAMs. Additionally, the accuracies of both Attention and Addition are
significantly improved compared to Last Conv., implying that utilizing multi-level CAMs
enhances the quality of CAMs. The comparison with the results of GradCAM++ listed in
Table 1 further highlights the effectiveness of the mutual learning mechanism (£;c) in
the Siamese network in enhancing the quality of the CAM. Furthermore, the improvement
in the accuracies of Addition, Attention, and Last Conv. after incorporating SIOM further
verifies the effectiveness of SIOM.

Visualizations of the CAMs in this experiment can be seen in Figure 10, with the
self-attention method producing more complete and fine-grained CAMs than the others.
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To conclude, the proposed self-attention mechanism effectively fuses multi-level CAMs
and can be used in conjunction with SIOM to produce better results.

Table 4. The IoU (%), OA (%), and F1 score (%) of different fusion strategies on WHU Dataset.

IoU F1 OA
Last Conv. 48.63 65.44 90.01
Addition 51.73 68.19 92.07
Attention 54.38 70.45 9221
Last Conv. + SIOM 51.91 68.34 91.78

(Ours-SIOM)
Addition + SIOM 56.48 72.19 92.98
Attention + SIOM 58.04 73.45 93.29
(Ours)
Image Last Conv Addition Attention Lisstl g(lz/rlw A;(é(ljg'an A:tsfgllan

Figure 10. Visulizations of CAMs of different fusion strategies.

5.3. Performance of Hierarchical Feature Optimization in SIOM

The role of SIOM is to utilize the CAM with multi-scale information, which is effective
in improving the integrality of the CAM. The core component of SIOM is hierarchical
feature optimization, which is a learnable module that leverages the multi-level features to
further improve the quality of CAM. It consists of three stages of optimization: the first
two stages focus on mining the non-local relationships between the multi-level features to
improve the integrity of the CAM, while the third stage leverages the local image informa-
tion to further improve the fineness of the CAM. To evaluate the efficacy of hierarchical
feature optimization, each stage of optimization is analyzed. The pixel correlation module
(PCM) in SEAM is also included in the experiments for comparison, which also leverages
feature relationships but only considers features from the last two convolutional layers.
The experimental results are listed in Table 5, showing that the CAMs generated with
hierarchical feature optimization in SIOM are better than those generated in PCM and
GradCAM++. Specifically, the results of SIOM are better as the number of stages increases,
especially when the third stage of local image information is included, which demonstrates
the effectiveness of hierarchical optimization.
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Table 5. The IoU (%), OA (%), and F1 score (%) of hierarchical feature optimization settings on
WHU dataset.

ToU F1 OA
GradCAM++ (4 levels) 49.75 66.44 90.01
SEAM (SMCAM + PCM) 55.17 71.11 92.07
SIOM (Stage 1) 55.69 71.54 92.61
SIOM (Stage 1 + 2) 56.12 71.90 93.11
SIOM (Stage 1 +2 + 3) 58.04 73.45 93.29

The CAMs produced by each stage of SIOM are displayed in Figure 11, and it is
evident that the CAMs generated by SIOM are more comprehensive and clearer than those
generated by GradCAM++ and PCM. As the number of stages increases, the clarity and
fineness of the CAMs also improve. It is noteworthy that after including the image features
in the third stage, the fineness is further enhanced, but the details are magnified to an
excessive extent, which may not align with expectations (e.g., the texture of a roof). Despite
this, the difference in semantic representation between the layers is still substantial, and, in
practical applications, the direct use of image features may require additional processing.

Image GradCAM++ SEAM Stage 1 Stage 1+2 StagSIeé':rAZ)+3

N L

Hierarchical Optimization

Figure 11. Visulizations of CAMs of different stages settings in hierarchical feature optimization.

5.4. Effect of Scale Setting

The proposed method employs a Siamese network that is trained using both the
original image and a rescaled image from a multi-scale representation. It is crucial to
discuss the potential impact of different scale settings on the method’s performance. To
achieve this, experiments are conducted on two datasets by varying the scale of the rescaled
image while keeping the original image as the input. The scale of the rescaled image
represents the ratio size of the original image. Since the task only involves building
extraction, the F1 score is selected as the evaluation metric for these experiments.

The results are depicted in Figure 12. The Siamese network struggles to train effectively
when the rescaled image and the original image are of the same size, as indicated by the
dashed lines in the figure. From the results of the WHU dataset, the best accuracy is
achieved when the scale of the rescaled image is within the range from [0.7, 0.8] to [1.2, 1.3];
secondly, the F1 score decreases and even fails when the scale is less than 0.6, while the F1
score also decreases slowly when the scale is larger than 1.5; thirdly, the F1 score decreases
as the scale approaches one, as previously discussed. These observations suggest that the
scale difference between the rescaled image and the original image must not be too large or
too small. The results from the Chicago dataset are similar, except that the points with the
highest scores are 0.8 for the WHU dataset and 0.7 and 1.4 for the Chicago dataset, which
highlights the importance of considering dataset bias in the scale setting. In our initial
experiments with the same scale setting as SEAM (0.3), the network fails to complete the
training and even experiences a gradient explosion, further emphasizing the importance of
finding an appropriate scale setting. For this reason, we set the scale ratio of the rescaled
image to 0.8 in our experiments.
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Figure 12. F1 score of CAM results under different scale settings on two datasets.

5.5. Limitations and Future Work

From the experimental results and the above analysis, the proposed method stands
out among other WSSS methods by not only achieving highly accurate buildings but
also ensuring completeness. However, the accuracy of building extraction using the
proposed method is still considerably distant from that of the fully supervised segmentation
approach. As shown in Figures 6 and 7, the CAM generated by the proposed method
can sometimes blur the distinction between buildings and shadows, leading to inaccurate
building edges. We hypothesize that this could be attributed to insufficient availability of
supervisory information for differentiating buildings from shadows. Additionally, we have
observed that our method performs better on the WHU dataset than on the Chicago dataset
(Figure 5b), indicating that our approach is sensitive to dataset bias, which can hinder the
generalization capability.

To further improve the performance of building extraction, incorporating more su-
pervised information derived from underlying image features or semantic supervised
information, such as additional category labels and image restoration information, may
be a potential solution. Utilizing these extra supervisions is crucial for effectively and
accurately distinguishing between buildings and non-buildings. Additionally, to overcome
dataset bias, an unsupervised domain adaption approach using generative adversarial
networks could be incorporated, thereby enabling the weakly supervised approach to
be applied to a broader range of domains. However, developing specific models and
conducting corresponding experiments is left for future work.

6. Conclusions

In this work, we introduce a novel scale-invariant multi-level context aggregation
network for the task of weakly supervised building extraction from high-resolution im-
agery. Our approach focuses on two main aspects: (1) The self-attentive multi-level context
aggregation module (SMCAM) is proposed to generate noise-free, fine-structured CAMs
by shortening the back-gradient path and utilizing a self-attention mechanism to aggregate
multi-level CAMs, allowing the model to learn the contributions of different CAMs for
each pixel. (2) The scale-invariant optimization module (SIOM) is designed to narrow
the supervision gap between segmentation and classification by leveraging multi-scale
representations. This module includes a mutual learning mechanism for pixel-level auxil-
iary supervision through optimization with a multi-level constraint loss and a hierarchical
optimization module to improve the CAM’s completeness in a coarse-to-fine manner. The
Siamese network integrates these two modules, leading to improved CAM quality in terms
of both completeness and fineness, allowing for accurate building extraction results with
only image-level labels.
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The proposed method is evaluated through two experiments: CAM generation and
building extraction. The results of the CAM generation experiment show that the proposed
method outperforms state-of-the-art methods in the field of remote sensing and computer
vision, as evidenced by its improved performance on both the WHU and Chicago datasets.
The building extraction experiment results are similarly impressive, with the proposed
method achieving an F1 score of 0.7759, an OA score of 0.9457, and an IoU score of 0.6339 for
the WHU dataset, and an F1 score of 0.7411, an OA score of 0.8436, and an IoU score of
0.5887 for the Chicago dataset. These results demonstrate the effectiveness of the proposed
method in accurately extracting buildings using only image-level labels.

Additionally, we present an analysis of the proposed modules. Our results indicate
that the self-attentive aggregation component in SMCAM and the hierarchical optimization
module in SIOM are both reasonable and effective. Furthermore, we examine the influence
of the auxiliary classification branches on the network and the scale setting.

In our study, we have observed limitations in the ability of the proposed method to
distinguish between shadows and buildings, as well as its sensitivity to dataset bias. In
future work, we plan to incorporate additional supervision information to improve shadow
differentiation and investigate domain adaptation techniques to mitigate the impact of
dataset bias with the aim of achieving enhanced performance.
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Abstract: Concerning the ever-changing wetland environment, the efficient extraction of wetland
information holds great significance for the research and management of wetland ecosystems. China’s
vast coastal wetlands possess rich and diverse geographical features. This study employs the Seg-
Former model and Sentinel-2 data to conduct a wetland classification study for coastal wetlands in
Yancheng, Jiangsu, China. After preprocessing the Sentinel data, nine classification objects (construc-
tion land, Spartina alterniflora (S. alterniflora), Suaeda salsa (S. salsa), Phragmites australis (P. australis),
farmland, river system, aquaculture and tidal falt) were identified based on the previous literature
and remote sensing images. Moreover, mAcc, mloU, aAcc, Precision, Recall and F-1 score were
chosen as evaluation indicators. This study explores the potential and effectiveness of multiple
methods, including data image processing, machine learning and deep learning. The results indicate
that SegFormer is the best model for wetland classification, efficiently and accurately extracting small-
scale features. With mIoU (0.81), mAcc (0.87), aAcc (0.94), mPrecision (0.901), mRecall (0.876) and
mPFscore (0.887) higher than other models. In the face of unbalanced wetland categories, combining
CrossEntropyLoss and FocalLoss in the loss function can improve several indicators of difficult cases
to be segmented, enhancing the classification accuracy and generalization ability of the model. Fi-
nally, the category scale pie chart of Yancheng Binhai wetlands was plotted. In conclusion, this study
achieves an effective segmentation of Yancheng coastal wetlands based on the semantic segmentation
method of deep learning, providing technical support and reference value for subsequent research on
wetland values.

Keywords: deep learning; semantic segmentation; SegFormer; coastal wetland; remote sensing
images; machine learning

1. Introduction

The coastal wetland serves as an intermediary zone connecting marine and terrestrial
ecosystems. It encompasses a vast expanse of coastal regions, intertidal areas and various
aquatic environments, such as river systems, estuaries, salt marshes and sandy beaches. As
a region of exquisite intricacy and ecological sensitivity, it undergoes profound influences
from both the vast sea and the adjoining land. When it comes to the assessment of ecological
service value, wetland ecosystems triumph over other ecosystems, such as oceans and
forests. The second national wetland resources survey reveals that wetlands encompass a
notable 5.58% of China’s territory, with coastal wetlands alone constituting 10.85%. While
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the coastal wetland occupies less than 1% of the entire country’s land area, it plays a vital
role in purifying polluted water, mitigating floods, minimizing the dangers of storm surges
and hurricanes, and providing a favorable natural environment.

The assessment of ecosystem service value serves as a pivotal bridge connecting
ecosystem research and management decision-making. Its primary objective is to com-
prehensively comprehend the current status and dynamic trends of ecosystem services.
The creation of a wetland map plays a crucial role in establishing the indispensable
spatial and geographical foundation for the quantitative evaluation and calculation of
wetland ecological service value. It also facilitates a comprehensive understanding of the
position and function of coastal wetlands within the broader ecosystem, encompassing
factors, such as hydrological characteristics and species diversity. Furthermore, the
generation of a wetland map provides fundamental data and information support for the
delineation of wetland protection zones and the implementation of wetland protection
and restoration measures. This invaluable resource enables decision-makers to holisti-
cally consider the ecological value of wetlands and averts the destruction and wastage
of valuable wetland resources.

High-resolution remote sensing images encompass a diverse array of distinctive at-
tributes, spanning spectral, size, structure, shape, geometric factors, layout and other
relevant characteristics. The spectral characterization of these images results in heightened
spectral variation among similar features, reduced inter-class variation and an amplification
of homospectral and heterospectral phenomena. As a consequence, the classification of
high-resolution remotely sensed imagery has become increasingly intricate. The advance-
ments in remote sensing technology have made a substantial impact on wetland research,
offering an effective means to assess, monitor and manage wetland ecosystems. This
technology facilitates the acquisition of high-resolution, multi-temporal and multi-spectral
remote sensing image data specifically tailored to wetlands. By combining digital image
processing with machine learning techniques, the automatic extraction and analysis of wet-
land vegetation, hydrological patterns, soil characteristics and meteorological information
can be accomplished. This integration significantly enhances the efficiency and precision of
obtaining valuable wetland information.

Traditional wetland extraction methods primarily employ manual visual interpretation
techniques. This approach involves professionals acquiring specific target feature informa-
tion on remote-sensing images through direct judgment or with the assistance of auxiliary
interpretation instruments. For example, grayscale co-occurrence matrix [1], normalized
difference index and scale invariant feature transformation are used [2]. The task of visual
interpretation can be both arduous and time-consuming for those who interpret images.
In addition, the quality of interpretation is limited by the interpreters’ experience and
knowledge of the area while the time required for information acquisition can be lengthy.
For these reasons, visual interpretation is not a suitable method for independent monitoring
of wetlands on a larger spatial scale. To address this issue, some scholars have taken steps
to improve upon this method. Aaron Judah et al. [3] proposed a method to improve wet-
land classification based on multi-source remote sensing data. Sam Jackson et al. [4] used
hyperspectral and lidar data to analyze coastal wetland vegetation. M. Amani et al. [5-7]
used Google satellites to classify the wetlands.

As computer technology continues to advance and the use of multiple sources of
data becomes increasingly prevalent, machine learning algorithms based on probabilistic
statistics are supplanting traditional supervised and unsupervised classification methods as
a more effective means of wetland classification. U. Maulik et al. [8] used semi-supervised
SVM to classify wetland remote sensing images. Kazi Rifat Ahmed et al. [9] proposed a new
method of wetland classification using optical index and machine learning. B. Fu et al. [10]
mapped wetland vegetation with object- and pixel-based random forest algorithms. J.
Munizaga, Ali Gonzalez-Perez and Ricardo Martinez Prentice [11-13] classified wetlands
using machine learning and high-resolution imagery. Zou and Li [14,15] used landsat8
satellite imagery to achieve wetland classification. Tian et al. [16] used random forest to
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classify the vegetation of wetlands in arid areas of Xinjiang. L. F. Ruiz et al. [17-21] used
Sentinel-1 images to classify wetland types.

Traditional classification methods based on spectral features, such as the maximum
likelihood method, the minimum distance method and the K-mean clustering method,
have suffered from reduced accuracy. Shallow learning algorithms, such as support vector
machines and neural networks, are limited in their ability to effectively express complex
functions and have restricted computational units. As the number of training samples and
sample types increases, shallow models become ineffective in achieving desired classifica-
tion results.

In recent times, deep learning algorithms have emerged as a promising approach for
wetland information extraction, owing to their ability to abstract high-level features of
images and efficiently reduce dimensionality. This development has been made possible
by the advancements in image pattern recognition and artificial intelligence technology.
B. Hosseiny et al. [22] proposed a spatiotemporally integrated deep learning model for
wetland classification. Ali Jamali et al. [23-25] used Sentinel-1 and Sentinel-2 data to classify
wetlands through Swin Transformer. Xingwei He et al. used Swin Transformer Embedding
UNet for semantic segmentation of remote sensing images [26]. Z. Lv et al. used simple
reading UNet for remote sensing image change detection [27]. Atharva Sharma et al. [28]
applied a block-based convolutional neural network to extract roads and buildings from
high-resolution remote sensing images simultaneously. Xin Li et al. [29] proposed a se-
mantic segmentation network with dual attention depth fusion for large-scale satellite
remote sensing images. Asif Raza et al. [30] used UNet++ to realize the change detection
of high-resolution remote sensing images. Emmanuel Maggiori et al. [31] classified large-
scale remote sensing images by the convolutional neural network. Transformer is a deep
learning architecture commonly used in the field of natural language processing. It has also
achieved some success in computer vision, which also includes the classification of some
remote-sensing images [32-35].

The Yancheng Binhai Wetland, located in Jiangsu Province, stands as the first Binhai
Wetland World Natural Heritage Site in China. In this piece of literature, we designate
this area as our study site and employ Sentinel-2 to obtain high-resolution remote sensing
data. We also utilize the SegFormer model, which is based on transformer architecture, to
facilitate our wetland classification study. The contributions of our research are as follows:
(1) We identify a set of feature variables that are suitable for the classification of coastal
wetlands within China. (2) We summarize existing research and propose a comparative
experimental method that can be applied to the classification of coastal wetlands. (3) We
accomplish the semantic segmentation of coastal wetlands situated in Yancheng. (4) We put
forward a loss function that combines CE_Loss and FocalLoss to address the commonly
encountered issue of class imbalance in wetlands. This approach enhances the classification
accuracy and generalization ability of our model. (5) We create a pie chart, which depicts
the class proportions of coastal wetlands in Yancheng, for future wetland value research
calculation, facilitating it as a point of reference.

2. Study Area and Data Preprocessing
2.1. Study Area

Yancheng Wetland is situated in the eastern coastal region of Jiangsu Province, China,
as depicted in Figure 1. This wetland is the largest coastal wetland on the west coast of the
Pacific Ocean and the edge of the Asian continent, with a sprawling area of approximately
4533 km?. Tt constitutes 7/10 of the total mudflat area in Jiangsu Province and 1/7 of the
nation’s total mudflat area. This wetland has been included in the World Key Wetlands
List and is renowned as the “Wetland Capital of the East”. Yancheng coastal wetlands are
chiefly located in the middle of the coast of northern Jiangsu Province, spanning the coastal
regions of Ringshui, Binhai, Sheyang, Dafeng and Dongtai County. These wetlands can be
found between 32°32-34°25 north latitude and 119°55-121°50 east longitude. The coastline
of Yancheng extends 580 km, accounting for 2/3 of the entire coastline of Jiangsu Province,
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and the coastal mudflats cover an area of 4500 km?. Based on preliminary calculations, the
wetland area of Yancheng covers about 20% of the entire area of Yancheng, and it features
two national key nature reserves. Yancheng wetlands are classified under the subtropical
monsoon climate zone, experiencing hot and rainy summers and cold and dry winters. The
average annual temperature ranges from 15-17°, and the annual precipitation amounts to
roughly 1000 mm. Owing to tidal action, the mudflats within the area are continuously
being silted up, resulting in the formation of a coastal wetland plain that is home to a
diverse range of wetland types. The primary types of wetland vegetation cover include
reeds, sod and rice grass.

117°9'0"E 120%'0"E

Yancheng i

3°0:0°N

Coastal wetland 8

34°0'0"N

33°0'0"N

ll9°ﬂ"0"[ 120“‘;'0"[ lZl"d'Q"E
Figure 1. Yancheng Coastal Wetland, Jiangsu Province, China.

2.2. Data Collection

This study utilizes remote sensing images from the Sentinel-2 satellite of the Coper-
nicus Data Centre of ESA, captured in August and September, as the data source for the
Binhai wetland in Yancheng, Jiangsu Province. Sentinel-2 provides high spatial resolu-
tion (10 m) and multiple bands (13 bands) of data, encompassing vegetation, soil and
water cover, inland waterways and coastal areas. For this research, remote sensing images
captured during the summer season were selected. This choice was made because the
hydrological characteristics of coastal wetlands are more distinct during this period, and
the color variations of different wetland vegetation types in remote sensing images are
more evident. These factors aid in manual visual labeling and other related tasks. Figure 2
presents an overview of the complete data processing procedure. We used software, such as
SNAP and ENVI, to preprocess the source Sentinel data. This involved a sequential process
of atmospheric correction, resampling, band synthesis and vector cropping to obtain the
initial processed remote sensing images.
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Figure 2. The flow chart of data processing.

As previously mentioned, we utilized snap and envi software to preprocess the
source Sentinel data for this study. Atmospheric correction, resampling, band synthesis
and vector cropping were sequentially employed to obtain the preliminary processed
remote sensing images.

2.3. Wetland Classification

The concept of wetlands is comprehensive, encompassing natural or artificial, perma-
nent or temporary marshes, peatlands or water areas, static or flowing, and can contain
freshwater, brackish or saltwater bodies, including waters up to 6 m deep at low tide.
Wetlands can be classified into various types, which can be broadly categorized into natural
and artificial wetlands. For this study, we developed a wetland classification system by
integrating previous research and utilizing existing satellite images. As presented in Table 1,
the wetland classification system comprises eight types of wetlands, including Construction
land, S. alterniflora, S. salsa, P. australis, Farmland, River system, Aquaculture and Tidal flat.

2.4. Production of Data Sets

For this study, we utilized Sentinel-2 satellite images with a resolution of 10 m. The
Yancheng Binhai wetland is distributed along the coastline as a whole and has a strip shape
with a size of 14,516 x 20,956. We initially cropped the large image into 10 images with a size
of 2922 x 2247, based on the strip distribution characteristics of the wetland. Additionally,
we manually labeled the images through visual inspection, in accordance with the wetland
classification system mentioned previously. The specific categories corresponding to colors
are presented in Table 2.
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Table 1. Wetland classification criteria.

First
Classification

Secondary
Classification

Remote Sensing
Image

Geometric Feature

Natural wetland

S. alterniflora

S. salsa

P. australis

River system

Tidal falt

Green, single texture,
redundancy and continuity

Pale yellow, flat,
longitudinal stripes

Brown, green,
monotonous texture

Light blue, striped, slender

Yellow, striped and
distributed along the coast.

Artificial wetland

Farmland

Aquaculture

Green, striped, distributed
along the river.

Light color, regular grid,
distributed along lakes.

Non-wetland

Construction land

Light gray, light yellow,
textured and regular

in shape.
Table 2. Wetland Category Colors.
Color Channel Color Channel

Class Name Color (R, G, B) (Gray)
Construction land red 200,0,0 1
S. alterniflora gold yellow 250, 200, 0 2
S. salsa olive 200, 200, 0 3
P. australis lime green 150, 250, 0 4
Farmland green 0,200, 0 5
River system blue 0,0, 200 6
Aquaculture light blue 0, 150, 200 7
Tidal falt deep pink 200, 150, 150 8
Background white 255, 255, 255 0

2.5. Data Enhancement and Data Filtering

Our dataset comprises images in four bands, namely red (0.63-0.69 um), green
(0.52-0.59 um), blue (0.45-0.52 um) and near-infrared (0.77-0.89 um). We generated true
color synthetic images and NIR synthetic images by utilizing different band combinations.
To enhance the training speed of our dataset, we converted RGB three-channel labels into
single-channel labels and employed grayscale maps as the labels for training. Figure 3
displays our trained remote-sensing images and the corresponding labels.
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Figure 3. Remote sensing images and labels in the training set.

In the literature [36-39], the authors have shown that image cropping can improve the
local effect of prediction. To augment the dataset, we initially apply random zooming and
rotation/flip operations to the images in the dataset, followed by random cropping based
on sizes of 128 x 128, 256 x 256, and 512 x 512. Additionally, we exclude images with
excessive background and retain those containing some boundary information, ultimately
accumulating 15,443 samples, which we subsequently adjust to a uniform size of 512 x 512.
We partition the entire dataset into a training set, validation set, and test set in a 7:1:2 ratio,

resulting in the final dataset.

3. Method
3.1. Model

Enze Xie et al. introduced the SegFormer model in 2021, which is an image seg-
mentation model based on Transformers [40]. In contrast to conventional convolutional
neural networks, SegFormer exhibits superior scalability and adaptability by employing
multiple layers of Transformer encoders for feature learning. By conducting multi-layer
feature extraction and employing context awareness of images, SegFormer can profi-
ciently comprehend the semantic information in images, and thus, generate precise
segmentation outcomes.

SegFormer comprises two primary modules, as illustrated in Figure 4. The first module
is a hierarchical Transformer encoder that generates both high-resolution coarse features
and low-resolution fine features. The second module is a lightweight ALL-MLP decoder
that fuses these multi-level features to generate the final semantic segmentation masks.
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3.1.1. Encoder

The primary component of the encoder is a multi-layer transformer block. The Trans-
former module within the encoder, known as MiT, utilizes the overlap patch embeddings
(OPE) structure for feature extraction and downsampling of the input image. The resulting
features are then fed into the Multi-headed Self-attention layer and the Mix-FFN layer. Let
us elaborate on these aforementioned structures.

3.1.2. Overlapped Patch Embeddings

In the SegFormer architecture, the overlap patch embedding module is utilized to
extract image features. This module partitions the input image into multiple overlapping
patches and generates an embedding vector for each of them. The overlap region between
adjacent patches provides a broader perceptual field for capturing more contextual in-
formation while preserving the local information of each patch. This approach reduces
information loss and mitigates the issue of boundary artifacts, thereby enhancing the
robustness and generalization capability of the model.

3.1.3. Overlapped Patch Merging

In SegFormer, the Overlapped Patch Merging (OPM) technique is utilized to merge
overlapping patches into a complete image. This module is inspired by ViT and is designed
to combine non-overlapping images or feature blocks in ViT. Chunking may produce
boundary effects, resulting in segmentation outcomes with discontinuous regions due to
the absence of shared information between cropped blocks. Therefore, OPM leverages
an overlapping patch merging process to eliminate these discontinuous edges by fusing
adjacent blocks with similar or identical category labels to ensure spatial semantic coherence.
The module can be implemented using a convolutional layer with Kernel = 7, Stride = 4
and Padding = 3.

3.1.4. Efficient Self-Attention

Efficient Self-Attention is a lightweight self-attention mechanism utilized for pixel-
level feature extraction. In comparison to the conventional Self-Attention approach, it
minimizes the computational load and number of parameters, thereby improving the
model’s efficiency during runtime and mitigating the issue of overfitting.

In the original multi-head self-attention process, each of the heads Q, K, V has the
same dimensions N x C, where N = H x W is the length of the sequence, the self-attention
is estimated as:

QK™
Vv dheud

where Q is the query vector, K is the key vector and V is the value vector. dj,,; is the
latitude size of each vector, and Softmax is a normalization function.

The traditional Self-Attention needs to calculate the similarity matrix between any
two positions during the computation, and the computational complexity of this process is
O (N?), which generates a large computation and memory occupation and cannot satisfy
the input of large-resolution images. To reduce the complexity, ESA adopts an idea similar
to local attention and introduces the approximate ratio R to approximate the length of the
input sequence.

Attention(Q,K, V) = Soft max(

4 (1)

K= Reshape(%,C -R)(K) )

K = Linear(C - R,C)(K) 3)

where Reshape function converts K into a sequence of % * (C — R) shapes, Linear trans-
forms K linearly and finally gets K of dimension % * C. The complexity of the ESA mecha-

nism is reduced from O (NZ) to O (NTZ) In the 4 stages of the model, R is set as (64,16,4,1).
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3.1.5. Mix-FFN

Conventional Vision Transformer (ViT) uses Position Encoding (PE) to introduce
position information. However, the resolution of PE is fixed. Therefore, when the test
resolution and the training resolution are different, the position encoding needs to be
interpolated, but it often leads to a decrease in accuracy. The Mix-FEN, the structure used
in SegFormer, is shown in Figure 5. It takes into account the effect of zero padding on
the leaked position information and uses 3 x 3 Conv directly in the feedforward network
(FEN), whose equation is shown below.

Xout = MLP(GELU(COHU3><3(MLP(XM)))) + Xin (4)

where X;, is the feature from the self-attention module. Mix-FFN mixes a 3 x 3 convolution
and an MLP into each FFN.

Mix-FFN

D
U

Figure 5. Mix-FFN.

3.2. Lightweight All-MLP Decoder

The Lightweight All-MLP Decoder is a compact decoder that processes the feature
maps generated by the encoder output to obtain the final semantic segmentation outcome.
This decoder has a reduced number of parameters, and the multi-level Transformer Encoder
can obtain a broader perceptual field than the conventional CNN Encoder.

The proposed All-MLP decoder consists of four main steps. First, multi-level features
F; from the MiT encoder go through an MLP layer to unify the channel dimension. Then, in
a second step, features are up-sampled to 1/4th and concatenated together. Third, an MLP
layer is adopted to fuse the concatenated features F. Finally, another MLP layer takes the
fused feature to predict the segmentation mask M with a % X % X N, resolution, where
N5 is the number of categories. The formula is shown below.

E; = Linear(C;, C)(E;), Vi (5)

A W W, . .
F = Upsample(z X Z)( 1), Vi (6)
F = Linear(4C, C) (Concat (E;)), Vi (7)
M = Linear(C, Ns)(F) 8)

where M refers to the predicted mask and Linear(Cj,, Cout)(-) refers to a linear layer with
Cin and Cyyt as input and output vector dimensions, respectively.

3.3. Model Training

In this experience, the gradient descent algorithm with momentum (Adam with
weight decay, adamw) is chosen as the optimization algorithm for model training, and
the model parameters are updated by minimizing the difference between the predicted
and real features until the loss function reaches the minimum value. The momentum
gradient descent method borrows the concept of momentum in physics when updating the

74



Remote Sens. 2023, 15, 3714

parameters so that the update of parameters not only depends on the currently calculated
gradient information but also takes into account the gradient information of the previous
update steps. By using the exponentially weighted momentum m; to replace the original
gradient g; for updating the model parameters, the model can avoid the oscillation problem
during the training process and speed up the training of the model. m; and the parameter
update are calculated as shown in Equations.

©)
(10)

my = Bymy_1 + (1 — B1)g

vt = Bovp_1 + (1 — ,32)gt2

where g; is the gradient of the current step. m; is the first-order moment estimate of
the gradient. v is the second-order moment estimate of the gradient. 1 and B, are the
corresponding exponential decay rates, respectively.

N myi
= 11
it = B (11)
. Ot
= — 12
Ot 1_ (ﬂ2)t (12)
_ 1
ap = N (13)

where 7 is the initial learning rate. ¢ is a very small constant to avoid the error of dividing
by zero.

Wi = wy — oy (M + Awy) (14)

where A is the weight decay factor.

The deep learning server used in this study had a specific hardware and software
configuration, which is detailed in Table 3. To ensure consistency, other experimental
parameters were standardized, as shown in Table 4, to evaluate the models” performance
on the dataset. The momentum descent algorithm with gradient was utilized, and the
adamw optimizer, which incorporates the weight decay mechanism, was found to be faster
and more accurate than other gradient descent algorithms with minimal human interven-
tion. The CrossEntropyLoss function was used as the loss function for the experiments.
Additionally, a preheating mechanism was implemented to compare the strengths and
limitations of each model by setting the maximum Epoch to 70.

Table 3. The environment of the experiment.

GPU Video Memory Operating System Language
NVIDIA GeForce RTX 3090 24G Linux Python 3.9
CrU Random Access Memory Deep Learning Framework Cuda
Random Access Memory Intel
(R) Xeon (R) Gold 6330 60 Pytorch 1.7.0 Cuda 11.0
Table 4. Network parameters of the considered architectures.
. Learning LR Weight .
Optimizer Momentum Rate (LR) Scheduler Decay Loss Function Warmup
AdamW 0.9 0.0001 Polynomial 0.01 CrossEntropyLoss linear
decay
Warmup Warn.lup Iters Batch Size Max Epoch Validation
Iters Ratio Frequency
1500 1x 100 29,190 8 70 Each epoch
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3.4. Evaluation Metrics

To assess the semantic segmentation performance, we employed several widely-used
metrics, including Mean Accuracy (mAcc), Overall Accuracy (Acc) and Mean Intersection
over Union (mloU).

1 TP;
Acc=-y 1 1
ace nl; TP; + FP; (15)
n
Y TP
i—1
aAcc= ———— (16)
Yy (TPZ' -+ FNi)

i=1
where 7 is the total number of categories, TP; is the number of samples that the model
predicts as class i and are truly labeled as class i, FN; is the number of samples that are

class i but are wrongly predicted as other classes and FP; is the number of samples that the
model predicts as class i for all other classes.

mloll = i Pii (17)
k+152 & k
X Pij+ L Pij — Pii
j=0 j=0

where p;; represents the number of pixels predicted by category i to category i. k + 1 is
the total number of categories, and p;; is the number of pixels predicted by category i to
category j.

The precision, recall, Fi-score and intersection over union (IoU) metrics are used to
further evaluate the performance of various models on the test data set, which is calculated
as follows.

.. TP
Precision = TP L EP (18)
TP
Recall = TPLEN (19)
Precisi R
Fy-score = 2 x recision X Recall (20)

Precision + Recall

where TP denotes the true positives, FP denotes the false positives and FN denotes false
negatives. Based on these three metrics, we applied independent test set data to evaluate
the performances with different models and different loss functions.

4. Experiments and Results
Results with Different Models

The same set of parameters was utilized on the test set to evaluate the performance
of the models, and the results are depicted in Figure 6. SegFormer exhibited superior
accuracy and robustness in multi-categorical semantic segmentation, as evidenced by
its curve (yellow) outperforming other models across all metrics. At specific points, the
SegFormer model achieved a mean Intersection over Union (mloU) of 0.81, mean Accuracy
(mAcc) of 0.87, and average Accuracy (aAcc) of 0.94. In contrast, the Unet model (orange)
demonstrated poorer performance across various metrics.
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Figure 6. Comparison of the metrics of various models in model training (one validation per epoch).
(a) The graph of mIoU. (b) The graph of mAcc. (c) The graph of aAcc.

Figure 7 shows the refined metrics of SegFormer for each class. As illustrated in
Figure 7a, the model converges at approximately epoch 80. Figure 7b showcases some
variations in the prediction outcomes for different categories, with construction land,
s.alterniflora and farmland exhibiting better prediction results, with an IoU close to 90%.
The river system’s prediction effect is not satisfactory, with an IoU of about 40%. Figure 7c
indicates that the overall prediction performance is good, with minor fluctuations in the
Acc curve but in an upward trend. The accuracy of most categories can reach 90%, with the
river system being the least accurate, with an accuracy of 50%.
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Figure 7. The evaluation results of segformer. (a) The iterative graph of aAcc, mIoU, mAcc and loss.
(b) IoU curve for different classes. (c) Acc curve for different classes.

To further assess the model'’s classification effectiveness, Precision, Recall and F;-score
were selected, and the final test results on the test dataset are presented in Table 5. The
table illustrates different prediction effects for each class, with significant differences in the
indices for each model. SegFormer demonstrates the highest mPrecision (0.901) and the
lowest (0.754), the highest mRecall (0.876) and the lowest (0.642), and the highest mF;-score
(0.887) and the lowest (0.632). These results indicate that SegFormer is the optimal model
for remote sensing wetland classification, accurately identifying various categories of pixels
and exhibiting better recognition of the shape and contour of the target object with high
accuracy and consistency. Most categories achieved good results across all metrics in each
model, but a few classes exhibited poor prediction results. Among the nine categories,
the river system consistently had low indices, with the highest Recall being only 0.549.
Therefore, the river system proves to be a challenging category in wetland classification.
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Table 5. The comparison between various models in terms of Precision, Recall and F-1 score
(CL = Construction land, S. alterniflora = S.a, S. salsa = S.s, P. australis = P.a, Farmland = F, River
system = RS, Aquaculture = A, Tidal falt = T, Background = B, mRecall = MR, mPrecision = MP
and mF-score = MF).

Model CL S.a S.s P.a F RS A T B MP MR MF
Deeplabv3+ 0.859  0.843  0.850
Precision 0.716 0.881 0.848 0.913 0.927 0.626 0.962 0.937 0.919
Recall 0.727 0.897 0.762 0.910 0.946 0.507 0.954 0.945 0.935
F-1 score 0.722 0.889 0.803 0.911 0.937 0.560 0.958 0.941 0.927
Unet 0.837 0798  0.826
Precision 0.698 0.875 0.805 0.870 0.866 0.744 0.875 0.926 0.928
Recall 0.746 0.840 0.745 0.817 0.869 0.524 0.942 0.824 0.933
F-1 score 0.721 0.857 0.774 0.843 0.867 0.618 0.908 0.872 0.930
SegNext 0.754  0.672  0.695
Precision 0.574 0.764 0.552 0.799 0.834 0.616 0.890 0.885 0.872
Recall 0.342 0.730 0.555 0.679 0.903 0.164 0.904 0.873 0.901
F-1 score 0.429 0.746 0.554 0.734 0.867 0.259 0.897 0.879 0.886
SegFormer 0.901 0.876 0.887
Precision 0.791 0.924 0.917 0.923 0.948 0.745 0.968 0.957 0.933
Recall 0.781 0.929 0.841 0.947 0.956 0.541 0.970 0.960 0.965
F-1 score 0.786 0.926 0.877 0.935 0.952 0.627 0.969 0.959 0.948
FCN 0.892  0.870  0.879
Precision 0.798 0.910 0.904 0.921 0.937 0.729 0.971 0.946 0.908
Recall 0.751 0.926 0.826 0.940 0.957 0.549 0.961 0.958 0.960
F-1 score 0.774 0.918 0.863 0.930 0.947 0.626 0.966 0.952 0.933
PSPNet 0.879  0.864  0.869
Precision 0.721 0.893 0.898 0.922 0.938 0.702 0.965 0.946 0.923
Recall 0.769 0.927 0.810 0.927 0.947 0.531 0.961 0.952 0.951
F-1 score 0.744 0.910 0.852 0.924 0.943 0.604 0.963 0.949 0.937
MobileNetV3 0792 0761  0.771
Precision 0.601 0.812 0.696 0.848 0.867 0.563 0.924 0.902 0.915
Recall 0.566 0.800 0.745 0.845 0.912 0.277 0.917 0.901 0.882
F-1 score 0.583 0.806 0.720 0.846 0.889 0.372 0.921 0.901 0.898

In order to compare the accuracy and stability of different models more intuitively,
we selected test set images for prediction. Figure 8 showcases a remote sensing image
of the Yancheng Wetland Rare Birds National Nature Reserve in Jiangsu Province, which
represents a typical coastal wetland. This area is characterized by a distinct estuarine delta
landscape and consists of various types of wetland environments, including freshwater
marshes, lakes, beaches and coastal wetlands of the Yangtze River Delta. It is home to a
diverse range of species and holds high ecological conservation value.

The predicted results are presented in Figure 8. Combining the images and labels, the
distribution of S. alterniflora, S. salsa, P. australis and Tidal falt in this reserve is relatively
concentrated, accounting for most of the reserve. The identification of these four categories
was generally consistent among the models, and all models except Unet were able to extract
clear boundary information. Deeplabv3+, SegFormer, FCN, Unet and PSPNet were able to
identify the river system at the edge of the protected area while the other models, SegNext
and MobileNetV3, were able to extract the river system relatively accurately. However,
the MobileNetV3 extraction results are finer than the actual ones. It is observed that the
SegNext model exhibits inaccuracies in differentiating between paddy fields, ponds and
rivers in arable land, leading to misclassifications of the River system and Aquaculture
categories. Notably, the part marked by the larger red box in the labeled image is the
scattered River system. In the prediction of this part, most models’ segmentation results
produce too many isolated points, with relatively smooth and lacking contour features. In
contrast, SegFormer significantly outperforms other methods in terms of result accuracy
and edge clarity. Additionally, in the other red box, most models ignore the river due to its
small and slender area, with only SegFormer extracting a portion of the water body.
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Figure 8. A comparison image about the predicted images of different deep learning models.

Figure 9 presents a comparison between the prediction results of deep learning meth-
ods and traditional methods, including supervised classification based on the statistical
maximum likelihood method, machine learning-based neural networks and supervised
classification based on support vector machines (SVM). While the traditional methods
mentioned above may outperform deep learning in extracting boundary information, they
suffer from misclassification issues. For example, the maximum likelihood method misclas-
sifies P. australis as S. salsa while the neural network exhibits the opposite misclassification.
SVM, on the other hand, struggles to accurately differentiate the river system from Aqua-
culture. These findings highlight the limitations of traditional methods when it comes to
precise classification in complex wetland environments.
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(a) Maximum likelihood estimation

(b) Neural networks (c) SVM (d) SegFormer
Figure 9. Prediction graphs compared to traditional methods.

In order to further investigate the classification capability of the deep learning model
mentioned above for small-scale features, we conducted additional comparisons using
various sets of images, as illustrated in Figure 10. These images contained a diverse range
of feature characteristics. From the prediction results, it can be inferred that the River
system remains a challenging aspect of the prediction process. The SegFormer-based
prediction method outperforms the others, as it can effectively extract most of the features
in the water body. PSPNet and FCN methods are also effective but not as much as the
SegFormer approach. In summary, the SegFormer model, based on deep learning, exhibits
an impressive ability to perform semantic segmentation of wetland remote sensing images
and is capable of learning and extracting the features inherent in wetlands. It can effectively
segment boundaries in complex ground object environments and extract small-scale ground
objects that are affected. As one of the deep learning methods, with the emergence of higher
resolution images and more powerful computing devices, it is expected to exhibit even
faster segmentation efficiency and higher accuracy than traditional methods.
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Figure 10. Predictive graphs of different models.

5. Discussion
5.1. Results with Different Loss Functions

As illustrated in Figure 11, there exists a specific class imbalance in the dataset.
When considering the relationship between the proportion of features in the training
samples and the accuracy of the model’s extraction results, it was observed that the
extraction accuracy was higher for the feature classes that were more adequately rep-
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resented in the dataset, such as Tidal falt, Aquaculture, Farmland, P. australis and S.
alterniflora, for each model. Conversely, the extraction accuracy was relatively poor for
categories that accounted for a smaller proportion of the river system, such as S.salsa and
Construction land dataset. Due to the limited information contained in the samples for
these categories, it becomes difficult for the network to learn their distribution pattern,
and it is challenging to effectively identify them.

Tidal falt 8.74%

Aquacuture. | ;5

River systeml 1.59%

Farniand. | -0

P.australis 4.62%
S.salsa 1.37%
S.alterniflora 4.62%
Construction land I 1.82%

Background 4.18%

Figure 11. The proportion of the Number of Pixels (%).

In order to improve the extraction accuracy of the model, we explored multiple loss
functions. Specifically, we chose the best model, SegFormer, and modified only the loss
function while keeping the other parameters unchanged. For this study, we considered
CrossEntropyLoss (CE_Loss), LovaszLoss, Focal Loss and CrossEntropyLoss + FocalLoss
as loss functions, and the results are presented in Table 6. The findings in Table 6 indicate
that, without any changes to the deep learning algorithm framework and optimization,
LovaszLoss performs the worst, with its various metrics being lower than the other loss
functions. FocalLoss is slightly inferior to CE_Loss, but it improves the performance of
ConStruction land classification in terms of IoU, Acc and F-score metrics. The combination
of CE_Loss and FocalLoss enhances the classification performance of the model under this
problem. Specifically, the IoU and F-score for River system classification improved by 0.28%
and 0.27%, respectively, compared to CE_Loss. Additionally, Acc for S. salsa classification
improved by 0.56% while Acc and F-score for Construction land classification improved by
1.41% and 1.04%, respectively. Overall indexes, such as mloU, mAcc, aAcc and mF-score,
also improved by about 0.1% compared to CE_Loss. It can be concluded that, under the
condition of unbalanced wetland classification, the combined loss function of CE_Loss and
FocalLoss can enhance the classification accuracy of difficult classes, alleviate overfitting
and misclassification of the model caused by class imbalance and improve the performance
and generalization ability of the model.

5.2. Coastal Wetland Detection

Changes in precipitation and temperature can indeed have an impact on the landscape
pattern of coastal wetlands. The gradual increase in temperature can lead to increased evap-
oration of surface water, reduced precipitation and limited availability of water resources.
This puts additional strain on coastal wetlands and disrupts their ecological balance to some
extent. Additionally, the growing population in Yancheng has contributed to the degrada-
tion of coastal wetlands. The demand for ecological resources provided by wetlands has
risen, putting tremendous pressure on these fragile ecosystems. Excessive development
and utilization have further worsened the situation, resulting in a significant decrease in the
coastal wetland area. Considering the rapidly changing wetland environment, it is crucial
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to implement efficient and timely detection methods. These methods will help monitor
and assess the status of coastal wetlands effectively. By detecting changes in land cover,
vegetation and other relevant parameters, we can gain valuable insights into the health and
conservation needs of these ecosystems. Timely detection and monitoring enable us to take
prompt action and implement appropriate management strategies to mitigate the negative
impacts and ensure the long-term sustainability of coastal wetlands.

Table 6. Comparison of different loss functions.

Loss Function IoU Acc F-Score mloU mAcc aAcc MR MP MF
CE_Loss 81.05 87.64 94.84 87.64 90.06 88.65
River system 45.62 54.07 62.65
S. salsa 78.16 84.08 87.74
Construction land 64.71 78.07 78.57
LovaszLoss 77.72 87.62 92.84 87.62 85.31 86.31
River system 39.08 55.99 56.2
S. salsa 76.1 86.64 86.43
Construction land 58.23 85.24 73.6
FocalLoss 80.48 87.46 94.78 87.46 89.34 88.24
River system 4391 53.44 61.02
S. salsa 75.63 82.97 86.12
Construction land 65.48 79.27 79.14
CE_Loss + FocalLoss 81.15 87.73 94.91 87.73 89.99 88.73
River system 45.9 56.02 62.92
S. salsa 77.25 84.64 87.16
Construction land 66.12 77.16 79.61

Traditional wetland inspection mainly relies on manual surveys and visual inspections
of remote sensing images [41-43], which consume significant human and material resources.
While various digital image processing methods have been proposed to improve the classi-
fication accuracy of detailed information in remote sensing images, they are often limited
in their ability to meet the requirements of complex image classification [44—46]. Although
machine learning methods have been shown to enhance classification accuracy [47-50],
they require image preprocessing and feature enhancement to achieve better classification
results [51]. Moreover, the degree of automation is not high, and significant improvements
in the correct rate are already difficult to achieve. In this paper, we propose more specific
methods and ideas for wetland classification, building upon existing deep learning methods
and demonstrating their feasibility and research value.

In this study, we utilized high-resolution images provided by Sentinel-2 to count the
percentage distribution of feature classes in the study area, enabling subsequent calculation
of ecological values. The specific proportional information is illustrated in Figure 12.

Figure 12 reveals that Aquaculture, Farmland and Tidal flat constitute the predomi-
nant components of Yancheng’s coastal wetland, accounting for 42.2%, 29.7% and 14.7%
respectively. Notably, S. salsa and P. australis, which represent unique vegetation within
the wetland, encompass just 1% and 3.6%, respectively, totaling an area of 44.79 km? and
100.84 km?. The utilization of deep learning techniques enables the swift detection of
changes in Yancheng’s coastal wetland, as well as variations in the proportion of different
species. The value of wetland ecosystem services serves as a monetized representation
illustrating the collective contribution of wetland ecosystems to human well-being. It
encompasses an array of services, such as product supply, ecological regulation, and
spiritual and cultural benefits. When evaluating the wetland ecosystem service value of
Yancheng, it is crucial to select appropriate evaluation indices and systems aligned with
the region’s available resources and market conditions. The wetland mapping provides
valuable spatial and geographic foundations that facilitate effective assessment of the
wetland ecosystem service value.

82



Remote Sens. 2023, 15, 3714

I Construction land
Farmland
P.australis
1% 2.99% S.alterniflora
ATk (52 36 k) Aquaculture
1 I River system
Tidal falt
S.salsa

14.7%
“BRW) |

1.6%

(#4.79 k) 43 29.7%

(834.96 k)

3.6%
(10084 k)

422% 43%
(118604 kar)) (122.38km’)

Figure 12. Pie chart of feature class scales for the study area.

Regarding the significant components of Yancheng’s coastal wetland, namely Aquacul-
ture, farmland and mudflat, their construction should prioritize enhancing the ecosystem
service value concerning product supply, water flow regulation and water purification. As
for the special vegetation occupying a comparatively smaller proportion, a comprehensive
assessment of their ecosystem service value should concentrate on aspects related to species
conservation, tourism and recreation, as well as scientific and educational services.

6. Conclusions

In this study, we utilized high-resolution images provided by Sentinel-2 and con-
structed an information extraction model of the Yancheng Binhai wetland based on
SegFormer. Based on the relevant literature and remote sensing images, we classified
the wetlands in the area into nine species, namely, Construction land, S. alterniflora, S.
salsa, P. australis, Farmland, River system, Aquaculture and Tidal falt. Remote sensing
images were preprocessed using atmospheric correction, resampling, band synthesis
and vector cropping. The labeled images were drawn, and data enhancement methods,
such as random deflation, random flip and random crop, were applied. Finally, the
training images were standardized to 512 x 512 size and divided into a training set, vali-
dation set and test set in a ratio of 7:1:2. Evaluation metrics, such as mIoU, mAcc, aAcc,
mRecall, mPrecision and mF-score were used. While ensuring the consistency of other
parameters, we conducted comparison experiments and found that the SegFormer model
exhibited better learning and extraction ability for features contained in wetlands, with
various metrics, such as mloU (0.81), mAcc (0.87), aAcc (0.94), mPrecision (0.901), mRecall
(0.876) and mF-score (0.887), being higher than those of other models. We compared
the prediction images of various deep learning methods for the key protected area of
Yancheng Binhai Wetland and found that SegFormer’s prediction results were superior to
those of other methods in terms of accuracy and edge clarity, effectively segmenting the
boundary in the complex feature environment and extracting small-scale features under
influence more accurately. We also studied the common class imbalance in wetlands and
concluded that the loss function using the combination of CE_Loss and FocalLoss can
improve the classification accuracy of difficult classes and enhance the performance and
generalization ability of the model. Finally, we extracted the class proportion information
of the Yancheng coastal wetland, which provides technical support and reference value
for subsequent wetland value research and research ideas for related coastal wetland
information extraction research in China.
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Abstract: Airborne SAR is an important data source for crop mapping and has important applications
in agricultural monitoring and food safety. However, the incidence-angle effects of airborne SAR
imagery decrease the crop mapping accuracy. An active pairwise constraint learning method (APCL)
is proposed for constrained time-series clustering to address this problem. APCL constructs two types
of instance-level pairwise constraints based on the incidence angles of the samples and a non-iterative
batch-mode active selection scheme: the must-link constraint, which links two objects of the same
crop type with large differences in backscattering coefficients and the shapes of time-series curves;
the cannot-link constraint, which links two objects of different crop types with only small differences
in the values of backscattering coefficients. Experiments were conducted using 12 time-series images
with incidence angles ranging from 21.2° to 64.3°, and the experimental results prove the effectiveness
of APCL in improving crop mapping accuracy. More specifically, when using dynamic time warping
(DTW) as the similarity measure, the kappa coefficient obtained by APCL was increased by 9.5%,
8.7%, and 5.2% compared to the results of the three other methods. It provides a new solution for
reducing the incidence-angle effects in the crop mapping of airborne SAR time-series images.

Keywords: synthetic aperture radar (SAR); crop mapping; time-series images; constrained clustering;

active constraint learning

1. Introduction

Food security is the foundation and guarantee of human health and social stability.
Timely and accurate crop mapping can assist with crop production management, crop yield
prediction, crop disaster warning, and crop planting planning, which is of considerable
importance to ensure food security [1-3]. Remote sensing technology has become an
important means of crop mapping due to its wide coverage, low cost, near real-time
performance, and the large amount of information [1,4-6].

Among the numerous earth observation sensors, synthetic aperture radar (SAR) sys-
tems on airborne platforms have been gaining popularity in crop mapping applications. On
the one hand, the airborne platforms have the advantages of good flexibility and reusabil-
ity and can guarantee regular and high-frequency observations throughout the growing
season, which increases their suitability for agricultural monitoring. On the other hand,
as an activate microwave sensor, SAR provides unique information for crop mapping:
the microwave signal is sensitive to the dielectric and geometrical properties of crops [7],
and the acquired backscattering coefficients are synthesized information of the land cover
type, terrain slope, surface roughness, local incidence angle, and dielectric constant [8].
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Thus, rich polarimetric features can be extracted by various polarimetric decomposition
algorithms [9-13].

The accuracy of crop mapping in a single image is affected by the phenomenon
of “same object with different spectra” and “different objects with the same spectra.”
Several researchers currently use time-series analysis technology to map crops from time-
series images based on the differences in the growth trends of the crops over the whole
growth period. These methods can be divided into two main categories: supervised and
unsupervised methods. In the supervised methods, many researchers have focused on
finding remarkably effective features and classifiers to improve the accuracy of specific crop
mapping tasks [14-20]. This kind of method can achieve high accuracy but usually requires
a large number of training samples, and the acquisition of high-quality training samples can
be remarkably time-consuming. Considering the difficulty of the collection of high-quality
training samples, the unsupervised crop mapping approaches have attracted increasing
attention in recent years. In the unsupervised approaches, some of the methods use crop
phenology to establish rules for distinguishing the different crops [21,22]. However, the
establishment of rules is highly dependent on expert knowledge and specific crops, which
leads to weak universality. Therefore, other methods have been developed using time-
series clustering technology [23-28]. Time-series clustering is a process of combining
homogeneous time-series data based on a certain similarity measure [29], and its accuracy
is mainly affected by the similarity measure criterion, the time-series data representation
method, and the clustering method [29]. Time-series clustering technology can be used to
cluster the time-series curves of crops effectively due to the differences in the growth cycles
and trends of different crops.

However, when applied to the airborne SAR imagery, the crop mapping accuracy may
be reduced by the large range of incidence angles. More specifically, when the incidence
angles of the images substantially vary, the backscattering coefficients of the same type
of crops at the near and far ranges of the image might be quite different, complicating
the clustering of these crops into a single group. For the incidence angle effects, some
studies [24,30,31] removed the regions with excessively large incidence angles from the
image, which cannot fully exploit the image data. Other studies use incidence-angle
correction techniques to address these problems, such as normalizing the backscattering
coefficient with respect to the incidence angle [32], model and correct for the effect of
variation in incidence angle in azimuth line [33], a cosine correction estimated through
linear regression [34], and a histogram matching procedure, where the adjustment was
based on the lowest two central moments, the mean and variance [35]. However, these
techniques are usually suitable for specific data with a small range of incidence angles or
specific types of ground objects.

Constrained clustering methods are introduced in this paper to solve the incidence
angle effects. Constrained clustering (which is also known as semi-supervised clustering)
can introduce background knowledge (also known as side information) to guide a clustering
algorithm [36]. The constrained clustering methods focus on the most commonly used
K-means based algorithms, in which the clustering algorithm or the objective function
is modified such that user constraints are used to guide the algorithm for remarkably
appropriate data partitioning [36]. In addition, the current study focused on the most
widely used instance-level pairwise constraints [37]: must-link constraints (MLCs) and
cannot-link constraints (CLCs). An MLC ensures that two instances should remain in the
same cluster, while a CLC ensures that two instances should be in two different clusters [38].
The quality of the constraints plays a critical part in constrained clustering. However, the
commonly used constraint generation methods in many studies [36,39—43] are random
sampling and manual selection. In random sampling, the constraints are generated by
randomly taking pairs of points and generating an MLC or CLC depending on whether
they belong to the same class or not. Consequently, the quality of the constraints cannot
be guaranteed. In the manual selection, the speckle noise inherent in SAR images will
aggravate the difficulty of the identification of constraints. Some studies [44-47] have
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attempted to introduce remarkably effective constraint information, but their methods are
only applicable in specific domains.

Therefore, an active pairwise constraint learning method (APCL) is introduced to
achieve reliable crop mapping from airborne SAR images via constrained time-series clus-
tering. The proposed method integrates the batch-mode active selection, the information
contained in the incidence angle, and the characteristics of the crop time-series curves to
learn informative instance-level constraints. The method was designed for SAR images
with a wide range of incidence angles and was verified in the experiments conducted in this
study, where crops from the uninhabited aerial vehicle synthetic aperture radar (UAVSAR)
images were mapped using several constrained clustering methods and time-series similar-
ity measures.

2. Study Area and Experimental Data

The study area located in the southwest of Winnipeg, Manitoba, Canada, is covered
by various crops, as shown in Figure 1a,b. Four types of crops were considered in the
crop mapping experiments: oat, corn, canola, and soybean. The reference map for the crop
distribution is shown in Figure 1c, which was established in accordance with the land-cover
classification map produced by the NASA National Snow and Ice Data Center Distributed
Active Archive Center (NSIDC DAAC) [48].
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Figure 1. Overview of the study area: (a) location of the study area; (b) overview of the study area in

ArcGIS Online Map; (c) reference map of crop distribution.

The data used in this study were the UAVSAR images obtained during the Soil
Moisture Active Passive Validation Experiment 2012 (SMAPVEX2012). The SMAPVEX12
campaign lasted 43 days (7 June-19 July 2012), and the soil moisture and vegetation
conditions changed significantly during the time period. A total of 13 days of UAVSAR
data were acquired by the end of the campaign [30]. Twelve UAVSAR images of the same
flight line were used for crop mapping. The images were ground-range projected and
multi-looked data (GRD) whose preprocessing procedures include radiometric calibration,
geometric correction (WGS-84), and multi-look processing (15 pixels in range and 60
pixels in azimuth directions). These images were resampled from 1134 x 795 (pixels) to
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378 x 265 (pixels) to reduce the time spent in the experiment. The images are multi-looked;
thus, any speckle-filtering process was not conducted on the images. A description of the
data is provided in Table 1, and the corresponding Pauli RGB images are shown in Figure 2.
The local incidence angles of the pixels in the images are shown in Figure 3, where the
minimum value is 21.2° (near range) and the maximum value is 64.3° (far range). The
local incidence angle is defined as the angle between the radar line-of-sight and the surface
normal vector [33,49,50]. The terrain of the study area can be characterized as flat; thus, the
incidence angle and local incidence angle are assumed to be the same in this paper. The
numbers of pixels for each crop type are presented in Table 2.

Table 1. Description of the UAVSAR time-series images.

Sensor Look Band Incidence Image Size Observation Date
Direction  (Frequency) Angle (°) (Pixels) (2012)
17,19, 22,23, 25,27,
UAVSAR Left L (1.26 GHz) 21.2-64.3 378 x 265 29 June
5,10, 13, 14, 17 July

17 June 2012

25 June 2012

Figure 2. Pauli RGB images of the UAVSAR time-series images, with red |Syy — SVV\Z, green
4|SHV|2, and blue |Syy + SVV|2.

Table 2. Number of pixels of each crop.

Crop Type Number of Pixels
QOats 3454
Corn 4395
Canola 10,426
Soybean 12,330
Total 30,605
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Figure 3. Local incidence angles of the samples.

The Pauli RGB images reveal that the backscattering characteristics of the same crop
at the near and far ranges are quite different. The backscattering coefficients are mainly af-
fected by the terrain slope, soil moisture, geometric structure, and incidence angle. Among
these factors, the topography is flat to gently undulating, with slopes from 0% to 2%, the
types of soil in this area are loam and clay, which have similar soil moisture contents [30,51];
and the geometric structures of the same crops in this area are similar. According to NOAA
Global Surface Summary of Day [52], during the period of data acquisition, the average
temperature in this area is 20.3 °C, and the accumulated precipitation is 4.5 cm. Therefore,
the large variation of the incidence angle (21.2°-64.3°) is considered in this paper to be the
main factor causing the large difference in backscattering between the near and far ranges
of the same crop. In addition, the shape of cropland in this region is relatively regular,
which makes it more conducive to study the impact of the incidence angle effect.

Previous works [20,53,54] have proven that among the polarization channels of HH,
HYV, and VV, the HV polarization is the most effective channel for discriminating differ-
ent types of crops in the crop mapping of polarimetric SAR time-series images because
the HV is remarkably sensitive to the volume scattering, which supports the value of
structural features in distinguishing across crop types [20]. Therefore, only the backscat-
tering coefficient of HV polarization (Spv) was used for the crop mapping experiments
in this paper; that is, the time-series curve for each sample S; was constructed using the
corresponding Sy values in all 12 images (i.e., S; = {S{},, S, - - -, S, }). In addition,
using only Sgyy rather than all the polarimetric features can simplify the analysis of the
characteristics of time-series curves and provide guidance for crop mapping using single
and dual-polarization data.

3. Methods

The constrained clustering methods using instance-level constraints were introduced
to improve the reliability and stability of time-series clustering results. However, the
effectiveness of pairwise constraints from the commonly used random sampling remains
uncertain. Therefore, considering the characteristics of UAVSAR time-series images, a
new method for generating informative pairwise constraints—namely, “active pairwise
constraint learning (APCL),” is proposed. The flowchart of APCL is shown in Figure 4,
which comprises the following two main steps: (1) extraction of the candidate sample set
and (2) construction of the pairwise constraints.
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Figure 4. Flowchart of the proposed active pairwise constraint learning method.

3.1. Non-Iterative Batch-Mode Active Selection Theory

The construction of instance-level pairwise constraints is based on a group of samples
with rich information (that are representative and diverse). Active learning is commonly
used in classification tasks to select the informative samples, which are regarded as the most
helpful to improve the classifier performance [55]. Two criteria are usually available for the
measurement of the information of samples: (1) an uncertainty criterion and (2) a diversity
criterion. The uncertainty criterion usually selects the samples near the class boundary
because they are not easily categorized into a certain class by the classifier—that is, these
samples have the highest uncertainties. Significant differences between a group of samples
in the diversity criterion can effectively avoid knowledge redundancy; therefore, these
samples have abundant information. The uncertainty and diversity criteria are considered
in the proposed method to extract an informative candidate sample set.

However, conventional active learning techniques select only a single sample at each
iteration for manual labeling and retrain the prediction model [56-59], which is inefficient
and inapplicable to the clustering task of the paper. The batch-mode active learning (BMAL)
technique is considered for selecting samples, in which a batch of samples are selected for
manual annotation simultaneously at each round, to address the aforementioned limitations.
The key issue of BMAL is to select the most informative batch of samples with as minimal
redundancy to provide the most possible information to the prediction model [56,58,60,61].
Notably, differently from the conventional BMAL in classification tasks, a non-iterative
batch-mode active selection scheme, in which the sample selection process was performed
only once, is considered.

3.2. Extraction of the Candidate Sample Set

This step aims to extract a group of samples with representativeness and diversity
based on the non-iterative batch-mode active selection scheme.

First, based on the study of Stanitsas et al. [62], the silhouette coefficient [63] is used
for the measurement of the uncertainty of samples. The silhouette coefficient of a sample is
calculated as follows:

b(i) —a(i)

*0 = ax(ald), 5) v
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where a(i) is the average dissimilarity of sample I with all the other samples within the
same cluster, and b(i) is the lowest average dissimilarity of sample i to each of the clusters
to which it is not assigned. The range of S(i) is between —1 and 1.

The samples with low silhouette coefficients are likely to be assigned to the wrong
clusters; therefore, these samples will also have the highest uncertainties. The samples
were first clustered using unconstrained time-series clustering, and then their silhouette
coefficients were calculated on the basis of the clustering results to calculate the silhouette
coefficient of each sample.

Two regions with equal space spans were then separated from the study area along the
range direction: (1) the near range region (with incidence angles ranging from 21.2° to 47.2°,
denoted by NR) and (2) the far range region (with incidence angles ranging from 54.0° to
64.3°, denoted by FR). The variation in the incidence angle values along the range direction
is nonlinear; therefore, the corresponding incidence angle ranges of the two regions are
different. The separation of NR and FR aims to extract two candidate sample sets (denoted
by Unr and Ugg, respectively) independently from the two regions and then improves
the informativeness of the generated constraints, which is comprehensively discussed
in Section 4.4.

Finally, based on the silhouette coefficients of the samples, two candidate sample sets
with high uncertainty and considerable diversity were extracted from the two regions using
a greedy strategy. The main ideas of the strategy are as follows: (1) the samples with low
silhouette coefficients are preferred, (2) the selected samples should be evenly distributed
in different clusters, and (3) the geometric distance in the feature space between samples
inner a cluster should be larger than a specified threshold T. The first idea is to ensure
that the selected samples have high uncertainty, and the last two ideas aim to ensure that
the selected samples are of considerable diversity. In real programming implementation,
achieving the greedy sample extraction strategy is easy, and various implementation
methods are available [37]; however, its implementation is not comprehensively discussed.
In the proposed method, the sizes of Ungr and Upg are both set to one-third of the number
of constraints to be constructed.

K-means [64] is used as the unconstrained clustering algorithm, with the ED as the
similarity criterion, to visualize the efficiency of the proposed method. The extracted
candidate sample sets Unr and Ugr are shown in Figure 5, where the number of samples
in each candidate sample set is 150.

Silhouette
coefficient

A\ Sample of candidate set Use

[O Sample of candidate set Unr
0.4

. R
| ‘a ‘:'%mhmm o3
ol g 0.2
0.1

-0.0

Figure 5. Visualization of the distribution of the candidate sample sets. The background image is the

heatmap of the samples’ silhouette coefficients.
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3.3. Construction of the Pairwise Constraints

Two characteristics of the crops in the UAVSAR time-series images are considered
when learning the pairwise constraints from Ungr and Upg: (1) the time-series curves of
the same type of crops from the near and far ranges may have high shape similarity but
large spatial distances; and (2) the time-series curves of the different types of crops with
small differences of incidence angle may be close to each other in the feature space, thereby
leading to misclassification. Consequently, the MLCs and CLCs are constructed on the basis
of the first and second characteristics, respectively. The detailed procedure of constructing
the Nyi.c MLCs and Ny ¢ CLCs is presented below.

3.3.1. Construction of the Must-Link Constraints (MLCs)

First, the Pearson correlation coefficient is used to construct a shape similarity
matrix Mpearson:

Mpearson (i/ ]) =7 (Sé\]R' S]FR) (2)

where si; and s}, are the ith sample of Uxg and the jth sample of U, respectively. Thus,
each element in Mpegys0, corresponds to two samples from Unr and Ugg.

Second, the elements in Mp,,so, are sorted in accordance with their Pearson correla-
tion coefficient values from small to large. Then, the pairs of samples, wherein the samples
in each pair are of the same crop type according to the order are chosen until Ny ¢ pairs of
samples, are selected. These selected sample pairs are the required MLCs. Furthermore,
each sample can be selected at most two times to guarantee the diversity of the constraints.

The learned MLCs have the following features. (1) Each pair of constraints links
the samples of the same class from different incidence angle regions (which means that
their backscattering coefficients markedly differ). (2) The shape similarity between the
time-series curves of linked samples is low (because their correlation coefficients are small).
(3) The linked samples are from the candidate sample set (indicating their high clustering
uncertainties). Therefore, the linked samples are the most difficult to cluster correctly.

3.3.2. Construction of the Cannot-Link Constraints (CLCs)

Two sets of CLCs are constructed from Ungr and Ugg. Taking the construction of the
CLCs from Ugpg as an example, the detailed process is as follows.
Firstly, the samples in candidate set Ugg are used to construct an ED matrix Mgp:

Mep(i,j) = ED (ijRrS]%R) (3)

where s}R is the ith sample of Ugg, sé_-R is the jth sample of Ugg, and Mgp(i,j) = Mgp(j, i).
That is, MEp is a symmetric matrix.

The elements in the upper triangular matrix are then sorted in accordance with their
ED values from small to large, where each element corresponds to a pair of samples
from Ugg.

Finally, the Ncp /2 pairs of samples, which are different types of crops, were selected
in accordance with the order and then used as a set of CLCs. In addition, each sample was
selected at most two times to guarantee the diversity of the constraints. Another set of
CLCs of quantity N¢rc/2 was constructed from Unr using the above procedure, and a
group of CLCs of quantity Ncrc can then be obtained.

The linked samples in the above flowchart are from the same region (region FR or NR)
and are close in the feature space, allowing easy clustering into the same group. Therefore,
using these samples as CLCs could help improve the clustering.

K-means was used as the unconstrained clustering algorithm and the ED as the similar-
ity measure for the active constraint learning to visualize the distribution of the constraints
constructed by the proposed method (APCL). The constraints of another two constraint
learning methods were used for comparison. The first method was random sampling
based on regions of incidence angle (denoted by RSRIA), which randomly generates CLCs
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APCL

within the same incidence angle region and generates MLCs between different incidence
angle regions. The second method is the commonly used random sampling. The number
of each kind of pairwise constraint was set to 200 for both constraint learning methods.
The distributions of the obtained constraints are shown in Figure 6. Compared with the
constraints of random sampling, the constraints of the proposed method link the sam-
ples with low silhouette coefficients, and all these samples are from either the near or the
far range.

RSRIA Random sampling

Must-Link Constraints

Must-Link Constraints Must-Link Constraints

(b)

(d) “ O———0 Pairwise constraint (e) © O Pairwise constraint ) d " o——0 Painvise constraint

Figure 6. Distribution of the pairwise constraints, where the background is the heatmap of the samples’
silhouette coefficients: (a) MLCs of APCL; (b) MLCs of RSRIA; (c) MLCs of random sampling; (d)
CLCs of APCL; (e) CLCs of RSRIA; (f) CLCs of random sampling.

4. Results and Discussion

This section includes four parts. In the first part, a qualitative analysis of impact of the
incidence angle effect on crop separability is presented via the time-series curves of various
crop types with different incidence angles. In the second part, we present the results of
numerous experiments that were conducted to illustrate the efficiency of the proposed
method. Only 20% of the total number (30,605) of samples of the time-series images were
used in each experiment due to the large number of experiments and the time-consuming
time-series clustering. In the third part, all the samples in the study area were used for
the clustering, and the corresponding crop classification maps were then generated. In the
experiment, when generating MLCs and CLCs, the processes of identifying whether the
two selected samples should be linked were based on the ground truth data (in practice,
this method should be conducted manually). In the fourth part, a quantitative evaluation of
the informativeness of the constraints was conducted. All the experiments were performed
on a 64-bit Window 10 PC, and the programming language was Python 3.

4.1. Impact of the Incidence Angle Effect on Crop Separability

First, considering that the incidence angle has different impacts on different regions,
the following three regions with equal space spans were separated from the study area
along the range direction to further discuss the temporal characteristics of the crop under
different incidence angles: a region with small incidence angles (incidence angles ranging
from 21.2° to 32.0°, denoted by Inc_S); a region with medium incidence angles (incidence
angles ranging from 50.0° to 56.0°, denoted by Inc_M); and a region with large incidence
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angles (incidence angles ranging from 60.0° to 64.3°, denoted by Inc_L). One hundred
samples of each type of crop were then sampled from these three regions, as follows:

110
S = — S 4
HY = 700 L HV (4)

The averaged Spy of the selected samples of each crop was used to construct the
time-series curves. A total of 12 time-series curves were generated for the four crops from
the three regions, as shown in Figure 7.
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Figure 7. Time-series curves of the crops in different regions. “_L” denotes that the crop is from the
region of Inc_L, “_M” denotes that the crop is from the region of Inc_M, and “_S” denotes that the
crop is from the region of Inc_S.

These findings show that the Syy values of all the crops substantially change over
time. For oats, the shape of the time-series curve in the region of Inc_L is similar to that in
the region of Inc_M, and that in the region of Inc_S markedly changes. For corn, the Sgy of
the time-series curve in Inc_S is significantly higher than those of Inc_M and Inc_L after
day 0705. For canola, the Syy of the time-series curve in Inc_M is significantly higher than
those of Inc_S and Inc_L before day 0629. For soybean, the shapes of the three time-series
curves are similar. Thus, the different characteristics of the time-series curves of some crops
are attributed to the different incidence angles.

Three similarity matrices based on the Euclidean distance (ED), dynamic time warping
(DTW), and Pearson correlation coefficient were generated as shown in Figure 8 to further
evaluate the distinguishability of these crop time-series curves. The ED is a lock-step
measure (one-to-one) and sensitive to scaling, and the Pearson correlation coefficient is
invariant to the scale and location of the data points [65]. DTW [66] uses a dynamic
programming (DP) method to find an optimal alignment between the two time series via
nonlinear warping, thus increasing its suitability for evaluating the similarity of time series
of different lengths.
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Figure 8. Similarity matrices for the crop time-series curves: (a) similarity matrix based on the ED,
where 0 denotes the highest similarity; (b) similarity matrix based on the DTW, where 0 denotes the
highest similarity; (c) similarity matrix based on the Pearson correlation coefficient, where 1 denotes
the highest similarity.

These findings show that the similarities between some curves of different crops are
relatively high. Therefore, many crop samples will be easily misclassified in the time-series
clustering. For instance, in Figure 8a, the ED between Oats_L and Oats_S is larger than that
between Oats_L and Soybean_L and Soybean_S. Thus, when using the ED as the similarity
metric in time-series clustering, the samples of oats in Inc_L are likely to be clustered into
one group with the soybean samples. The ED between the soybean samples and their
time-series curves is relatively small, indicating that they are less likely to be misclassified
in the process of time-series clustering. Figure 8c shows that the similarities between corn
and soybean are relatively high, indicating that the samples of these crops would be easily
misclassified when using Pearson correlation coefficient as the similarity metric.

The characteristics of the crops in the UAVSAR time-series images can be summarized
as follows. (1) The time-series curves of crops change significantly with time. (2) The
time-series curves of the same type of crops have similar shapes in all the regions of Inc_S,
Inc_M, and Inc_L. (3) The spatial distance between the time-series curves of the same crops
in the feature space may be substantially large due to their difference in incidence angle.
(4) The time-series curves of different crops may have considerable shape similarities
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or small spatial distances. Among these characteristics, the first two characteristics are
beneficial to the clustering of the same crops from different regions, and the latter two
characteristics are not conducive to the clustering.

4.2. Constrained Clustering Accuracy Analysis

The experimental settings of each group of experiments in the first part are presented
in Table 3. Each group of experiments was repeated five times, and the average accuracy
was taken as the final result for analysis. In each group of experiments, 20% of the total
samples were first randomly sampled, and then these samples were used in the experiments
to make the results comparable. Finding the optimal number of initial clustering centroids
is difficult for all scenarios because it may be different under various clustering methods,
similarity criteria, and types of constraints. The optimal number was simply set as eight
(two times the number of crop types), and the number of MLCs was set similarly to that of
the CLCs.

Table 3. Experimental settings of each group of experiments.

Constrained Clustering Algorithm

1. COP-KMeans,
PC-KMeans,
3. MIP-KMeans

N

1. Euclidean distance (ED)

Time-series similarity criterion 2. Dynamic time warping (DTW)
3. Pearson correlation coefficient (Pearson)
1.  Active pairwise constraint learning (APCL)
Constraint generation method 2. Random sampling based on regions of incidence angle (RSRIA)
3.  Random sampling
Number of pairwise constraints {0,150,300,450,600,750,900,1050,1200,1350,1500,1650,1800,1950,2100,2250,2400}
Values of sample’s time series Backscattering coefficients of HV polarization in the 12 images

The three constrained clustering algorithms used in the experiments are all K-means-
based methods, which are suitable for time-series application because they iteratively
calculate distances to cluster and update these centroids [42]. Their iterative processes are
similar, but their usage of constraints is quite different. Therefore, the use of these methods
is helpful to analyze how the constraints work and evaluate the effectiveness of constraints
from different methods.

In COP-KMeans [39], before assigning a sample to a cluster, it first judges whether the
sample is linked with clustered samples by the MLCs (if any) and assigns the sample to the
same cluster; otherwise, it is assigned to the nearest cluster while not violating the CLC.
However, if not all the constraints are satisfied, then the algorithm fails and no clustering
result can be obtained. The following adjustments are performed in the experiments to
ensure the COP-KMeans output clustering result: if a sample has constraint violations in
each iteration, then the sample will not be assigned to any clusters; if samples that have
constraint violations still exist at the end of the last iteration, then these samples will be
assigned to the clusters with the fewest constraint violations. PC-KMeans [67] formulates
the goal of clustering as minimizing a combined objective function: the sum of the total
distance between the samples and their cluster centroids and the cost of violating the
pairwise constraints. The constraint violation cost was a relative value in the experiments;
that is, the cost of each constraint violation was set as 0.1 times the distance between the
sample and the cluster centroid. MIP-KMeans [68] considers the sample constraints and
objective function in its entire combinatorial configuration and uses a general optimization
tool (the Gurobi optimizer) to solve it [42]. The maximum number of iterations of these
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0.55

algorithms was set as 200, and the convergence condition for these methods was that the
change of position of any centroids is no more than a threshold (which was set as 0.0005).

Three time-series similarity measures were used in this study: the ED, DTW, and
the Pearson correlation coefficient (denoted by Pearson). For each experiment, in the
unconstrained clustering for calculating silhouette coefficient, the used time-series similarity
measure was set to be the same as that used in the constrained clustering.

The normalized mutual information (NMI) [69] was used as the clustering evaluation
index. The range of NMI is [0, 1], and a high value indicates an effective clustering
performance. The mean and standard deviation of NMI for each group of experiments are
shown in Figure 9.
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Figure 9. Performance plots show how the NMI increases with the number of pairwise constraints:
(a) results of COP-KMeans; (b) results of PC-KMeans; (c) results of MIP-KMeans. The circular
markers, the inverted triangular markers, and the square markers correspond to the results obtained
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using ED, DTW, and Pearson, respectively.

For convenience, in Figure 9, “RC” represents “constraints from random sampling,”
“RA” represents “constraints from RSRIA,” and “AC” represents “constraints from APCL.”
For example, “RC&ED” represents the results obtained using constraints generated by
random sampling and the ED as the similarity criterion.
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As shown in Figure 9, the results are for unconstrained clustering when the number
of the constraints is zero. The clustering processes of the three constrained clustering
algorithms are consistent with that of the traditional K-means method when the number is
zero and their NMI values are different. This phenomenon is due to the random selection
of the initial clustering centroids of COP-KMeans and the generation of initial clustering
centroids of PC-KMeans and MIP-KMeans in specific ways. For further details, please refer
to [67,68].

These findings show that COP-KMeans is insensitive to the number of constraints, and
only “AC&ED” and “AC&DTW” have better NMI than unconstrained clustering results
when the number of pairwise constraints is larger than 1650. PC-KMeans can effectively
utilize the constraint information; therefore, its accuracies are generally better than those of
the two other algorithms. Among the results of PC-KMeans, the NMI curves of APCL are
better than random sampling and RSRIA and all have an ascending trend, especially for
the curve of “AC&ED.” MIP-KMeans is remarkably sensitive to the number of constraints.
Thus, all of the NMI curves show an ascending trend with the increase in the number of
pairwise constraints, except for the curve of “RC&Pearson.” In addition, when the number
of constraints was 2250, the curve of “AC&ED” of MIP-KMeans achieved the best NMI
value of 0.562 among all the results in Figure 9.

Overall, the experimental results demonstrate the superiority of the proposed APCL,
which can improve the clustering accuracy effectively under various constrained clustering
algorithms, time-series similarity criteria, and different numbers of constraints.

No obvious correlation exists between the running time of the clustering algorithms
and the number of constraints in the above experiments. Therefore, the average run-
ning time of each algorithm was calculated under all numbers of constraints, as shown
in Figure 10.
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Figure 10. Average running time of each algorithm. The bars in the red range are the results using
ED, the bars in the blue range are the results using DTW, and the bars in the green range are the

results using Pearson.

The running times of different algorithms and time-series criteria are quite different.
DTW is more time-consuming than ED and Pearson among all the methods due its high
computational complexity. COP-KMeans with AC&DTW is the most time-consuming
method because it requires additional iterative time to convergence. When using ED or
DTW as the similarity measure, MIP-KMeans uses less running time than COP-KMeans
and PC-KMeans. This finding is due to MIP-KMeans solving an overall optimal result
in each iteration [68], which demonstrated a fast convergence speed, resulting in fewer
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iterations than the other two algorithms. However, in the results of using Pearson as the
similarity measure, the running time of MIP-KMeans is significantly larger than COP those
of KMeans and PC-KMeans. The reason is that the distinguishability of various crops was
poor when using Pearson. Thus, MIP-KMeans had to spend additional time in performing
global optimization in each iteration to find an overall solution in which the pairwise
constraints were also satisfied. Therefore, the convergence speed of MIP-KMeans is slow,
resulting in higher time consumption than the two other algorithms.

4.3. Crop Classification Accuracy Analysis

All the samples (the total number is 30,605) of the study area were used for time-series
clustering, and PC-KMeans was used as the constrained clustering algorithm to further
evaluate the effectiveness of APCL. The three time-series similarity criteria (ED, DTW, and
Pearson) and the generation methods (RSRIA and random sampling) of the two constraints
were also used for comparison. The total number of MLCs and CLCs was 12,000 (40% of
the total samples), and the number of initial cluster centroids was set to eight. In addition,
the results of PC-KMeans with zero constraints were used as the baseline for comparison.

After obtaining the clustering results, for each cluster, the number of samples of each
class was counted in accordance with the reference map, and then the class label with the
largest number of samples was assigned to the cluster (in practice, the process of labeling
clusters should be performed manually). Each experiment was repeated five times. The
accuracy of each result is presented in Table 4. The classification map with the highest
accuracy for each method is presented in Figure 11.

Table 4. Classification accuracy obtained by all methods.

smilari F-Score

Method Slm.llar}ty OA Kappa

Criteria Oats Corn Canola Soybean
ED 71.8% 76.5% 86.1% 88.2% 83.5% 76.6%
Unconstrained DTW 66.9% 73.2% 82.6% 88.0% 81.8% 73.3%
Pearson 68.4% 52.5% 83.3% 75.9% 73.5% 62.4%
Random ED 69.5% 78.2% 84.3% 89.7% 83.6% 76.6%
samplin DTW 66.4% 75.9% 82.9% 88.3% 82.3% 74.1%
ping Pearson 67.1% 52.9% 84.4% 81.9% 77.2% 66.6%
ED 74.4% 80.4% 87.6% 91.1% 86.2% 80.3%
RSRIA DTW 71.3% 79.3% 85.7% 89.4% 84.7% 77.6%
Pearson 66.4% 36.9% 84.0% 82.0% 75.8% 63.9%
ED 75.9% 85.5% 89.2% 92.0% 88.1% 82.9%
APCL DTW 81.9% 83.6% 90.0% 89.9% 88.1% 82.8%
Pearson 82.5% 51.0% 87.1% 82.2% 79.8% 70.2%

The four methods unconstrained clustering, random sampling, RSRIA, and APCL all
achieved their best accuracy (kappa coefficient) when using ED as the similarity criterion,
which were 76.6%, 76.6%, 80.3%, and 82.9%, respectively, as shown in Figure 11. APCL also
achieved a kappa of 82.8% when using DTW. All the four methods had poor accuracies
when using Pearson. However, the accuracy of APCL (kappa = 70.2%) was still higher than
those of the other methods.

Among the four crop types, the F-score for oats was relatively low when using ED as
the similarity criterion because its backscattering coefficients were close to that of other
crops, as shown in Figure 7. When using Pearson as similarity criterion, the F-score for
corn was substantially low for all the methods. This phenomenon was due to the relatively
low shape similarity of corn’s time-series curves in different incidence angles, increasing
the difficulty of clustering into one group using Pearson. In addition, for the F-score of each
crop type, the best accuracies of oats, corn, canola, and soybean were all achieved by APCL.
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Figure 11. Crop classification maps with the highest accuracy for each method: (a) unconstrained
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clustering; (b) random sampling; (c) RSRIA; (d) APCL.

When the results of unconstrained clustering were used as the baseline, the constraints
of random sampling minimally helped improve the accuracy, and those of RSRIA can
improve the accuracy to a certain extent. This phenomenon demonstrates the effectiveness
of the proposed strategy of generating CLCs within the same incidence angle region and
generating MLCs between different incidence angle regions. The comparison between the
results of RSRIA and APCL shows the significance of the proposed strategy of extracting
candidate sample set based on silhouette coefficients. These results prove the performance

and application value of APCL in the constrained clustering of Airborne SAR imagery.

4.4. Evaluation of the Informativeness of the Constraints

If the constraints can be satisfied in the unconstrained clustering results, the con-
strained clustering based on these constraints may not improve the clustering accuracy [36].
In other words, for a group of constraints, a large number of unsatisfied constraints in the
unconstrained clustering result indicate that these constraints contain additional informa-
tion. Therefore, based on the results of unconstrained clustering with PC-KMeans as the
clustering method and ED as the time-series similarity criterion, the quantity of informa-
tion for the pairwise constraints (6000 pairs of MLCs and 6000 pairs of CLCs) obtained by
random sampling, RSRIA, and APCL was evaluated. The number of unsatisfied constraints

in the unconstrained clustering results is presented in Table 5.
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Table 5. Number of unsatisfied constraints in the unconstrained clustering results.

Must-Link Cannot-Link
Method Constraint Constraint Total
Random sampling 3089 308 3397
RSRIA 3302 304 3606
APCL 4283 1691 5974

First, the total number of unsatisfied constraints for APCL is larger than that for the
other methods. Second, only a few of the CLCs of random sampling and RSRIA were
unsatisfied, and many of the CLCs of APCL were unsatisfied. Therefore, the information
contained in the constraints of APCL is abundant. In addition, the number of unsatisfied
MLC:s is substantially larger than that of the unsatisfied CLCs, which indicates that the
MLCs carry additional information and are thus effective at improving the accuracy of
constrained clustering. Thus, before the constraint learning, the informativeness of the
different kinds of constraints should first be evaluated, and the specific constraints should
then be constructed to acquire substantially useful information under limited size of
constraints [38,42].

In the following, the reason for having additional unsatisfied MLCs in APCL is
discussed. The clustering is markedly affected by the different incidence angles. Thus, the
absolute value of the incidence angle difference between every two samples in an MLC is
calculated, and then the histograms are drawn, as shown in Figure 12. Each bar in Figure 12
corresponds to the number of satisfied or unsatisfied MLCs under the specific difference of
incidence angle.
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Figure 12. Numbers of satisfied and unsatisfied must-link constraints under the absolute values of
the incidence angle differences: (a) random sampling; (b) RSRIA; (c) APCL.

In Figure 12a, most of the MLCs of random sampling show a small incidence angle
difference, and half are satisfied. In Figure 12b, most of the MLCs have in an incidence angle
range of 13-35°, but many remain unsatisfied. In Figure 12¢, most of the MLCs have an
incidence angle range of 15-39°, and the number of satisfied MLCs is significantly less than
in the above results. Thus, MLCs are only minimally satisfied when the difference between
incidence angles is large. This phenomenon is due to the differences in backscattering
coefficients of the same crop’s samples with large differences in incidence angles. Therefore,
clustering these samples into one group by unconstrained clustering is difficult. Second,
the proposed APCL can generate MLCs that are difficult to satisfy. The above results prove
that the pairwise constraints obtained by the proposed method are more informative than
that of RSRIA and random sampling.

As a semi-supervised clustering technique, constrained clustering also needs some
supervised information to generate constraints. However, unlike the conventional super-
vised methods, supervision by instance-level constraints is more general and more realistic
than specific class labels. By using knowledge, a user can specify whether pairs of samples
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belong to the same cluster or not even when the class labels remain unknown [36]. The
poor visual effect of POISAR images increases the difficulty in identifying the class labels
of samples [29,70]. In this case, the method of generating pairwise constraints shows its
advantages. However, designing the corresponding human—computer interaction system
in practical application to construct constraints remains a problem that must be solved in
the future.

5. Conclusions

An active pairwise constraint learning method is proposed in this paper to reduce the
incidence angle effect in crop mapping. The proposed method can construct informative
pairwise constraints based on the incidence angles of the samples and a non-iterative batch-
mode active selection scheme. Comparison experiments on the UAVSAR images have
shown the effectiveness of the proposed APCL method compared to the commonly used
constraint construction methods for constrained clustering at improving the crop mapping
accuracy and the superiority. However, the proposed method ignores transferring pairwise
constraint information between samples to reinforce the constraints, and the future work
will focus on effectively transferring constraint information. Thus, a way to pre-evaluate
the optimal proportion of different types of constraints is also needed.
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Abstract: Land use classification (LUC) is the process of providing information on land cover and
the types of human activity involved in land use. In this study, we perform agricultural LUC using
sequences of multispectral reflectance Sentinel-2 images taken in 2018. LUC can be carried out using
machine or deep learning techniques. Some existing models process data at the pixel level, performing
LUC successfully with a reduced number of images. Part of the pixel information corresponds to
multispectral temporal patterns that, despite not being especially complex, might remain undetected
by models such as random forests or multilayer perceptrons. Thus, we propose to arrange pixel
information as 2D yearly fingerprints so as to render such patterns explicit and make use of a CNN
to model and capture them. The results show that our proposal reaches a 91% weighted accuracy
in classifying pixels among 19 classes, outperforming random forest by 8%, or a specifically tuned
multilayer perceptron by 4%. Furthermore, models were also used to perform a ternary classification
in order to detect irrigated fields, reaching a 97% global accuracy. We can conclude that this is a
promising operational tool for monitoring crops and water use over large areas.
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1. Introduction

Agriculture is a key sector from an economic, social, and environmental point of
view. Because of its high demand for water and nutrient inputs for increasing the yield,
agriculture places high pressure on the surface and groundwater resources. This is an
important issue for governments, policymakers, farmers, and other organizations, as
estimations predict that, in order to cover the food demand by 2050, a 60% increment
production will be needed [1]. Policies from the international to local scale are facing
the challenge of providing natural resource managers with the tools required for the
sustainability of food supply sectors and resilience to climate change [2—4]. In particular,
the European and national authorities estimate the number of subsidies on the farm
scale by considering farmers’ reports about their practices for crop management, such
as water use, fertilizers, and energy, which are properly supervised by experts who help to
encourage sustainable use. In this scenario, precise crop and land use classification (LUC)
are necessary for assisting in the management of sustainable natural resources [5] and also
facing the consequences of climate change [6]. LUC is the basic information required for the
sustainable use of land, water, energy management, and the environment [7]. Nevertheless,
even gathering information about the harvested crops and their management has a high
cost when it requires fieldwork.

Remote sensing is one of the main sources of information in this context. It can be
applied to large areas and provides classification maps at a lower cost. The plot scale in
remote sensing is limited by the pixel size of the images acquired by the sensors. However,
due to the increase in both the spatiotemporal resolution of the data and processing power,
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improvements are becoming important in recent years [8]. Hence, Sentinel and Landsat
constellations provide data to monitor plots below 0.3 ha, which is adequate for most
agricultural areas [9].

Traditionally, the generation of an LUC map has consisted of the examination of multi-
spectral and temporal sensor data at single positions and their surrounding areas. Therefore,
a long time series of images at a high temporal frequency provides data that can be used to
identify vegetation types with a high confidence level [10]. Those algorithms are based on
biophysical variables that vary over time according to the specific phenology of each crop,
the agronomic management, and the environmental conditions. Regarding the importance
of such temporal signatures, sensors with a high temporal resolution, such as MODIS, have
been used for this purpose despite their low resolution (from 250 m to 1 km depending on
the data) [11,12], providing good results, since they gather the sequential information of a
specific location over time [13]. The scenario is even more favorable nowadays, as there is
an availability of multi-spectral remote sensing data of a relatively fine resolution (from
10 m to 60 m), provided by the Sentinel 2 constellation with a reasonable revisit frequency
of 5 days [14].

The first generation of procedures for LUC maps relied on experts who built models
based on indexes calculated from the bands of the satellite images, such as the temporal
evolution of NDVI, which is calculated as the near-infrared (NIR) minus red reflectance,
divided by the near-infrared plus red reflectance [15]. NDVI can be used to identify the
land use of a single point with a reasonable computational cost [16]. The attempts and the
progress in efforts to automate the process of land use classification are moving towards
the use of machine learning, an area of artificial intelligence. Machine learning models use
features to identify patterns in datasets. When such patterns involve a target variable, these
can be used to perform tasks such as classification. Gilabert et al. showed that temporal
information can be extracted from the spectral bands [17]. Experts manually fine-tuned the
rules of those interpretable models based on simpler variables, according to their expertise
regarding how features determine the type of crop and the knowledge about a concrete
region [18]. Foerster et al. [13] and Hao et al. [19] proposed solutions based on NDVI that
use decision trees and random forest models, respectively, with a pixel-based approach.
J. Inglada et al. tested random forests and support vector machines in crop classification
using feature extractions, such as derived indices [9]. Immitzer et al. proved that the most
important bands of the Sentinel-2 images are the blue, red-edge, and shortwave infrared for
crop classification in a study applying a random forest model [20]. Additionally, authors
such as Hao et al. indicated that it is possible to merge datasets with a similar spatial
resolution in order to enrich the time series [21]. Zhou et al. reported that optimizing the
required number of images, resulting in a reduction in the time series length, had almost
no impact on the accuracy of the classification [22].

On the other hand, deep learning is a recently adopted technique based on neural net-
works that infer those characteristics directly from data, comprising fewer pre-processing
steps and improving the results, as compared to machine learning models [23]. There are
many neural network types, but the convolutional (CNNs) and recurrent (RNNs) neural
networks are the most useful in LUC. CNNs are mainly employed to process visual imagery,
whereas RNNs are related to tasks whose input is sequential data [24,25]. As explained
previously, deep learning algorithms represent a step forward, as they open the way to
automatically apply models to time series of images collected from satellites throughout a
crop cycle, classifying herbaceous and orchards crops and distinguishing between irrigated
and non-irrigated lands. Consequently, despite not obtaining a fully automatic method of
classification that is valid for all the land use cases, the use of deep learning models results
in a reduction in the workload. Lyu et al. proposed an LSTM (long short-term memory,
a kind of RNN) to extract spectral and temporal characteristics for change detection [26].
This work was continued by Mou et al. with the use of Conv2D layers to extract spatial
features to be inputted to LSTM layers. This network, which enhanced the detection of
the temporal dependency, achieved better results than detection algorithms based on spa-
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tial features alone [27]. The efficiency and the ability to ignore the shift in data so as to
recognize patterns mean that the learning process of CNNs is the most suitable for image
recognition [28]. RuBwurm and Korner extracted temporal features from image sequences
to identify crop types with LSTMs [29]. They enhanced this model by using Conv2D layers
to extract spatial features and an RNN with a bidirectional sequential encoder to introduce
a sequence in a bidirectional manner [30]. Zhong et al. showed that models based on
one-dimension convolutional layers (Conv1D) achieved better results than models which
rely on long short-term memory layers, which achieved worse results despite being useful
for analyzing sequential data. The Conv1D-based model achieved the best result among
the tested classifiers [23]. Campos-Taberner et al. proposed a deep learning solution based
on a recurrent neural network model with 2 Bi-LSTM layers and a fully connected layer
to classify 10 crops using Sentinel-2 images and their bands, in addition to NDVI and
enhanced NDVI [31]. Portalés-Julia et al. assessed Sentinel-2’s capabilities in identifying
abandoned crops, achieving the best results with the Bi-LSTM neural networks and random
forest by classifying two major classes: active or abandoned crops and eight subclasses [32].
Ruiz et al. presented a classification model using CNNs with very-high-resolution aerial or-
thoimages from the Spanish plan of aircraft orthophotography (PNOA) and calculated the
NDVI from a Sentinel-2 level 2A image time series to determine the type of soil, according
to six different classes and whether they were abandoned or not [33]. Amani et al. showed
that models firstly trained offline can be used on cloud platforms and applied to classify
available online data, taking advantage of their satellite imagery and geospatial datasets on
the planetary scale [34].

In this article, we propose a model for land use classification that requires few images
and offers good results in the area of our focus. While some previous models work at the
image level, carrying out segmentation and requiring large datasets, we consider that: (i) a
pixel can contain enough information to successfully perform classification; (ii) part of
this information lies in multispectral temporal patterns; and (iii) although such patterns
are not especially complex, existing works based on random forest might not capture
them, whereas others models, such as LTSM, are unnecessarily complex and require
larger sequences. Based on these assumptions, we propose an approach that arranges the
information corresponding to a pixel as a 2D yearly fingerprint and uses a convolution-
based model (CNN) for the prediction. This approach can render multispectral temporal
patterns more explicit and improve the classification. In fact, the state-of-the-art algorithms
for time series classification are based on convolutions [35,36]. We also added a problem-
specific process of oversampling, trying to deal with variations in phenology. We used this
approach to perform (i) the classification of the main crop classes, focusing on herbaceous
and woody crops, and (ii) discrimination between irrigated and non-irrigated areas.

Therefore, a relevant contribution of this work is the consequent improvement in
pixel-based land use classification with a small number of images by representing data
as a 2D fingerprint and using a CNN model. We tested our proposal in a well-known
agricultural area in the Mancha Oriental aquifer in Spain. Improvement regarding these
issues is of great interest, as land use information is a basic input for water accounting [37],
water footprint estimations for environmental management [38], and yield prediction
modelling [39].

2. Materials and Methods

Figure 1 summarizes, in a workflow, the content of this section, showing how the
satellite and labeled data are selected, gathered, and later processed to build, assess, and
employ the model.
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Figure 1. Classification workflow.

2.1. Input Data

Our study takes as its basis a set of 24 images from the year 2018, corresponding to
different dates from March to October, as shown in Table 1. The images were downloaded
from the Copernicus Open Access Hub server, and we considered only those in which
the percentage of clouds was below 10%, setting a processing level of L2A. This criterion
reduces the noise introduced by the presence of clouds and shade on the surface. This set
of images was used to generate spectral-temporal signatures.

Table 1. Dates of the T30SW] granule set of 24 Sentinel 2 images at level L2A, selected with a
maximum of 10% cloud coverage in the study area.

2018
March April May June July August September October
27 14, 26 4,16 13,18, 23 3,8,13,18, 23,28 2,12,17,22,27 1,13,21 3,6

Sentinel 2 data requires pre-processing, insofar as the information on the bands is
stored in different files that have different resolutions. Thus, bands with the lowest resolu-
tion, which can range between 20 and 60 m, need to be resampled to obtain a resolution
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of 10 m so that they can all be merged into a single tiff file for each date (Table 2). In
addition, those pixels belonging to plots with areas under 0.3 ha were excluded from the
study because of the limitation of the resolution of the satellite.

Table 2. Pre-processed resampled tiff image correspondence with Sentinel-2 bands.

# Sentinel-2 Band Original Res. Target Res. Wavelength (um)
1 B02 10 m 10 m 0.490
2 B03 10m 10m 0.560
3 B04 10 m 10 m 0.665
4 B08 10 m 10 m 0.842
5 B05 20m 10m 0.705
6 B06 20m 10 m 0.740
7 B07 20m 10 m 0.783
8 B8A 20m 10m 0.865
9 B11 20m 10 m 1.610
10 B12 20m 10 m 2.190
11 B01 60 m 10m 0.443
12 B09 60 m 10 m 0.945

As deep learning enables the identification of more patterns from the raw features of
the input data, the experts’ need for the introduction of new features built using original
data with their knowledge, such as NDVI, is not particularly relevant, although it may lead
to an improvement in some cases. As a matter of fact, this characteristic results in a clear
advantage when compared to traditional methods [40]. In this proposal, the information is
managed at the pixel level, so that each one of them is treated as a single and independent
entity that is formed by the bands of information for the 24 selected dates. Moreover,
considering previous works that stated the importance of spectral information [41], the
number of bands used in this practical case was reduced from 12 bands to 6 bands, without
any impact on the performance of the model, in order to optimize the computational
resources in terms of the memory usage. The chosen bands, ordered by relevance, are B4,
B8, B11, B8A, B7, and B5. Figure 2 shows both the NDVI sequence and the 2D fingerprint at
a pixel level that corresponds to the land use of forage irrigated crops. The NDVI sequence
is an index that can be interpreted by agronomic experts and allows them to build models
according to their knowledge of the phenology of the crops, as the curve is correlated with
the different growing stages [42,43], although the classification process using only NDVI
does not consider all the available relevant information. In contrast, the representation
of data at a pixel level as a 2D fingerprint carries the most important information, and it
can be processed as an image by employing algorithms, such as CNN, to efficiently find
patterns and relationships between the bands and the different dates.

2.2. Area of Study

The area of study (Figure 3) is located in Albacete, Spain. For this area, the Sentinel-2
granule corresponds to T30SW]. This location was selected due to the variety of land use,
the availability of images with a low percentage of clouds, and the high expertise in land
use classification regarding this area, with many national and international projects having
been carried out in this test location and accurate field information being available from
recent years [44,45].

The ground truth data are composed of information corresponding to the year 2018.
They were provided by the following sources: (i) the Central Board of Irrigators, which
contributed the irrigated plot data, obtained from fieldwork; (ii) the non-irrigated data
provided by the Remote Sensing and GIS Group (Albacete, University of Castilla-La
Mancha), based on their fieldwork; and (iii) SIGPAC, the national Land Parcel Identification
System in Spain, which provided non-irrigated woody crop field information based on the
farmers’ reports. SIGPAC information is reliable, since it corresponds to long-term crops
that are intended to be cultivated over many years. In order to facilitate the assessments
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by scientists, agronomists and technicians in the area, according to the experience derived
from previous classification projects focusing on agronomic and sustainable criteria and
considering the aim to deal with water management, the categories shown in Table 3 were
selected, distinguishing between irrigated and non-irrigated crops.

1o NDVI sequence - Forage irrigated
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06

NDVI

04

02

00

100 15 150 175 200 225 20 275

DOY

Spectro-temporal sequence - Forage irrigated
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Figure 2. NDVI and 2D fingerprint representation of a forage irrigated pixel. Day 224 indicates the
presence of a cloud.
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Figure 3. (a) Location of the experimental area in the Iberian Peninsula. (b) View of the experimental
area (coordinates in EPSG: 4326).
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Table 3. Land use classification categories.

# Class Hectares %
1 Forage irrigated 4331 2.75
2 Spring irrigated 28,473 18.05
3 Spring irrigated Chinese garlic 6483 411
4 Spring irrigated purple garlic and horticulture 2852 1.81
5 Late spring irrigated 1842 1.17
6 Summer irrigated, low cover and horticulture 5572 3.53
7 Summer irrigated, high coverage 7160 4.54
8 Irrigated alfalfa 5365 3.40
9 Double crop 6904 4.38
10 Non-irrigated 7275 4.61
11 Bare soil 1098 0.70
13 Irrigated vineyard 9704 6.15
15 Non-irrigated vineyard 37,263 23.62
16 Irrigated olive trees 753 0.48
18 Non-irrigated olive trees 9266 5.87
19 Irrigated shell fruit trees 6368 4.04
21 Non-irrigated shell fruit trees 14,915 9.45
22 Irrigated fruit trees 175 0.11
24 Non-irrigated fruit trees 1972 1.25
Total 157,771

2.3. Selected Models: Decision Tree, Random Forest, Multilayer Perceptron, and Neural Networks

Some existing works carry out LUC by means of a set of rules built and tuned by
experts [18]. These can be represented as a decision tree. Therefore, the first method
selected to test the proposed classification scheme was the automatic learning of decision
trees, where nodes represent conditions for the variables and leaves correspond to classes.
These models are popular because of their low learning complexity, being carried out with
a greedy algorithm, and because they essentially perform a selection of relevant features,

discarding the rest [46].

Depending on the problem, decision trees can under- or overfit the training data. In
general, ensemble models are frequently used in machine learning because they can deal
with both problems at the same time. One of the most popular ensembles is the random

forest, which combines bagging and randomly built decision trees [47].

Neural networks (NN) are models inspired by the structure of biological neural
networks. An artificial neuron is a simple processing unit characterized by a set of weights.
It receives a finite set of values—i.e., as many as there are weights—as the input, creates a
weighted linear combination of them, and applies an activation function to the resulting
value to generate an output. In their most basic form, neural networks (NN) are composed
of several layers of artificial neurons arranged as an input layer, an output layer, and
several hidden layers. Each neuron in the input layer processes the input data, producing
an output value. Then, for all the remaining neurons, the input values correspond to the
outputs produced in the previous layer. Lastly, the values generated by the neuron of the
output layer are predefined labels that correspond to the labels or target variable. This is
called forward propagation. Activation functions, such as sigmoid or hyperbolic tangent,
together with the use of hidden layers, allow neural networks to represent complex, non-
linear decision functions [48]. Multilayer perceptrons (MLPs) are the most basic type of
fully connected feedforward neural network [49]. In this work, MLPs were first tested on
their own but did not obtain acceptable results. Finally, the performance of this model
was remarkably improved by applying principal component analysis (PCA) [50]. This
method captures linear dependences among the input features and projects data onto a
set of components, retaining most of its variance while reducing dimensionality and noise,

which, in this case, can be produced by the presence of clouds [51].
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The last developed model is based on the use of CNNs to extract the temporal-
multispectral patterns from time series. As stated, the data were prepared as 2D images
which contain temporal and multispectral data on each of their axes. Therefore, this enables
the application of two-dimensional CNNSs, allowing them to identify those patterns in a
2D array. This model (Figure 4) is composed of six initial Conv2D layers, which receive
input data, with dimensions 24 dates x 7 bands, and reduce the number of parameters
for the next layers. Usually, pooling layers are used after each convolution to reduce the
spatial dimension of the feature maps, which was not considered in this concrete case so
as to preserve the information. Convolutions of 1 X 7,3 x 3, and 1 x 5 are considered in
this model; thus, it can identify the changes over time for each band and the relationships
between them. Finally, the flattened output of the Conv2D layers is used as an input for
the final four dense hidden layers, in which L2 regularization is also applied to avoid the
overfitting of the data.

For this work, we used the machine learning methods implemented in Scikit-Learn.
This is a state-of-the-art machine learning method, used in python, as it provides many tools
for tasks such as the use of models for classification, regression, clustering, dimensionality
reduction, etc. [52]. We also used TensorFlow to implement the convolutional neural
networks. Its particular purpose is focused on deep neural networks, and it provides tools
and options that can be used to configure and build deep learning models [53].

2.4. Data Preparation: Hold-Out, Oversampling, and Post-Processing

The whole dataset is composed of sequential data corresponding to the evolution of
the spectrum of each pixel over a year. We used a hold-out procedure [54], dividing the data
into one subset for the model training; another, the validation set, for the model tunning;
and the last, the test set, for the model evaluation. Table 4 shows the sizes of the resulting
sets. Although larger training datasets help us to both detect more complex patterns and
prevent overfitting, learning curves do not show improvement if the proportion of data
used for training is increased above 1% of the data. On the other hand, test sets are usually
smaller than training sets because of the lack of data. However, this leads to estimations
affected by randomness and noise. In this scenario, models can be evaluated with the
whole set of (remaining) pixels. This renders the estimation of the performance indicators
far more robust.

We also improved the training with synthetic data. For the purpose of capturing the
variations in the phenology over different years due to environmental and management
conditions, we also propose a methodology based on oversampling, generating new in-
stances by assigning the readings corresponding to pixels of the previous or later capture
date. In addition to this, the data were replicated and multiplied by a random factor of
1.00 = 0.04 to introduce an acceptable range of variation, which can represent the scenarios
at different times or locations. Moreover, when the data are loaded, the day of the year is
normalized using the sine function, so that it has a temporal reference, with values between
zero and one. Thus, the first and last days of the year have similar values near zero.

Additionally, since our focus was on pixel-based classification, a procedure was
proposed to integrate it into a plot level. This post-processing step consisted of overlaying
the plot vector layer with the raster image of the classification, assigning the majority class
to the pixels corresponding to each plot. The procedure consisted of checking every plot.
When the majority class among the classified pixels for that plot is over 40%, it proceeds to
verify the rest of the classes of the classified pixels. In a case where the previous condition
holds, and the pixel representation of a minority class is under 25%, those underrepresented
pixels, which are considered to be misclassified, change their classification value to the
majority class of the pixels in that plot.

2.5. Evaluation

The classes are unbalanced in the dataset, as can be observed from the areas and
the percentages in Table 3. This dataset was treated by selecting a minimum number of
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instances of each class for the training set and considering the weights of each class so as
to adjust their importance during the training. In this way, the models do not overfit the
most representative classes, and their ability to predict the classes in which there are fewer
samples is improved [55].

input: | [(None, 7, 24, 1)]

conv2d_6_input: InputLayer
output: | [(None, 7, 24, 1)]

nput; (None, 7, 24, 1)
output: | (None, 7, 18, 128)

conv2d 6: Conv2D

input: | (None, 7, 18, 128)

conv2d_7: Conv2D
output: | (None, 5, 16, 128)

input: | (None, 5, 16, 128)

conv2d_8: Conv2D —
output: | (None, 5, 12, 256)
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output: | (None, 3, 6, 512)

conv2d 10: Conv2D
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output: [ (None, 19)
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Figure 4. Representation of the model architecture.
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Table 4. Dataset divided for land use classification.

Crop and Irrigation Soil Classification

Pixels %
Training set 119,364 1.00
Validation set 834,753 6.97
Test set 11,030,736 92.03

In order to assess the results, the following metrics were applied to the validation and
test sets [56,57]: (i) accuracy, which shows the rate of correct predictions (CP) made by the
model and is the ratio between the number of CP divided by the number of total cases (TC);
(ii) recall, which is the number of total correctly predicted positive results (TP) divided by
the total number of cases which should be detected as positive (sum of the false negatives,
FN and TP); (iii) precision, which expresses the rate between the TP and the sum of the TP
and false negatives (FN); and the (iv) F1-score, which is the harmonic mean between the
precision and recall, with values within the range of [0, 1]. The recall, precision, and F1-Score
are defined for the binary classification and are calculated for each class, considering the
class in question as positive and the rest as negative. The summary results reported for
each model correspond to the weighted average of the metrics, whose weights correspond
to the number of pixels of each class.

A = —

ccuracy TC’ (1)
TP
Recall = ————— 2
= EN TP’ @
Precision = (FPT:}—PTP)' 3)
Precision-R

F\Score = 2- recision-Recall )

Precision + Recall

3. Results

The selected models were applied to the test set to assess them and validate their
performance according to the statistics proposed. Thus far, this section has shown how
traditional machine and deep learning models perform in these tasks.

3.1. Decision Tree

The report in Table 5 shows the expected behavior regarding the low complexity of
this algorithm, which is not capable of training a robust model. Considering each class, the
F1 is slightly higher in the herbaceous irrigated crops than in the herbaceous non-irrigated
crops, bare soil, and orchards. There are specific classes, such as bare soil or irrigated fruit
trees, that are correctly detected, as the recall shows a higher value. However, they are not
well classified, as there is confusion with regard to the other classes, as the precision is low.
This results in a low F1 because those previous metrics are not balanced. According to
these metrics and the achieved 73% overall accuracy, this model lacks robustness.

3.2. Random Forest

Random forest has a great modelling power but, at the same time, it maintains a
low variance and does not usually produce overfitting. The report in Table 6 shows the
expected improvement compared to the decision tree. Thus, the overall accuracy reaches
83%, and the average F1 also reaches 83%. However, the assessment needs to be performed
considering each class. The F1 is above 85% in the herbaceous irrigated crops, whereas
the model is not as accurate in distinguishing the bare soil or herbaceous non-irrigated
crops. Even so, it reaches an 80% F1 for those two classes. Regarding the orchards, these
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results are one step ahead of the previous ones, despite the fact that there is still room for
refinement. The F1 of the irrigated herbaceous crops is over 90%, high enough to be used

to identify those classes with acceptable confidence in an application scenario.

Table 5. Land use classification: decision tree.

Class Precision  Recall F1 Support
Forage irrigated 0.61 0.68 0.64 343,643
Spring irrigated 0.91 0.90 0.91 2,373,450
Spring irrigated Chinese garlic 0.82 0.83 0.82 546,212
Spring irrigated purple garlic and horticulture 0.88 0.90 0.89 235,297
Late spring irrigated 0.64 0.73 0.68 141,147
Summer irrigated, low cover and horticulture 0.84 0.82 0.83 455,175
Summer irrigated, high coverage 0.89 0.87 0.88 585,448
Irrigated alfalfa 0.94 0.91 0.93 445,925
Double crop 0.87 0.80 0.83 572,968
Herbaceous non-irrigated 0.62 0.58 0.60 569,945
Bare soil 0.49 0.71 0.58 77,114
Irrigated vineyard 0.54 0.51 0.53 734,295
Non-irrigated vineyard 0.74 0.72 0.73 2,111,911
Irrigated olive trees 0.41 0.57 0.48 43,715
Non-irrigated olive trees 0.38 0.34 0.36 321,381
Irrigated shell fruit trees 0.51 0.51 0.51 514,900
Non-irrigated shell fruit trees 0.50 0.58 0.54 888,792
Irrigated fruit trees 0.20 0.78 0.32 6974
Non-irrigated fruit trees 0.14 0.11 0.12 62,444
Accuracy 0.73 11,030,736
Weighted avg. 0.74 0.73 0.74
Table 6. Land use classification: random forest.
Class Precision  Recall F1 Support
Forage irrigated 0.90 0.80 0.85 343,643
Spring irrigated 0.95 0.95 0.95 2,373,450
Spring irrigated Chinese garlic 0.89 0.95 0.92 546,212
Spring irrigated purple garlic and horticulture 0.97 0.96 0.97 235,297
Late spring irrigated 0.97 0.80 0.87 141,147
Summer irrigated, low cover and horticulture 0.91 0.93 0.92 455,175
Summer irrigated, high coverage 0.97 0.93 0.95 585,448
Irrigated alfalfa 0.97 0.97 0.97 445,925
Double crop 0.96 0.91 0.93 572,968
Herbaceous non-irrigated 0.79 0.74 0.76 569,945
Bare soil 0.86 0.79 0.82 77,114
Irrigated vineyard 0.75 0.52 0.61 734,295
Non-irrigated vineyard 0.74 0.87 0.80 2,111,911
Irrigated olive trees 0.87 0.64 0.74 43,715
Non-irrigated olive trees 0.63 0.34 0.44 321,381
Irrigated shell fruit trees 0.78 0.64 0.70 514,900
Non-irrigated shell fruit trees 0.57 0.73 0.64 888,792
Irrigated fruit trees 0.68 0.89 0.77 6974
Non-irrigated fruit trees 0.35 0.14 0.20 62,444
Accuracy 0.83 11,030,736
Weighted avg. 0.83 0.83 0.83

3.3. Multilayer Perceptron with PCA

The multilayer perceptron (MLP) algorithm was applied on its own, without pre-
processing or cleaning the data, and we found that the model performed poorly. The
application of PCA to the spectro-temporal sequences resulted in a notable gain in the
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performance of the MLP in the training process, with the advantage of its ability to reduce
the number of features per sample and the noise of the dataset. As shown in Table 7, the
most basic neural network outperforms the results from the decision tree and random
forest, with an 87% weighted F1. Observing the F1 in each class, it can be inferred that both
the precision and the recall are balanced, with promising results in the case of herbaceous
irrigated crops.

Table 7. Land use classification: MLP + PCA.

Class Precision  Recall F1 Support
Forage irrigated 0.86 0.85 0.86 343,643

Spring irrigated 0.96 0.94 0.95 2,373,450
Spring irrigated Chinese garlic 0.95 0.95 0.95 546,212
Spring irrigated purple garlic and horticulture 0.97 0.98 0.97 235,297
Late spring irrigated 0.88 0.92 0.90 141,147
Summer irrigated, low cover and horticulture 0.93 0.93 0.93 455,175
Summer irrigated, high coverage 0.96 0.94 0.95 585,448
Irrigated alfalfa 0.97 0.97 0.97 445,925
Double crop 0.93 0.94 0.94 572,968
Herbaceous non-irrigated 0.81 0.80 0.81 569,945
Bare soil 0.86 0.95 0.90 77,114
Irrigated vineyard 0.72 0.70 0.71 734,295

Non-irrigated vineyard 0.86 0.85 0.85 2,111,911
Irrigated olive trees 0.70 0.83 0.76 43,715
Non-irrigated olive trees 0.70 0.55 0.62 321,381
Irrigated shell fruit trees 0.78 0.80 0.79 514,900
Non-irrigated shell fruit trees 0.72 0.79 0.76 888,792

Irrigated fruit trees 0.39 0.96 0.56 6974
Non-irrigated fruit trees 0.22 0.33 0.26 62,444
Accuracy 0.87 11,030,736
Weighted avg. 0.87 0.87 0.87

3.4. Convolutional Neural Network

The report on the crop classification (Table 8) with the use of deep learning shows a
substantial improvement compared to the previous results. In this case, the CNNs behaved
as expected by recognizing temporal patterns in the time series of the reflectance bands,
represented as a 2D array. In other words, the temporal fingerprint per pixel is treated as
an image. This raises the overall accuracy to 91%, performing better than the other models.
The highest performance is obtained in irrigated herbaceous crops, with the F1I scores
ranging from 93% to 98%. As for the non-irrigated herbaceous crops and bare soil, the F1 is
around 90%, significantly higher than the rest of the presented models. Regarding orchards,
it shows the best performance in the detection of vineyard and shell fruit trees, with an
F1 between 80% and 89%. In the case of olive trees, the detection is better, with an F1 of
81% if irrigation is present and 65% if not. The F1 drops dramatically in the classes of fruit
trees, not surpassing 67%. This is due to the lower number of pixels of these classes in the
dataset. This issue will be explained further in the discussion. A sample of the classification
is included in Figure 5. Figure 6 shows the results of the classification in this area compared
to the available ground truth data.

Considering the lower F1 in the categories corresponding to orchards, it is worth
verifying this in the confusion matrix (Figure 7). As can be observed in detail, those cases
of misclassification mainly refer to crops of the same two major aggregated categories,
herbaceous crops and orchards, with no mismatch between them. Moreover, it is also
relevant that irrigated crops tend to be misclassified, with other irrigated crops and non-
irrigated crops repeating this same pattern. Therefore, we considered using the same
architecture to build a model with the sole purpose of identifying irrigated soil as an
aggregated category.
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Table 8. Land use classification CNN. Pixel-based.

Legend
Il Forage irrigated
Il spring irrigated

I Late Spring irrigated

B Irrigated alfalfa
I Oouble crop
I Non-Irrigated
Bare soil
Irrigated vineyard
Non-irrigated vineyard
I Irrigated olive trees
[ Non-irrigated olive trees
" Irrigated shell fruit trees

I Irrigated fruit trees
I Non-irrigated fruit trees

[ Spring irrigated Chinese garlic
[ Irrigated Spring Purple Garlic and Horticulture

Irrigated Summer Low Cover and Horticulture
Irrigated Summer High Coverage

7| Non-irrigated shell fruit trees

Class Precision  Recall F1 Support
Forage irrigated 0.93 0.93 0.93 343,643
Spring irrigated 0.97 0.97 0.97 2,373,450
Spring irrigated Chinese garlic 0.97 0.96 0.97 546,212
Spring irrigated purple garlic and horticulture 0.98 0.98 0.98 235,297
Late spring irrigated 0.95 0.96 0.95 141,147
Summer irrigated, low cover and horticulture 0.96 0.95 0.96 455,175
Summer irrigated, high coverage 0.97 0.96 0.97 585,448
Irrigated alfalfa 0.98 0.98 0.98 445,925
Double crop 0.96 0.96 0.96 572,968
Herbaceous non-irrigated 0.89 0.89 0.89 569,945
Bare soil 0.89 0.98 0.93 77,114
Irrigated vineyard 0.82 0.79 0.80 734,295
Non-irrigated vineyard 0.89 0.89 0.89 2,111,911
Irrigated olive trees 0.73 0.91 0.81 43,715
Non-irrigated olive trees 0.66 0.64 0.65 321,381
Irrigated shell fruit trees 0.87 0.87 0.87 514,900
Non-irrigated shell fruit trees 0.82 0.82 0.82 888,792
Irrigated fruit trees 0.52 0.97 0.67 6974
Non-irrigated fruit trees 0.31 0.41 0.36 62,444
Accuracy 0.91 11,030,736
Weighted avg. 0.91 0.91 0.91
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Figure 5. (a) Land use classification among 19 classes. (b) View with RGB bands from Sentinel-2
image in Albacete, Spain (coordinates in EPSG: 4326).
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Figure 6. Classification results compared to ground truth data (coordinates in EPSG: 4326).
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Figure 7. Confusion matrix: convolutional neural network.

3.5. Identification of Irrigated Crops

As can be observed, the performance of the model based on CNNs in detecting
irrigated crops separately seems to be high. The original categories were grouped into three
classes, irrigated, non-irrigated, and bare ground, to build and train another model with
the same architecture. The results (Table 9) for the identification of the irrigated soil are
outstanding, since the most relevant class is the one corresponding to irrigated crops, and
96% of pixels are detected, as the recall shows. At the same time, the model prediction is
right 97% of the time, when it classifies a pixel as irrigated. A sample of the classification is

100,000
80,000
60,000

40,000

20,000

included in Figure 8. Both the overall accuracy and the average F1-score are 0.95.
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Table 9. Classification of irrigated, non-irrigated, and bare ground. Pixel-based.

Class Precision Recall F1 Support
Irrigated 0.97 0.96 0.96 6,999,149
Non-irrigated 0.93 0.95 0.94 3,954,473
Bare ground 0.92 0.98 0.95 77,114
Accuracy 0.95 11,030,736
Weighted avg. 0.95 0.95 0.95
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Figure 8. (a) Land use classification per irrigation management. (b) View with RGB bands from
Sentinel-2 image in Albacete-Spain (Coordinates in EPSG: 4326).

3.6. Analysis at the Plot Level

Since the results of the deep neural network with the use of convolutional layers offer
the best statistics among all the tested models, the previously exposed post-processing
algorithm was applied to the classification generated using the CNN, thereby integrating
the pixel-based classification into a plot level. This resulted in a slight overall improvement
(Table 10), which is mainly noticeable for the orchards, with a higher Fl-score, whereas it is
slightly lower in the case of the herbaceous irrigated crops. A sample of the classification is
included in Figure 9.
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Table 10. Land use classification CNN. Post-processing.

Class Precision  Recall F1 Support
Forage irrigated 0.91 0.90 0.91 343,643

Spring irrigated 0.94 0.97 0.95 2,373,450
Spring irrigated Chinese garlic 0.96 0.93 0.95 546,212
Spring irrigated purple garlic and horticulture 0.96 0.95 0.96 235,297
Late spring irrigated 0.93 0.84 0.88 141,147
Summer irrigated, low cover and horticulture 0.94 0.91 0.93 455,175
Summer irrigated, high coverage 0.97 0.93 0.95 585,448
Irrigated alfalfa 0.96 0.97 0.96 445,925
Double crop 0.92 0.94 0.93 572,968
Herbaceous non-irrigated 0.93 0.93 0.93 569,945
Bare soil 0.94 1.00 0.97 77,114
Irrigated vineyard 0.88 0.84 0.86 734,295

Non-irrigated vineyard 0.89 0.93 0.91 2,111,911
Irrigated olive trees 0.84 0.94 0.89 43,715
Non-irrigated olive trees 0.76 0.64 0.69 321,381
Irrigated shell fruit trees 0.92 0.93 0.92 514,900
Non-irrigated shell fruit trees 0.87 0.86 0.87 888,792

Irrigated fruit trees 0.72 0.99 0.83 6974

Non-irrigated fruit trees 0.45 0.43 0.44 62,444

Accuracy 0.92 11,030,736

Weighted avg. 0.91 0.92 0.91
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Figure 9. (a) Land use classification among 19 classes. Post-processing. (b) View with RGB bands
from Sentinel-2 image in Albacete, Spain (coordinates in EPSG: 4326).
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After applying post-processing, in the case of the classification of irrigated crops, the
results were slightly improved compared to those obtained using the base algorithm, as
shown in Table 11.

Table 11. Classification of irrigated, non-irrigated, and bare ground. Post-processing.

Class Precision Recall F1 Support
Irrigated 0.98 0.97 0.98 6,999,149
Non-irrigated 0.95 0.96 0.96 3,954,473
Bare ground 0.96 1.00 0.98 77,114
Accuracy 0.97 11,030,736
Weighted avg. 0.97 0.97 0.97

The recall shows a 97% accuracy in detecting the irrigated pixels, whereas 98% of the
pixels classified within the irrigated category actually correspond to that class. A sample of
the classification is included in Figure 10.
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Figure 10. (a) Land use classification per irrigation management. Post-processing. (b) View with RGB
bands from Sentinel-2 image in Albacete, Spain (Coordinates in EPSG: 4326).

4. Discussion

The core information for the crop classification comes from the Sentinel 2A and 2B
constellations of the Copernicus program, which, nowadays, provide a high temporal

124



Remote Sens. 2022, 14,5373

and spatial resolution. A total of 24 images gathered on different dates from March to
October were used. Despite observing a considerable time gap between May and June in
this application, such a situation did not affect the performance of the model, as shown
by the results. Additional data from different sources could be added, such as Landsat or
national orthophotography program images and local sensors, so as to provide biophysical
variables. For operational purposes, according to the computational resources, and to
ensure the future scalability to other areas, Sentinel-2 sensors provide enough information
for a successful classification for the purpose of pursuing an automatic process.

Our main objective was to represent the sequential data as a 2D spectro-temporal
fingerprint of each pixel, which is particularly interesting with respect to its processing
with machine learning. Therefore, it was tested using several algorithms, including CNNSs,
reducing the number of parameters for the fully connected layers and thus obtaining
an enhancement of the speed and a reduction in the complexity of the model used to
train and evaluate the data. The process of classification, designed to generate a land use
cover, considers only the multispectral and temporal dimensions of the information at the
pixel level.

The convolutional neural network output was compared to those generated using
other, simpler algorithms in global terms (Table 12) and compared by considering each
separate class (Table 13). CNNs were proved to outperform any other model applied to
the experimental data considered in this study with a similar prediction time. Since the
training phase can only take place once the model has been updated, the improvement in
global accuracy highly compensates for the training time, which is important for generating
reliable land use classification maps. Both the overall accuracy and weighted average F1
are affected by all the results achieved for every class. In general, the performance of all
the models considered is high. However, considering the resolution of the satellite images,
we expected this to result in a slightly lower performance in the case of orchards. The
mismatches between these classes correspond mainly to the same aggregated categories
distinguishing between irrigated and non-irrigated crops. Considering the importance of
identifying irrigated crops, a specific model for this purpose was considered, using the
same architecture, to identify the irrigated land use, showing a 95% accuracy and a 95% F1,
whereas it increased to 97% for both metrics when post-processing was applied.

Table 12. Statistics for the comparison of the five selected models used to identify 19 classes.

Maetrics
.. Irrigation Prediction
Model 19 Classes 19 C.lasses Irrigation Detection o . Time Per
Weighted Detection . Fitting Time (s) .
Accuracy Ave. F1 Accurac Weighted Avg. Million
& y F1 Samples (s)
Decision Tree 73% 74% 448 0.60
Random Forest 83% 83% 257 12.74
PCA + MLP 87% 87% 1505 11.69
CNN 91% 91% 95% 95% 11,576 13.76
CNN . 92% 91% 97% 97%
w /Postprocessing
Table 13. Comparison of F1s for each model per class.
F1
Class
DT RF PCA + MLP CNN
Forage irrigated 0.64 0.85 0.86 0.93
Spring irrigated 0.91 0.95 0.95 0.97
Spring irrigated Chinese garlic 0.82 0.92 0.95 0.97
Spring irrigated purple garlic and horticulture 0.89 0.97 0.97 0.98
Late spring irrigated 0.68 0.87 0.90 0.95
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Table 13. Cont.

F1
Class
DT RF PCA + MLP CNN
Summer irrigated, low cover and horticulture 0.83 0.92 0.93 0.96
Summer irrigated, high coverage 0.88 0.95 0.95 0.97
Irrigated alfalfa 0.93 0.97 0.97 0.98
Double crop 0.83 0.93 0.94 0.96
Herbaceous non-irrigated 0.60 0.76 0.81 0.89
Bare soil 0.58 0.82 0.90 0.93
Irrigated vineyard 0.53 0.61 0.71 0.80
Non-irrigated vineyard 0.73 0.80 0.85 0.89
Irrigated olive trees 0.48 0.74 0.76 0.81
Non-irrigated olive trees 0.36 0.44 0.62 0.65
Irrigated shell fruit trees 0.51 0.70 0.79 0.87
Non-irrigated shell fruit trees 0.54 0.64 0.76 0.82
Irrigated fruit trees 0.32 0.77 0.56 0.67
Non-irrigated fruit trees 0.12 0.20 0.26 0.36

According to the proposals shown in Table 14, different types of models can be used
in land use classification. These include traditional models based on decision trees and
random forests, which constitute one of the most successful machine learning methods
and deep learning models based on the use of recurrent neural networks, such as long
short-term memory and convolutional neural networks.

Table 14. Previous proposals’ overall performance.

Proposal RS Features Model Accuracy Classes
Ours Sentinel-2 BOA ref. Conv2D 91% 19
Portalés-Julia et al. [32] Sentinel-2 Ref. and BSI Bi-LSTM 98.2% 9
Campos-Taberner et al. [31] Sentinel-2 Ref. and NDVI Bi-LSTM 98.6% 16
Fan et al. [58] Sentinel-2 BOA ref. RF 96-98% 9
Zhong et al. [23] Landsat EVI ConvlD 85.5% 14
RufSwurm and Koérner [30] Sentinel-2 TOA ref. Bi-ConvLSTM 89.6% 17
Hao et al. [19] MODIS Phenological metrics RF 89% 6
Foerster et al. [13] Landsat NDVI DT 73% 11

Similar works applied to a set of images with pixel sizes larger than the plot showed a
low accuracy of 50% in crop classification in some areas because of the presence of trees in
the fields and the lack of resolution [9]. In light of this, the input information was filtered
with a minimum threshold of 0.3 ha per plot, as explained in the methodology.

Hao et al. proposed a model which employs the phenological features obtained from
a MODIS time series, whose resolution is lower than that of Landsat and Sentinel-2 images.
They aimed to classify a reduced group of six classes, achieving an overall accuracy of 89%
with a model based on random forest [19].

As Fan et al. demonstrated [58], the data volume of the Sentinel 2 images is large
compared to the data provided by other satellites because of the medium-high resolution
of the sensors. Therefore, we considered a similar solution, optimizing the volume of the
training, while obtaining data to enable the model to learn without making the training set
too large to be processed. Their model consists of a random forest that classifies the land
use among nine classes. In this respect, it is necessary to point out that, when comparing
algorithms, a smaller number of classes leads to simpler and more accurate models. In
our proposal, we used CNNs inspired by Zhong et al.’s work [23], consisting of Conv1D
layers that can be used to extract temporal patterns from an enhanced vegetation index
(EVI) time series for 14 classes, whereas our model used Conv2D layers to extract temporal
and multispectral patterns from the 2D fingerprint so as to classify 19 classes.
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Rufiwurm and Koérner proposed a model whose input is derived from a Sentinel-2
top-of-atmosphere (TOA) time series and a maximum cloud level of 80%. They employed a
Bi-ConvLSTM model, which obtained an 89.6% global accuracy in classifying 17 herbaceous
crops, considering the spatial and temporal distribution [30]. In contrast, our proposal
establishes a threshold of 10% for the presence of clouds in the image in order to consider it
acceptable and employs a bottom-of-atmosphere (BOA) time series to perform the classifi-
cation of both herbaceous crops and orchards, considering only the temporal distribution
per pixel.

Campos-Taberner et al. presented a study which aimed to explain deep learning,
in which they employed a bidirectional LSTM model [31]. Portalés-Julia et al. made
improvements on their previous work, in which they continued using Bi-LSTM models [32],
obtaining a 94.3% accuracy using random forests and an over 98% accuracy in their study
area using Bi-LSTM networks. This may be the result of both the fact that the model did
not discriminate irrigated areas and classified fewer classes. The use of LSTMs leads to
higher computational costs in terms of time and resources compared to CNNs, which we
used in our proposal with the aim of achieving an efficient model with a reduced number
of parameters and a similar performance [36].

5. Conclusions

This work offered a comparison of different deep learning algorithms, which were
used to identify 19 agricultural land use classes in the area of Albacete, Spain, a well-known
testing area for the use of traditional decision tree algorithms. For this purpose, each pixel
was characterized as a 2D fingerprint using a sequence of one-granule Sentinel 2 multispec-
tral data over the year of 2018, developing traditional machine learning and deep neural
networks models in order to classify the land use as herbaceous and orchards crops and con-
sider whether they are irrigated or not. The best results were achieved by the deep neural
networks containing two-dimensional convolutional layers (Conv2D), which outperformed
the other accepted classifiers, such as random forests and multilayer perceptron, whose
results were good in previous works. This model, based on CNNs, performs a pixel-based
classification that analyzes the multispectral and temporal components, proving that it can
obtain a high overall accuracy of 91%, regardless of the spatial distribution, by identifying
multispectral-temporal patterns in the 2D pixel fingerprint. The accuracy of the model is
higher in case of the herbaceous crops than the orchards, a which is even more notable
if irrigation is applied. Additionally, the model we built to detect irrigated areas detects
97% of the irrigated areas with a 98% precision. Considering these achievements, a model
based on two-dimensional convolutional layers shows promising results and potential to
be applied to the area in question. This model is trained for a specific area; thus, the crops
or the characteristics of other locations are not within its knowledge. For that purpose,
additional possibilities for future work can be conceived in two different ways. The first
option is to re-train the model with new samples from the other area, so that its weight
changes to fit the new data. A second option is to take the layers of this model as a base in
order to build a new one. These choices would allow for the application of transfer learning
and take advantage of this previous work. This also implies an improvement, since experts
in agronomy are currently performing heavy manual work in order to make classifications,
which is a task that can take months to complete [18].
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Abstract: The Honghe Hani Rice Terraces represent the coexistence between natural and cultural sys-
tems. Despite being listed as a World Heritage Site in 2013, certain natural and anthropogenic factors
have changed land use/land cover, which has led to a reduction in the size of the paddy rice area. Itis
difficult to accurately assess these changes due to the lack of historical maps of paddy rice croplands
with fine spatial resolution. Therefore, we integrated a random forest classifier and phenological in-
formation to improve mapping accuracy and stability. We then mapped the historical distribution of
land use/land cover in the Honghe Hani Rice Terraces from 1989-1991 to 2019-2021 using the Google
Earth Engine. Finally, we analyzed the driving forces of land use types in the Honghe Hani Rice Ter-
races. We found that: (1) forests, shrubs or grasslands, and other croplands could be discriminated
from paddy rice during the flooding and transplanting period, and water bodies and buildings could
also be discriminated from paddy rice during the growing and harvesting period. (2) Inputting phe-
nological feature data improved mapping accuracy and stability compared with single phenological
periods. (3) In the past thirty years, 10.651%, 8.810%, and 5.711% of paddy rice were respectively
converted to forests, shrubs or grasslands, and other croplands in the Honghe Hani Rice Terraces.
(4) Lower agricultural profits and drought led to problems in identifying the driving mechanisms
behind paddy rice distribution changes. This study demonstrates that phenological information can
improve the mapping accuracy of rice terraces. It also provides evidence for the change in the size
of the rice terrace area and associated driving forces in Southwest China.

Keywords: Honghe Hani Rice Terraces; Landsat; land use/land cover; phenology; Google Earth
Engine

1. Introduction

Paddy rice is an important caloric source that feeds more than half of the world’s pop-
ulation [1]. Rice fields are also vital temporary and anthropogenic wetlands that support
habitats for wildlife [2]. Mapping temporal-spatial changes in paddy rice plays a crucial
role in food security and ecological conservation [3]. However, applying satellite images
to map paddy rice distribution presents several challenges. The similarity of spectral fea-
tures between paddy rice and other crops or vegetation types throughout the year is one
of the challenges for mapping paddy rice [4]. On the one hand, the spectral changes of
deciduous plants, other crops, and paddy rice show a consistent positive correlation trend
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with precipitation and temperature changes [5]. On the other hand, different cultivation
conditions, e.g., the input of nitrogen fertilizers or irrigation, also affect the spectral change
of paddy rice [6]. These problems bring challenges when discriminating paddy rice from
other crops or vegetation types. Therefore, determining the differences in spectral features
between other crops and vegetation types at different growing phases or cultivation con-
ditions is the key to paddy rice mapping.

The availability of satellite images with suitable time windows is another challenge
for paddy rice mapping. In general, paddy rice phenology can be split into three pe-
riods: (1) the flooding and transplanting rice period (FTP); (2) the rice growing period
(GP); and (3) the fallow period after harvest (FP) [7,8]. Previous studies used phenolog-
ical features to map and discriminate paddy rice from other land use types by detecting
its surface water and green vegetation change [8-11]. However, due to cloud cover, cloud
shadow, and fog contamination, it is difficult to acquire high-quality images or suitable
time window images for detecting the phenological phase of paddy rice [3,11,12]. This
also limits the application of classifiers to map paddy rice based on spectral bands and
vegetation indices of phenological features [3]. Therefore, a few previous studies have in-
tegrated classifiers and phenological information to map paddy rice distribution and assess
mapping performance.

Historical mapping is an effective tool to monitor or assess the temporal-spatial change
inland use/land cover (LULC) and ecosystem services [13,14]. Many historical LULC maps
of paddy rice croplands have been produced based on satellite images. However, coarse-
resolution data might lead to uncertainty in the LULC change process [14,15], making it
challenging to map paddy rice and LULC at the landscape scale. Landsat data have pro-
vided finer spatial resolution and temporal coverage from 1984 to the present day [16], so
Landsat has been widely used to map paddy rice at regional and national scales. We found
that most current historical mappings of paddy rice based on Landsat images lacked infor-
mation about other land use types, leading to problems in identifying the driving mecha-
nisms behind paddy rice distribution changes.

Ethnic minorities, primarily the Hani people, have shaped the steep, mid-mountain
slopes of the Ailao Mountains into rice terraces in a subtropical monsoon climate over the
past 1300 years [17,18]. The Hani culture believes that natural environments have their
divine owners, and that the Hani people serve as custodians with the right to use these
natural environments, but also a duty to protect them [18,19]. Based on the traditional cul-
tural system of “vernacular knowledge”, the Hani people maintain the balance between
the local natural environment and traditional agricultural systems [20]. Thus, the Hani
people have developed a sustainable landscape composed of forests, water systems, vil-
lages, and terraces [21,22]. This harmonious coexisting system of the Honghe Hani Rice
Terraces (HHRT) maintains local ecosystem services and rice productivity while provid-
ing aesthetic diversity and cultural value for humans [18,20,22]. Consequently, the HHRT
was designated as a Globally Important Agricultural Heritage System by UNFAO in 2010
and as a World Heritage Site by UNESCO in 2013 [20,21,23]. Mapping temporal-spatial
changes of paddy rice in the HHRT is vital to local landscape planning and supporting
heritage conservation.

Traditional rice terraces worldwide face various challenges from natural and anthro-
pogenic factors [24,25]. Economic benefits, labor shortages, and food habit changes have
led to rice terraces decreasing by 40% in Japan [26,27]. Soil erosion is also threatening the
quality of most terraces [28]. Meteorological disasters, organic fertilizer misuse, pests, and
soil erosion are the primary reasons that have led to rice terrace degeneration and loss at
Ifugao in the Philippines [29]. The HHRT is also facing a series of problems: conversion
of paddy rice areas to dry crops [30], farmer outmigration [31], landslide risk [17], climate
change [18], etc. These problems are causing traditional culture and paddy rice area losses
in the HHRT [31,32]. Most of these studies were conducted by questionnaire surveys or
field monitoring, resulting in a lack of temporal-spatial quantified evidence to reveal driv-
ing forces in the rice terraces.
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Here, we will investigate the traditional ecological knowledge used to acquire phe-
nological information on paddy rice in HHRT and phenological-based paddy rice to pro-
duce historical mapping in HHRT using Landsat time-series images and the Google Earth
Engine (GEE). In this study, we will address four objectives: (1) assess the separability be-
tween paddy rice and other land use types at different phenological periods; (2) assess the
accuracy and stability of paddy rice mapping between three inputs of phenological infor-
mation; (3) update the historical maps of LULC for HHRT from 1989-1991 to 2019-2021
using GEE and phenological information; and (4) analyze the driving forces of LULC in
HHRT from 1989-1991 to 2019-2021.

2. Materials and Methods
2.1. Study Area

The HHRT (22°30'-23°30'N, 101°30’-103°30’E), distributed across four counties
(Yuanyang, Honghe, Jinping, Lvchun), covers 978.071 km? in the southern Yunnan
Province, China (Figure 1). The terraces are located on the south edge of the Ailao Moun-
tains, which range in elevation from 339 m to 2865 m. Due to the lower latitudes, the
study area has a typical ‘stereoscopic’ climate. The average temperature in the study area
is 25 °C. The Honghe hot-dry valley in the northern part of the Ailao Mountains has the
highest recorded temperature (42 °C), and the lowest recorded temperature on the high-
est mountain is 11.6 °C [21]. The major climate in the study area is the subtropical mon-
soon. Precipitation is mainly influenced by the southwest monsoon from the Indian Ocean,
and the southern area of the Honghe River has the highest annual rainfall (1397.6 mm) in
Yunnan Province [21]. River valleys with high evaporation and abundant rain often cause
the study area to have dense fog and clouds, seriously affecting paddy rice mapping.
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Figure 1. The location of the HHRT in China and its elevation ranges.

2.2. Phenological Features of Paddy Rice in the HHRT
2.2.1. Traditional Ecological Knowledge Investigation

We used semi-structured interviews based on the recall method to collect traditional
ecological knowledge (TEK) of paddy rice phenology. We investigated TEK from eight
villages in Honghe and Yuanyang Counties (Figure 1), which mainly included five Hani
ethnic minority villages, two Yi ethnic minority villages, and one Dai ethnic minority vil-
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lage in the HHRT. Each local village head invited one or two elders to answer our TEK
questions. These elders were all above 60 years old and could speak Mandarin or the local
dialects. Some previously served as the heads of paddy rice production or were priests
("K4) in their villages. Each interview was composed of four people in a relatively closed
room, including an interviewer who was responsible for asking questions, an interviewer
who recorded and supplemented questions, a participant who answered our questions,
and a translator who was responsible for conveying the correct meaning between Man-
darin or the local dialect and their ethnic minority language. The questions included the
planting history of rice species in the HHRT, the traditional paddy rice farming methods
in the HHRT, the phenological features and dates of each paddy rice production sector,
and the conventional technology and equipment used in paddy rice production. The in-
terviewer did not follow the list of TEK questions during the semi-structured interviews
but allowed the interviewees to freely answer our questions according to their experiences
and perceptions [33]. This helped to increase reciprocal interactions between interviewers
and participants [34].

2.2.2. Traditional Paddy Rice Ecological Knowledge

The Hani people have plenty of TEK for paddy rice production. Local governments
encourage HHRT farmers to plant traditional rice species to protect traditional cultures.
Although the Hani Terrace zones have high enough temperatures and rainfall, they only
plant single rice [23]. Therefore, Table 1 and Figure 2 show that the rice phenology in
HHRT could be separated into three periods: (1) FTP; (2) GP; and (3) harvesting period
(HP). The phenological dates used by the interviewees to answer our questions are based
on the lunar calendar. In the past 20 years, the Gregorian calendar has been, on average,
36 days earlier than the lunar calendar.

Table 1. The Hani lunar calendar and related farming activities.

Meaning of Hani

Vegetation Indices Changes

Month of Lunar Calendar Nationality Farming Activities of Paddy Rice
The month of creatures . .
January . Nursery rice seedlings
awakening NDVI lower than 0.4; EVI,
NDSVI, and LSWI 1 th
February The season for transplanting Transplant seedlings and an 0.2 owerthan
March seedlings hoeing in terraces '
April : : : .
The season of leisure hoeing, hunting, repair farm NDVI from 0.4 increased to
May tools 0.8; EVI, NDSVI, and LSWI
June The harvest preparation hoeing, repair farm tools, from 0.51 increased t(,) 0'17’ 0.55,
month prepare for the harvest and 0.4, respectively.
1 Th th of ri i
July © thonth of Tice sTowing Autumn harvest, fallow NDVI decreased to lower
August The month of rice maturation than 0.4; EVI, NDSVI, and
The alternate month of the ) LSWI decreased to lower than
September Harvest late rice, fallow 0.2.
new year and the last year
October The first month of new year
November The mc.)nth of .creature Fallow, pl'ou‘gh the paddy NDVI lower than 0.4; EVI,
hibernation lands, repair ridges and farm ~ NDSVI, and LSWI lower than
The month of seed tools 0.2
December o
germination

Notes: October of the lunar calendar is the first month of the new year for the Hani nationality.

As shown in Table 1, the lunar calendar month of January is the awakened month
of creatures in the Hani nationality [35]. In January of the lunar calendar, the day of the
year (DOY) is from 36 to 66, and the Hani people nurse rice seedlings and flood the paddies.
February and March of the lunar calendar (DOY from 66 to 126) are the time for transplant-
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lower than that of other croplands. The paddy rice values of LSWI were lower than those
of forests but higher than those of shrubs or grasslands, and other croplands (Figure 2).
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Figure 2. The time series of NDVI, EVI, NDSVI, and LSWI indices for paddy rice (PR), forests
(ES), shrubs or grasslands (SG), and other croplands (OC) calculated from Landsat 8 images in 2019:
50 points for each land use type.

The work of the Hani people from April to June of the lunar calendar is hoeing, re-
pairing farm tools, and preparing to harvest (Table 1). This period can be defined as the
GP of paddy rice and the DOY is from 126 to 216. In this period, the paddy rice value of
NDVI increases from 0.4 to 0.8, EVI increases from 0.2 to 0.7, NDSVI increases from 0.2
to 0.55, and LSWI increases from 0.2 to 0.4 (Figure 2). At the same time, the vegetation
indices of forests, shrubs or grasslands, and other croplands also show an increasing trend
during GP.

The major rice harvesting period is from late July to August of the lunar calendar. A
part of the autumn harvest will last until early September of the lunar calendar (Table 1).
This period can be defined as HP and the DOY is 216 to 300. Therefore, the paddy rice
values of NDVI, EV], NDSVI, and LSWI show a decreasing trend but are higher than those
of the FTP.

After the harvest period, the paddy rice in the HHRT enters the FP. The Hani people
celebrate the rice harvest from the first Loong Day to the first Monkey Day in October of the
lunar calendar. In addition, the paddy lands are fallowed from October to December of the
lunar calendar, and the Hani people plough the paddy lands and repair ridges and farm
tools (Table 1). However, the HHRT paddy flooding differs greatly from other places. The
local interviewees said that most rice paddies are flooded after harvest to the transplant
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period. The DOY of the fallow and flooding period is from 300 to 36 of the following
year. In this period, the paddy rice values of NDVI, EVI, and NDSVI are lower than those
of forests, shrubs or grasslands, and other croplands. The paddy rice value of LSWI is
lower than that of forests but higher than that of shrubs or grasslands, and other croplands
(Figure 2).

2.3. Landsat Data Pre-Processing

Image pre-processing, phenological detection, classification, and validation were anal-
ysed by Google Earth Engine (GEE) Python API and geemap [36]. Given that Landsat
satellites have several advantages, such as a long observation history, fine spatial resolu-
tion, and free access, Landsat satellite datasets are widely used to monitor LULC change
and map historical datasets [37]. We selected Surface Reflectance Tier 1 (SRT1) products
of the Thematic Mapper Sensor (TM) and the Operational Land Imager (OLI) to map the
land use types from 1989 to 2011 and 2013 to 2021, respectively. Because the band numbers,
wavelength ranges, and spatial resolution of the Enhanced Thematic Mapper Plus (ETM+)
are similar to those of TM, a previous study used TM images and ETM+ images to map the
historical distribution of paddy rice in Japan [4]. In this study, we combined TM images
from 2010-2011 and ETM+ images from 2012 into an image collection from 2010 to 2012 to
make up for missed Landsat images in 2012. A total of 1456 Landsat images were used in
this study from 1989 to 2021 (Table S1), and the path/row of Landsat satellites in the HHRT
are 128/44, 128/45, 129/44, 129/45, and 130/44.

Both Landsat datasets underwent atmospheric correction and orthorectification. Then,
the CFmask algorithm was used to reduce the effect of clouds and cloud shadows on the
images. Previous studies have proven that the normalized difference vegetation index
(NDVI), enhanced vegetation index (EVI), and land surface water index (LSWI) can help
improve the mapping accuracy of paddy rice [8,9,38]. The normalized difference senes-
cent vegetation index (NDSVI) can help detect vegetation senescence caused by leaf water
loss [39]. Finally, we calculated four spectral indices and added these indices into spec-
tral bands based on the GEE platform, including NDVI [40], EVI [41], NDSVI [39], and
LSWI [8]:

NDVI = Onir — Ored (1)
Pnir + Ored
EVI = 2.5 x Pnir — Pred 2)

Pnir 6 X Pred — 7.5 X pprye +1

NDSVI — Pswirl — Pred 3)
Pswirl + Pred

LSWI = Pnir — Pswirl (4)
Pnir + Pswirl
where pper Pred, Prir ad Psyir1 are the reflectance of the blue, red, near-infrared (NIR),
and shortwave-infrared 1 (SWIR1) bands in Landsat images, respectively.

2.4. Ground Reference Data

We collected reference data using a stratified sampling method based on Yang’s prod-
ucts [14]. A total of 1000 points of interest (POIs) were collected between 1999 and 2019.
The POIs in 1999 and 2019 were used to map the land use types of Landsat TM images
and Landsat OLI images, respectively. In this study, we defined six land use types, includ-
ing paddy rice, forests, shrubs or grasslands, other croplands, water bodies, and buildings.
To ensure that each land use type had enough reference data for the training and testing
datasets, each one was equally allocated 50 POls. In addition, we assigned the remaining
700 POIs based on the land use area of Yang’s dataset in 1999 and 2019. Yang’s dataset
was based on GEE, and Landsat images mapped annual LULC data in China from 1990 to
2019 [14]. This dataset has six land use types in the study area: forests, shrubs, grasslands,
croplands, buildings, and water bodies. Therefore, we merged the shrubs and grasslands
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of Yang’s dataset as a new land use type in our classification scheme, and the POIs of paddy
rice were incorporated into the croplands. We randomly allocated POls of each land use
type in 1999 and 2019 by Yang's dataset and the number of POIs. Because the average over-
all accuracy of Yang's dataset is 79.30% [14], we double-checked all of the POIs on Google
Earth with high spatial resolution. In the end, there were 118 and 97 POls for paddy rice,
555 and 528 POls for forests, 127 and 126 POls for shrubs or grasslands, 97 and 141 for
other croplands, 52 and 53 POlIs for water bodies, and 51 and 55 POlIs for buildings in 1999
and 2019, respectively.

Finally, we randomly selected 50 POls of each land use type to extract the time series
values of NDVI, EVI, NDSVI, and LSWI in 2019 to map the phenology features (Figure 2)
and to calculate the Jeffries—Matusita distance (JMD) separability values between indices
and spectral bands of the six land use types [42]. The basic idea of JMD is that if spectral
or index values become more different between various land use types, the land use types
are discriminated more easily [43]. The value of J]MD ranges from 0 to 2, and when the
value reaches 2, the land use types can be better discriminated [43]. The JMD is calculated
using the equation [43,44]:

Jij=2x (1-e ™) )
in which 5 X
1 5 2 1 v; + ZJ]-

B — = R 4T yInl 1 6

ij 8><(ul uj) le?+v]2.+2x n( 200 (6)

where Jj; is the value of JMD, B;; is the value of Bhattacharyya distance, and u; and v; are
the means and the variance of adjacent segments of class i, respectively. We calculated the
JMD in R v.4.0.2.

2.5. Classification & Data Input

Random forest has higher stability, lower noise and overfitting, and higher accuracy
than other machine learning algorithms [45,46]. Therefore, the random forest classifier
has been widely used in remote sensing classification. The principle of the random forest
classifier is based on multiple decision trees and bootstrap aggregation to train reference
data [47,48]. The number of trees in the random forest is the number of repeat times in the
ensemble or the number of “trees” (decision trees) in the “forest”. To reduce overfitting
and maintain mapping accuracy in this study, the number of trees was set to 500 in the
random forest classifier [46,49]. A random sub-selection of 70% of the POIs was used as
the training dataset to map the land use, and the remaining 30% of the POIs were used as
the testing dataset to assess the mapping accuracy.

Previous studies have proven that phenology-based approaches can help improve
paddy rice mapping accuracy [3,4,8,9]. However, monsoonal climatic conditions in lower
latitude areas that lead to persistent cloud limits the detection of paddy rice phenological
features during GP [11]. To ensure we had enough Landsat images with lower cloud covers
(<5%) to analyze the driving forces of paddy rice area changes, we calculated median val-
ues of Landsat spectral bands and vegetation indices during the FTP (DOY from 1 to 126)
and the growing and harvesting period (GHP, DOY from 126 to 300) data input within
three-year periods [4], which helped to detect the phenological features of paddy rice.
We obtained 11 Landsat image collections of three-year periods: 1989-1991, 1992-1994,
1995-1997, 1998-2000, 2001-2003, 20042006, 2007-2009, 2010-2012, 2013-2015, 2016-2018,
and 2019-2021. Among them, except for 2001-2003 (cloud cover =27.455%) and 2013-2015
(cloud cover = 5.771%), the cloud covers of the other Landsat image collections are lower
than 4%. Finally, we compared three different input datasets to assess the performance of
phenological features for LULC mapping improvement. The phenological input dataset
(PID) consisted of the vegetation indices (NDVI, EVI, NDSVI, and LSWI) and Landsat spec-
tral bands (B4-7) in the time series of the FTP and GHP. Another two input datasets con-
sisted of the vegetation indices (NDVI, EVI, NDSVI, and LSWI) and Landsat spectral bands
(B4-7) in the FTP (FID) and GHP (GID), respectively. The workflow is shown in Figure 3.
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Figure 3. The land use/land cover mapping workflow in the HHRT.
2.6. Validation

To assess the accuracy between different input data, we used K-fold cross-validation
of random sub-selections of 70% of POIs to map LULC in 2019-21, and the remaining
30% of POIs to assess the accuracy of thematic maps [45]. Then, we randomly selected
300 samples for accuracy validation from six periods (1989-1991, 1995-1997, 1998-2000,
2004-2006, 2010-2012, and 2013-2015). We checked these samples by visual interpretation
with Landsat images and Google Earth [14]. Finally, we utilized the F1 score (FS), pro-
ducer’s accuracy (PA), user’s accuracy (UA), overall accuracy (OA), and kappa coefficient
(KC) to determine the accuracy of the land use maps [14].

2.7. Area Changes and Driving Force Analysis

We divided the Landsat images from 1989 to 2022 into collections of three-year periods
to cover the gaps caused by clouds and cloud shadows [4,11]. In this study, we found that
PID achieved the highest mapping accuracy and stability. Therefore, PID was used to map
the land use distribution from 1989-1991 to 2019-2021. Because cloud cover percentage in
2001-2003 was 27.455%, we did not use the land use map in 2001-2003 to analyze driving
forces. Instead, we used ArcGIS 10.5 software (version: 10.5.0.6491) and linear regression
to compare the differences in land use change trends and land use transfer between HHRT
and outside the HHRT from 1989-1991 to 2019-2021. Previous studies revealed that eco-
nomic developments and climate change are the major driving forces impacting paddy rice
area changes in China [50,51]. Therefore, economic data (GDP and proportion of primary
industry) and climate data (annual temperature and annual precipitation) were used to
assess the driving forces of land use types in four countries from 1989-1991 to 2019-2021
by Pearson correlation analysis in R. Among them, we collected Yunnan Statistical Year-
book economic data from 1989 to 2022 and climate data from local meteorological depart-
ments from 1989 to 2021. Finally, we randomly interviewed 37 local people in 8 villages
to support driving force analysis. The average age of interviewees was 47 years old. The
questionnaires included household income sources, agricultural production, employment
planning, forest coverage changes, and water yield changes.
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3. Results
3.1. The Separability Analysis in Two Phenological Periods

The vegetation indices and Landsat spectral bands in the FTP performed better when
discriminating paddy rice from forests, shrubs or grasslands, and other croplands (Figure 4
and Table 2). The JMD values of NDVI, EVI, and NDSVI between paddy rice with forests
and paddy rice with shrubs or grasslands during the FTP are more than 1. This meant that
paddy rice with forests and paddy rice with shrubs or grasslands could be discriminated in
the FTP by adding the vegetation indices NDVI, EVI, and NDSVI (Figure 4 and Table 2). In
addition, B6 (1.059), NDSVI (0.994), B7 (0.979), and LSWI (0.842) show better separability
performances than other indices or bands to discriminate paddy rice and other croplands
(Figure 4 and Table 2). Furthermore, during the FTP, only B6 (1.006) can better discriminate
paddy rice and water bodies, and LSWI(1.092) and B7 (1.247) can better discriminate paddy
rice and buildings (Table 2).
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Figure 4. The annual mean of different land use types in four indices and spectral bands. FTP is the
flooding and transplanting rice period, GHP is the growing and harvesting period, B4 is red band,
B5 is NIR band, B6 is SWIR 1 band, B7 is SWIR 2 band, PR is paddy rice, FS is forests, SG is shrubs
or grasslands, OC is other croplands, WB is water bodies, and BS is buildings.

The vegetation indices and Landsat bands in GHP performed better when discrim-
inating paddy rice from water bodies and buildings (Figure 4 and Table 2). The vegeta-
tion indices NDVI (1.700), EVI (1.509), NDSVI (1.755) and Landsat bands B5 (1.136) and B6
(1.070) could be used to discriminate paddy rice and water bodies during GHP. At the same
time, the vegetation indices of NDVI (1.607), EVI (1.148), LSWI (1.465) and Landsat bands
of B4 (1.394) and B7 (1.305) performed better in discriminating paddy rice and buildings
during GHP (Figure 4 and Table 2). However, only NDVI, NDSVI, and B4 during GHP
could be used to discriminate paddy rice and forests. No vegetation indices or Landsat
bands during GHP could be used to discriminate paddy rice with shrubs or grasslands,
and paddy rice with other croplands (Table 2).
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Table 2. Results of the Jeffries-Matusita distance (JMD) between paddy rice (PR) and forests (FS),
shrubs or grasslands (SG), other croplands (OC), water bodies (WB), and buildings (BS).

FTP GHP
Imj)lrces PR vs. PR vs. PR vs. PR vs. PR vs. PR vs. PR vs. PR vs. PR vs. PR vs.
FS SG ocC WB BS FS SG ocC WB BS
Bands
NDVI 1.934 1.034 0.094 0.710 0.338 1.029 0.068 0.148 1.700 1.607
EVI 1.444 1.379 0.368 0.751 0.117 0.547 0.158 0.026 1.509 1.148
NDSVI 1.707 1.445 0.994 0.991 0.338 1.188 0.516 0.030 1.755 0.850
LSWI 0.458 0.193 0.842 0.833 1.092 0.398 0.111 0.504 0.088 1.465
B4 1.118 0.062 0.339 0.237 0.462 1.038 0.057 0.650 0.793 1.394
B5 0.531 0.952 0.618 0.968 0.186 0.175 0.209 0.155 1.136 0.325
B6 0.035 0.856 1.059 1.006 0.749 0.007 0.428 0.803 1.070 0.594
B7 0.037 0.527 0.979 0.814 1.247 0.304 0.269 0.798 0.764 1.305

3.2. Phenological Information Improved Mapping Accuracy

By adding phenological information, the mapping accuracy and stability performed
better than the other two single phenological periods. The OA and KC of PID on average
are 0.871 (SD = 0.011) and 0.813 (SD = 0.015), which are higher than 0.859 (SD = 0.021) and
0.794 (SD =0.027) of FID on average and 0.796 (SD =0.016) and 0.695 (SD = 0.023) of GID on
average, respectively. In addition, Figure 5 shows that the PA, UA, and FS of PID are higher
than those of FID in paddy rice, forests, shrubs or grasslands, and water bodies. However,
the UA and FS of PID are lower than those of FID in other croplands and buildings. The
PA, UA, and FS of PID are higher than those of GID in each land use type. Figure 5 also
shows that PID resulted in the highest stability of PA, UA, and FS compared with the other
two single phenological periods. Moreover, Figure 5 also shows that the GID had better
stability of PA, UA, and FS than the FID, and the PA, UA, and FS of water bodies in the
GID are higher than those in the FID. Therefore, adding phenological information helps
improve mapping accuracy and stability.

3.3. Paddy Rice Decreased from the 1990s to 2020s

We selected the PID using the random forest classifier to map the land use changes
from 1989-1991 to 2019-2021. The average OA and KC in six periods were 88.721 £ 2.798%
and 80.387 + 4.716%, respectively (Table S2).

Paddy rice, shrubs or grasslands, and other croplands show a decreasing trend from
1989-1991 to 2019-2021 (Figures 6 and 7). The loss proportions of paddy rice, shrubs or
grasslands, and other croplands in HHRT are lower than those out of HHRT, but the in-
creased proportion of forests in HHRT is higher than that outside the HHRT. Figure 7 and
Table 3 show that 24.724% and 42.529% of paddy rice, 0.468% and 8.484% of shrubs or
grasslands, and 51.943% and 56.879% of other croplands decreased in HHRT and outside
the HHRT from 1989-1991 to 2019-2021, respectively. The forests increased to 31.572%
and 17.027% in HHRT and outside the HHRT from 1989-1991 to 2019-2021, respectively.
In addition, the area of paddy rice in the HHRT decreased from 13.659% in 1989-1991 to
5.566% in 2010-2012, then increased to 13.880% in 2013-2015, but decreased to 10.282%
in 2019-2021. Although the HHRT was listed as a World Heritage Site in 2013, the paddy
rice area decreased from 2013-2015 to 2019-2021 (Figure 7). The area of paddy rice outside
the HHRT decreased from 6.347% in 1989-1991 to 2.511% in 2010-2012, then increased to
5.675% in 2013-2015, but decreased to 3.648% in 2019-2021.
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Figure 5. Accuracy assessment with producer’s accuracy (PA), user’s accuracy (UA), and F1 score
(FS) in 2019-2021 from three kinds of data input: phenological features input dataset (PID); FTP
input dataset (FID); and GHP input dataset (GID). PR is paddy rice, FS is forests, SG is shrubs or
grasslands, OC is other croplands, WB is water bodies, and BS is buildings.

z 102°0'0"E 102°40'0"E  103°20'0"E 102°0'0"E 102°40'0"E  103°20'0"E 102°0'0"E 102°40'0"E  103°20'0"E
z L h b 1 h h " h h z
§- 1989-1991 | 4 1992-1994 | - 1995-1997 | £
Q )
o
g z
] &
L (]
T T T T T T T T T
z z
S Q
£ z
S e
& '3
o o
(ol
T T T
£ z
a =
£ z
=4 g =
- r=
e %
o
T T T T T T T T T
Z 102°0'0"E  102°40'0"E  103°20'0"E
£ Legend
3 L
3
] J County Boundary Shrubs or Grasslands
1 Cloud Covers [ Other Croplands
z ; .
s M Paddy Rices M Water Bodies
z- B Forests = Buildings N
“ LT Kilometers
T r T T T T
102°0'0"E  102°40'0"E  103°20'0"E 102°0'0"E  102°40'0"E  103°200"E 0 30 60 120

Figure 6. The land use cover changes in the study area from 1989-1991 to 2019-2021.
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Figure 7. Area changes and trends of paddy rice (PR), forests (FS), shrubs or grasslands (SG), and
other croplands (OC) from 1989-1991 to 2019-2021.

Paddy rice is the major land contributor converted to other land use types from
1989-1991 to 2019-2021. Figure 6 and Table 3 show that 10.651% and 22.963%, 8.810%
and 11.886%, and 5.711% and 6.640% of paddy rice areas were converted to forests, shrubs
or grasslands, and other croplands in the HHRT and outside the HHRT from 1989-1991
to 2019-2021, respectively. At the same time, 34.602% of other croplands and 36.517% of
shrubs or grasslands were converted to forests outside the HHRT, and 30.597% of other
croplands and 38.976% of shrubs or grasslands were converted to forests in the HHRT. In
addition, 23.822% and 24.615% of other croplands were converted to shrubs or grasslands
in the HHRT and outside the HHRT from 1989-1991 to 2019-2021, respectively. There-
fore, paddy rice and other croplands were the primary sources of the forests and shrubs
or grasslands.

3.4. The Driving Factors of LULC

The Pearson correlation analysis and questionnaires revealed that climate and eco-
nomic factors affected paddy rice area changes (Figure 8). Our questionnaires show that
7 household interviewees rely on agriculture for their income with an average income of
11,125 yuan per year. Working as a migrant worker is the main income source for 27 house-
hold interviewees with an average income of 50,763 yuan per year. Regarding willingness
to cultivate paddy rice, 16 interviewees hoped the next generation of their family would
continue to grow rice and inherit rice terrace culture. Due to the lower agricultural profits,
11 interviewees were unwilling for the next generation to engage in agricultural produc-
tion. In addition, Pearson correlation analysis shows a negative correlation between GDP
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and paddy rice (r = —0.493) but a positive correlation between the proportion of primary
industry and paddy rice (r =0.704). The results of the questionnaires indicated that search-
ing for higher incomes might be an important reason for local farmers abandoning agri-
cultural lands. At the same time, we investigated the reasons for rice production changes.
Fifteen interviewees thought new rice varieties improved rice production while four in-
terviewees thought that precipitation reduction and water shortages decreased rice pro-
duction. Figure 8 shows a negative correlation between annual temperature and paddy
rice (r = —0.728) but a positive correlation between annual precipitation and paddy rice
(r=0.587).

Table 3. The transfer matrix of land use and land cover in four counties, the HHRT, and outside the
HHRT in 1989-1991 and 2019-2021 (kmz).

1989-1991
. Shrubs or Other Water 1 gs
Land Use Types Paddy Rice Forests Grasslands Croplands Bodies Buildings
Paddy rice 260.243 124.580 16.231 41.091 5.538 14.199
Forests 282.653 5629.271 1033.406 685.266 1.672 16.710
Shrubs or 102.447 438.720 421.858 529.110 0.764 18.378
Four Grasslands
counties  (yher Croplands 90.305 137.487 135.016 326.121 1.158 13.950
Water Bodies 8.045 8.346 0.926 3.036 13.283 4.629
Buildings 16.243 16.889 11.022 23.117 1.485 17.310
Paddy rice 68.315 17.112 2.508 9.658 0.562 2.225
Forests 31.323 367.917 91.377 77.892 0.166 1.392
Shrub:
20192021 HHRT Grassl?:\ dssgrther 14.261 31.550 40.941 66.429 0.032 1.540
Croplands 17.277 13.469 16.272 52.263 0.054 1.639
Water Bodies 0.693 0.234 0.062 0.173 0.207 0.184
Buildings 1.550 2.443 2.339 4134 0.027 2.843
Paddy rice 191.935 107.459 13.722 31.425 4.976 11.962
Forests 251.326 5261.489 942.090 607.408 1.506 15.317
Out C?g;,}fasn(gs 88.190 407.126 380.884 462.603 0.732 16.830
of HHRT
Other Croplands 73.027 124.008 118.721 273.767 1.105 12.308
Water Bodies 7.352 8.111 0.864 2.863 13.078 4.444
Buildings 14.690 14.443 8.682 18.974 1.456 14.457
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y = 0.284x + 18.225 (a)
1200 {R*=0.761  « 55 5 700 1 s
r=—0.728 T < — - 1800 E
— 1000 1 2 — g
nE é . 18 = ”E 500 - E
< 8001 2 = L1600 B
8 ° . 16 O 8 400 g
< = < &
ol . . = 300 E
) S i B T |y =—17.925 x + 1627.249 1400 2
400 4 Paddy rice < 200 {R>=0.251 Paddy rice ¢ <
Ol LS r=0.587 —— Annual precipitation
200 12 100 — — 1200
FIFLFSSSS S FIFFLTS L

Figure 8. Cont.

143



Remote Sens. 2023, 15, 2398

Area (km:)

800

600

400

200 -

60 800 100 ~

. @ <

700 B

- 80 Z

40 g ( _§

> 600 - £

>; B 60 =

(=} ~ ]

20 = = 500 - g

= 3 =)

"'E ;:- 3 —0.049 x + 0.689 40 E

& 400 122 = 0.975 E

y =2386.581x—4291.206 [ ¢ © r=0.704 50 8

Paddy rice R™=0.748 300 Paddy rice 2

r=—0.493 P . S AEE LS 3

20 i roportion of primary industry 5 A
N ORI ) O D H P I AL L0
S S FFFFTTTL S

Figure 8. The correlation coefficient (r) between paddy rice and its driving forces. (a-d) are the
correlation coefficients between rice paddy with annual temperature, annual precipitation, GDP, and
proportion of primary industry in four counties from 1989-1991 to 20192021, respectively.

4. Discussion
4.1. Phenological Features Improve Paddy Rice Mapping

Our study illustrated that adding phenological information can help improve paddy
rice mapping accuracy [3,4,8-11]. Forests, water bodies, and buildings did not have obvi-
ous phenological features (Figures 2 and 4), and vegetation indices or spectral bands can
help to discriminate these land use types from paddy rice at different phenological peri-
ods. The vegetation indices of forests, e.g., NDVI and NDSVI, are much higher than those
of paddy rice in any period (Figure 4). In particular, the JMD of forests and paddy rice
in NDVI and NDSVI are higher than 1.7 during the FTP (Table 2), which can be used to
discriminate forests and paddy rice at FTP. With paddy rice growing at GHP, the vegeta-
tion indices of paddy rice are higher than those of water bodies and buildings. Therefore,
vegetation indices can be used to identify water bodies and paddy rice, and buildings and
paddy rice at GHP [8,9].

However, deciduous vegetation, such as shrubs or grasslands, other croplands, and
paddy rice, show a similar annual variation [52]. Therefore, it is difficult to identify paddy
rice and other deciduous vegetation types at GHP using vegetation indices and Landsat
spectral bands (Table 2 and Figure 4). Because shrubs or grasslands have plant cover during
the FTP, the vegetation indices of shrubs or grasslands are higher than those of other crop-
lands and paddy rice (Table 2 and Figure 4) [5]. Previous studies used vegetation indices
or bands that could capture water information at transplanting periods to identify paddy
rice and other croplands [8-10,53-55]. In our study, Figure 4 shows that SWIR (B6-7) has
higher separability to discriminate other croplands and paddy rice because SWIR can de-
tect water and water absorption [39,56]. Therefore, the calculated NDSVI and LSWI based
on SWIR, can be used to discriminate other croplands and paddy rice at the FTP by detect-
ing water differences in leaf tissues and surface moisture, respectively [8,39].

Our study found that single phenological images show a lower accuracy but had over-
fitting problems when mapping paddy rice or land use types. This limited feature in input
datasets might be related to the lower accuracy [57]. Schulz et al. (2021) reported that
incorporating time series data of phenological information can help address the overfit-
ting problems of crop monitoring or mapping [58]. By adding phenological information
of vegetation indices and Landsat spectral bands, we achieved higher mapping accuracy
and stability of paddy rice and land use types than either FID or GID. Therefore, we rec-
ommend using phenological information to map paddy rice or deciduous vegetation.

4.2. The Area Changes of Paddy Rice in the Hani Terraces

The loss of paddy rice is caused by several factors [50,51], including economic devel-
opment, climate, policy, and technology. Economic development has been a major factor
impacting paddy rice area losses in southern China since the early 1980s [50,59]. In con-
trast, industrialization and urbanization have replaced paddy rice in built-up and residen-
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tial areas in South China in the past 30 years [60,61]. Lower agricultural profits might be the
major driver of paddy rice area losses in the HHRT [32]. The development of the secondary
and tertiary industry brings a large number of employment opportunities and increased
incomes. This leads to farm laborers migrating to cities for higher profits. Zhang et al.
(2017b, 2020) reported that young adults prefer to find a nonfarm job in cities because a
family’s annual paddy rice profit is much lower than the income from nonfarm jobs in
cities [31,62]. Therefore, parts of paddy rice areas have been transferred to other croplands
or left uncultivated (Table 3). The remaining labor force in rice terraces mainly consists of
elderly people or uneducated women [23]. The HHRT has diverse tourism resources that
could recall young entrepreneurs back to the HHRT, and support rural tourism develop-
ment [20,22]. In addition, the rice-fish-duck integrated farming model not only maintains
paddy rice areas and ecosystem services but can also help to improve local economic in-
comes [23]. Therefore, we recommend that the HHRT develop the rural tourism indus-
try and rice-fish-duck integrated farming model to increase incomes and maintain paddy
rice areas.

The climate also has an impact on the paddy rice area changes in the HHRT. Previ-
ous studies reported that climate change impacted the growing period and distribution of
paddy rice [51,63]. However, continuous severe drought events are an important driving
factor impacting paddy rice losses in HHRT [18]. Yang et al. (2019) reported that con-
tinuous drought in the Yunnan Province mainly occurred in 1988-1990, 2003-2007, and
2010-2015 [64]. Jiao et al. (2012) also reported that severe drought events caused terraces
to dry-up in 2005 and 2010 [18]. In addition, Abbas et al. (2014) and Nichol and Abbas
(2015) reported that croplands and shrublands suffered more seriously in dry conditions
than forests in the Yunnan Province due to the severe drought event in 2010 [65,66]. These
studies confirmed our research that a reduction in rainfall led to the paddy rice area in the
HHRT in 2004-2006 (94.607 km?) and 20102012 (54.517 km?) being smaller than that in
other periods (Figures 6 and 8). The improvement of hydraulic facilities can help reduce
the impact of drought on paddy rice.

Other factors could also lead to paddy rice losses in HHRT. For example, the imple-
mentation of the Grain for Green Program might lead to paddy rice being converted to
forests. Landslide risk might lead to temporary or permanent loss of paddy rice areas [17].

4.3. Applications

Our method can help researchers map the crops and vegetation distribution in finer-
scale Landsat data. Phenological dates, especially rice flooding and transplanting dates,
are widely used to map paddy rice distribution based on Landsat images [4,10-12]. In this
study, we acquired paddy rice phenological dates from semi-structured interviews and
questionnaire interviews. This not only helped to acquire the specific phenological dates
but also helped to explain the reasons for the paddy rice area change. Moreover, because
of cloud and fog contamination, it is difficult to acquire enough high-quality images in dif-
ferent phenological periods for mapping paddy rice in the study area [4,12]. GEE provides
users with high-performance computing capabilities, massive raster data, and advanced
algorithms [16]. Therefore, we merged the images of the three-year time intervals based
on GEE to acquire the specific phenological dates with lower cloud and fog contamination.
Finally, our results only rely on Landsat spectral bands and vegetation indices, so they can
be widely used to map the historical distributions of paddy rice with phenological features.

5. Conclusions

Historical maps of paddy rice are an important tool to support heritage conservation
and management in the HHRT. Here, we acquired the phenological date of paddy rice by
semi-structured interviews, and compared the separability of paddy rice and other land
use types. We found that paddy rice could be discriminated from other land use types
in different phenological periods of paddy rice. By adding phenological features, the PID
achieved a higher mapping accuracy and stability than any single phenological period.
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Therefore, we recommend adding phenological information to map paddy rice or other
crops. Moreover, we mapped the LULC with three-year periods in HHRT from 1989-1991
to 2019-2021 based on GEE and phenological information. The results show that paddy
rice is the major source that was converted to other land use types, and the area losses
of paddy rice in the HHRT are lower than those outside the HHRT. The questionnaires
and Pearson correlation analysis revealed that lower agricultural profits and drought are
the major drivers leading to paddy rice losses in the HHRT. The development of the rural
tourism industry and rice-fish-duck integrated farming model could increase employment
opportunities and incomes which can help to recall young entrepreneurs back to the HHRT.
Thus, our thematic maps can help researchers and local governments in landscape plan-
ning and heritage conservation, and support the driving force analysis of traditional rice
terrace areas.
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Abstract: With the development of remote sensing technology, a number of fine-resolution (30-m)
global/national land cover (LC) products have been developed. However, accuracy assessments for
the developed LC products are commonly conducted at global and national scales. Due to the limited
availability of representative validation observations and reference data, knowledge relating to the
accuracy and applicability of existing LC products on a regional scale is limited. Since Xinjiang, China,
exhibits diverse surface cover and fragmented urban landscapes, existing LC products generally have
high classification uncertainty in this region. This makes Xinjiang suitable for assessing the accuracy
and consistency of exiting fine-resolution land cover products. In order to improve knowledge of
the accuracy of existing fine-resolution LC products at the regional scale, Xinjiang province was
selected as the case area. First, we employed an equal-area stratified random sampling approach
with climate, population density, and landscape heterogeneity information as constraints, along
with the hexagonal discrete global grid system (HDGGS) as basic sampling grids to develop a
high-density land cover validation dataset for Xinjiang (HDLV-X]) in 2020. This is the first publicly
available regionally high-density validation dataset that can support analysis at a regional scale,
comprising a total of 20,932 validation samples. Then, based on the generated HDLV-X] dataset, the
accuracies and consistency among three widely used 30-m LC products, GLC_FCS30, GlobeLand30,
and CLCD, were quantitatively evaluated. The results indicated that the CLC_FCS30 exhibited the
highest overall accuracy (88.10%) in Xinjiang, followed by GlobeLand30 (with an overall accuracy
of 83.58%) and CLCD (81.57%). Moreover, through a comprehensive analysis of the relationship
between different environmental conditions and land cover product performance, we found that
GlobeLand30 performed best in regions with high landscape fragmentation, while GLC_FCS30 stood
out as the most outstanding product in areas with uneven proportions of land cover types. Our study
provides a novel insight into the suitability of these three widely-used LC products under various
environmental conditions. The findings and dataset can provide valuable insights for the application
of existing LC products in different environment conditions, offering insights into their accuracies
and limitations.

Keywords: land cover; remote sensing; validation dataset; accuracy assessment; consistency analysis;
stratified random sampling

1. Introduction

Land cover (LC) monitoring plays a pivotal role in ecological environment gover-
nance, agricultural and forestry management, urban and rural planning, and ecological
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conservation. The rapid development of computer technology and the continuous sharing
of medium- to fine-resolution remote sensing data, such as from Landsat and Sentinel, have
ushered the world into an era of fine-resolution remote sensing [1,2]. When conducting
large-scale macro-scale land cover research, a resolution of 30 m is considered optimal [3,4].
Moreover, this resolution has an advantageous data size, enabling more efficient data
processing and storage.

In recent years, many 30-m fine-resolution LC products have been produced. For
example, Chen et al. (2015) developed the well-known GlobeLand30 using a pixel-object-
knowledge-based (POK) classification strategy based on multi-temporal Landsat and
HJ-1A/B imagery [3], Zhang et al. (2021) generated a global-scale 30-m Global Land Cover
with Fine Classification System (GLC_FCS30) product based on the spectral library of land
cover and time-series Landsat data [1], and Yang et al. (2021) utilized Landsat data and the
random forest classifier to generate the annual China Land Cover Dataset (CLCD) based
on the Google Earth Engine (GEE) [5]. Similarly, Gong et al. (2013) produced the Finer
Resolution Observation and Monitoring of Global Land Cover (FROM_GLC) product using
the Landsat thematic mapper (TM) and enhanced thematic mapper Plus (ETM+) data [6].
The United States Geological Survey (USGS) collaborated with multiple federal agencies to
produce the 30-m National Land Cover Database (NLCD), which covers the entire United
States [7]. These large-scale fine-resolution LC products provide adequate information to
observe the fundamental characteristics and trends of land cover.

However, the accuracies reported for the abovementioned large-scale LC products
are generally towards global and national scales (Table 1). For instance, the accuracy of
GlobeLand30 was evaluated using 38,644 globally distributed validation samples [3]. Simi-
larly, the accuracy of GLC_FCS30 was assessed using 44,043 samples that were distributed
across the globe [1]. For the assessment of CLCD accuracy, a total of 5463 validation points
within China were used [5]. Nevertheless, due to the differences in scene complexity and
data quality across regions, the accuracy of land cover products inevitably varies from
region to region [3,8-10]. In some complex areas, the accuracy of LC products is even much
lower than the overall accuracy of the report [11]. For example, the overall accuracy of
GlobeLand30 is reported to be 83.5% worldwide. However, its accuracy significantly drops
to approximately 50% in Africa [12]. Similarly, in the Central Asian region, the accuracy of
GlobeLand30 was found to be only about 46% [13]. Cui et al. (2023) collected thirteen sets
of global or national-scale land cover datasets. Through the visual interpretation of high-
resolution images, ground “truth” samples were collected to evaluate the data accuracy
across Northeast China [14]. Accordingly, the quantitative evaluation of the accuracy and
consistency of existing 30-m land cover products at the regional scale is of great significance
for the scientific use of these products.

Table 1. Summary of existing accuracy evaluation studies of 30-m LC products.

Validated LC Products Validation Area Sample Quantity Literature
GLC_FCS30 Globe 44,043 Zhang et al. (2021) [1]
CLCD China 5463 Yang et al. (2021) [5]
GlobeLand30 Globe 38,644 Chen et al. (2015) [3]
FROM-GLC30 Globe 38,604 Zhao et al. (2014) [15]
GlobeLand30, FROM-GLC30, and GLC_FCS30 Globe 79,112 Zhao et al. (2023) [16]

The validation of land cover products is typically conducted by randomly selecting
validation points and visually interpreting the labels of each point using high-resolution
imagery for comparison with the product [17]. Therefore, in order to accurately evaluate
the accuracy of land cover products in a specific region, a scientific high-density validation
dataset is a crucial prerequisite [10,15,18-20]. The construction of a high-density verifi-
cation dataset in a scientific manner, with sufficient quantities of representative samples
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covering different categories in each region, is a crucial issue. The research conducted by
Sahr (2011) demonstrated that dividing the study area into equal-sized grids and assigning
validation points at the grid level ensures coverage of sample points in all regions [21].
Zhao et al. (2023) demonstrated that considering multiple factors such as climate and
population when allocating sampling points and employing a stratified random sampling
approach can result in a more reasonable distribution of validation points [16]. To ensure
an adequate number of samples in complex areas and appropriate placement of sampling
points in homogeneous regions, this study employs a multi-indicator equal-area stratified
random sampling method [15]. This approach not only increases the sample size of rare
land cover categories but also effectively reduces the standard deviation of accuracy as-
sessment [16]. Additionally, the use of equal-area stratified random sampling ensures the
balance of different categories during the sample selection process, thereby enhancing the
representativeness and reliability of the assessment results.

To this end, we first employed an equal-area stratified random sampling approach
with climate, population density, and landscape heterogeneity information as constraints,
along with the hexagonal discrete global grid system (HDGGS) as basic sampling grids to
develop a High-Density Land cover Validation dataset in Xinjiang (HDLV-X]). Then, the
consistency and accuracy of three widely used 30-m resolution LC products (GLC_FCS30,
CLCD, GlobeLand30) in 2020 were analyzed based on the developed validation dataset.
Additionally, the suitability of these three LC products under different environment condi-
tions was for the first time analyzed and revealed. The results of this study can provide
an important reference value for the accuracy assessment of existing LC products on re-
gional scales and for the application of LC products in specific scenarios. Additionally, our
HDLV-X] dataset can provide valuable data support for regional-scale research.

2. Study Area and Data
2.1. Study Area

The study area chosen for this research was the Xinjiang Uyghur Autonomous Re-
gion, situated between 73°40’ and 96°18' east longitude and 34°25" and 48°10’ north latitude
(Figure 1). As the largest provincial-level administrative region in China, Xinjiang encom-
passes an extensive land area, accounting for over one-sixth of the country’s total land area,
with a precise measurement of 1,664,897 km? [22]. Located in the Northwestern part of
China, Xinjiang lies in the hinterland of the Eurasian continent and is considered one of the
provinces farthest from the ocean within China. Xinjiang has a typical temperate continental
climate that has only a few and unevenly distributed precipitation events [23]. The region
comprises diverse land cover types, including primarily deserts, grasslands, and croplands.
The distribution of vegetation is predominantly observed in mountainous and oases [24].

2.2. The 30-Meter Global Land Cover Products

Three widely used LC products were selected for evaluation: GlobeLand30, GLC_FCS30,
and CLCD (Figure 2). Among them, GLC_FCS30 is a 30-m global land cover product devel-
oped using time-series Landsat data. The product covers the time span from 1985 to 2020,
with update cycles occurring every 5 years. It incorporates 16 primary LCCS land cover types
and 14 secondary land cover types (Table 2). The overall global accuracy of the GLC_FCS30 is
reported as 82.5% [1]. CLCD is a 30-m-resolution annual land cover dataset for China. This
product is derived from the utilization of Landsat data in conjunction with a random forest
classifier. The dataset includes yearly land cover information for China from 1985 to 2019.
Its classification system includes nine land cover types (Table 2). The overall accuracy of the
CLCD reaches 79.31% [5]. GlobeLand30 is a high-precision global land cover product with a
spatial resolution of 30 m. It was updated with three sets of data, in 2000, 2010, and 2020. The
development of GlobeLand30 was based on the “Pixel-Object-Knowledge” (POK) method.
Its classification system includes 10 land cover types (Table 2), and the overall accuracy is
83.5% [3]. By utilizing the vector boundaries of Xinjiang, the original LC products were
clipped and reclassified to standardize their classification system, as shown in Figure 2.
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Figure 1. Study area and the land cover type along with the corresponding examples of their
appearance on Google Earth: (source: Google Earth).
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Figure 2. The 30-m global land cover products in harmonized classification systems: (a) remote
sensing image of Xinjiang, (b) GLC_FCS30, (c) CLCD, and (d) GlobeLand30.
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Table 2. The classification systems of the three LC products. The classification system for GLC_FCS30,
CLCD, and GlobeLand30 were sourced from Zhang et al. (2021) [1], Yang et al. (2021) [5], and
Chen et al. (2015) [3], respectively. Note: the land cover types we used in this study are in bold.

CLCD Id GlobeLand30 Id GLC_FCS30 Id
Rain-fed cropland 10

Cropland 1 Cultivated land 10 Herbaceous cover 1
Tree or shrub cover (orchard) 12

Irrigated cropland 20

Evergreen broadleaved forest 50

Deciduous broadleaved forest 60

Closed deciduous broadleaved forest 61

Open deciduous broadleaved forest 62

Evergreen needleleaved forest 70

Forest 2 Forest 20 Closed evergreen needleleaved forest 71
Open evergreen needleleaved forest 72

Deciduous needleleaved forest 80

Closed deciduous needleleaved forest 81

Open deciduous needleleaved forest 82

Mixed-leaf forest 90
Shrubland 120

Shrub 3 Shrubland 40 Evergreen shrubland 121
Deciduous shrubland 122
Grassland 4 Grassland 30 Grassland 130
Wetland 9 Wetland 50 Wetlands 180
Impervious 8 Artificial surfaces 80 Impervious surfaces 190
Lichens and mosses 140
Sparse vegetation 150
Sparse shrubland 152
Bare land 7 Bare land 90 Sparse herbaceous cover 153
Bare areas 200
Consolidated bare areas 201
Unconsolidated bare areas 202
Water 5 Water bodies 60 Water body 210
Snow /Ice 6 Permanent snow and ice 100 Permanent ice and snow 220
Tundra 70

2.3. Climate Zone and Population Datasets

In order to scientifically generate sufficient validation samples in different regions and
to avoid spatial imbalance in sample distribution, climate zone and population datasets
were also collected. The climate zone data used in this study were from the Képpen—
Geiger climate spatial distribution dataset, which was derived based on temperature and
precipitation observations from global climate models (http:/ /koeppen-geiger.vu-wien.ac.
at/shifts.htm (accessed on 16 June 2023)) [25]. The climate zones are defined as follows:
primary climate groups include equatorial (A), arid (B), warm temperate (C), snow (D), and
polar (E). Precipitation categories include desert (W), steppe (S), fully humid (f), summer
dry (s), winter dry (w), and monsoonal (m). Temperature categories include hot arid (h),
cold arid (k), hot summer (a), warm summer (b), cool summer (c), extremely continental
(d), polar frost (F), and polar tundra (T). The Képpen-Geiger climate classification spatial
distribution data are shown in Figure 3. We clipped the K&ppen-Geiger climate spatial
distribution dataset using the vector boundary data of Xinjiang (Figure 3b). Xinjiang
includes 10 different climate types, namely BSk, BWk, Dfa, Dfb, Dfc, Dsa, Dsb, Dsc,
Dwec, and ET. Due to the limited spatial extent and similar characteristics of certain climate
classifications (Dsa, Dsb, Dfa) in Xinjiang, this study employed the merging method utilized
by Olofsson et al. (2012) for collecting validation data on global land cover products [25-27].
Classes were manually merged into different classes. For example, Dsa: “Continental,
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dry and hot summer”, Dsb: “Continental, dry and warm summer”, and BSk: “Arid,
desert, cold” were merged into one desert class in Xinjiang, and Dsa: “Continental, dry
summer, hot summer” and Dsa: “Continental, dry summer, warm summer” were merged
with the continental forest class. Table 3 summarizes the initial 10 classes into the final
5 climate classifications.
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Figure 3. The Koppen-Geiger climate classification spatial distribution data for the world (a) and
Xinjiang (b).

Table 3. Edited Koppen—Geiger climate classification in Xinjiang.

New Code Climate Climate Code
1 Desert BWk
2 Grassland BSk + Dsa + Dsb
3 Continental forest Dfa + Dfb
4 Boreal forest Dsc + Dwc + Dfc
5 Frost EF

The Global Human Settlement Layer (GHSL) dataset provides spatial information on
global population distribution and residential areas. It offers four levels of global geospatial
population data with resolutions of 100 m, 1 km, and more, covering the period from
1975 to 2030 with a 5-year interval (https:/ /ghsl.jrc.ec.europa.eu/download.php?ds=pop
(accessed on 16 June 2023)). Due to the availability of the latest global geospatial population
data, GHSL-POP2020 was used as a source for stratified population data in this study.
Based on the population density data in GHS-POP2020, the population data of the Xinjiang
were reclassified using a threshold of five people per km? [28], resulting in the creation of
the population and un-population layers.

2.4. The Existing Land Cover Validation Dataset

Two published global land cover validation datasets were collected in our study
to cross-compare with our developed HDLV-X]J and to further illustrate the accuracy of
our validation dataset. The first was the global validation dataset (SRS_Val) released
by Zhao et al. (2023) [16]. The SRS_Val adopted a stratified random sampling method
to distribute 79,112 validation samples globally in 2020, of which 659 validation points
were distributed in Xinjiang. The second were the global land cover validation samples
(GLV_2015) produced by Zhang et al. (2019) in 2015 [1]. The GLV_2015 was generated
through integrating the GLCNMO2008 training dataset, VIIRS reference dataset, STEP
reference dataset, global cropland reference data, and high-resolution imagery in Google
Earth. This dataset contains a total of 403 sample points in Xinjiang. Both SRS_Val and
GLV_2015 adopted a standardized classification system derived from UN-LCCS, and
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GLV_2015 is only distributed in six categories in Xinjiang. The quantities and spatial
distributions of the validation points in these two datasets are illustrated in Figure 4a,b. The
validation samples of SRS_val are scattered throughout Xinjiang. The most prevalent land
cover in SRS_Val is bare area (with 296 samples), followed by grassland (with 143 samples)
and sparse vegetation (with 83 samples). Conversely, the sample points of GLV_2015 in
the Xinjiang region are predominantly concentrated in the south. Furthermore, bare land
presented the highest counts in the GLV_2015 (with 222 samples), followed by permanent
ice and snow (with 96 samples) and sparse vegetation (with 56 samples). The land types in
the two datasets were modified according to the classification system used in this study
(Table 2). The number of samples corresponding to each class after adjustment is shown in
Figure 4c.
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Figure 4. The quantities and spatial distributions of (a) SRS_Val and (b) GLV_2015, and (c) the number
of samples corresponding to each class after LC classification system adjustment. Note: each number
following the class represents the sample quantity for that category.

3. Methods
3.1. Harmonization of the Land Cover Classification Systems

This study encounters the challenge of dealing with the different classification systems
employed by the LC products GLC_FCS30, CLCD, and GlobeLand30. When computing the
consistency of LC products, the differences in classification systems used in LC products
can affect the consistency and accuracy of those different products [8-10]. The classification
systems of CLCD and GlobeLand30 solely encompass land cover’s first-level classes, while
GLC_FCS30 incorporates three-level classes; therefore, a classification system based on
those of CLCD and GlobeLand30 was adopted (Table 2). It should be noted that the tundra
in GlobeLand30 was not included in our classification system because this land cover
class is almost nonexistent in the Xinjiang region. Meanwhile, the classification system of
GLC_FCS30 was merged and adjusted to the categories used in this study (Table 2).

3.2. Construction of the Land Cover Validation Dataset in Xinjiang

The flowchart is illustrated in Figure 5. First, we performed a spatial overlay operation
on the Képpen-Geiger climate spatial distribution data and GHSL-POP2020 data to obtain
a climate—population density constraint layer. Furthermore, the Shannon diversity index
(SHDI) was calculated to derive the landscape heterogeneity, and the hexagonal discrete
global grid system (HDGGS) was used to generate basic sample-allocated hexagonal grids.
Then, a spatial join operation was utilized to combine the above constraint layers to deter-
mine the number of samples distributed in each hexagonal grid. A total of 22,000 sample
points were allocated within each grid based on the derived constraint layers. Finally, the
category of each validation sample point was annotated based on visual interpretation to
generate the HDLV-X].
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Figure 5. Flowchart for constructing the HDLV-X].

3.2.1. The Equal-Area Stratified Random Sampling Method Based on Multiple
Indicator Constraints

To ensure a sufficient number of samples in complex areas and to position appropriate
sampling points in homogeneous and heterogeneous areas, the equal-area stratified random
sampling method was utilized, based on multiple indicators [16]. This method accom-
plishes two objectives: it augments the sample size for uncommon land cover categories and
concurrently reduces the standard deviation in accuracy assessment [26]. The methodology
primarily relies on two constraint indices, climate-population density data and landscape
heterogeneity, to determine the number of validation points in each region. A hexagonal
grid was constructed as the fundamental unit for assigning sampling points, in order to
ensure adequate representation of each region and sufficient data for validation purposes.

First, since land cover information is intricately intertwined with climate change
and human activities [29,30], climate and population density data were incorporated to
generate a climate—population density layer, serving as the primary foundation for the
layout of samples. Specifically, the population and un-population layers in Xinjiang were
delineated based on the population density data. The climate data were reclassified into
five categories (Table 3) and overlaid with the population and un-population layers to
obtain the climate—population density layer.

Then, because landscape variables significantly influence the accuracy of LC prod-
ucts and classification results are generally more attainable in areas with homogeneous
landscapes than those with heterogeneous landscapes [31], landscape heterogeneity was
used as a quantitative measure of landscape fragmentation within the study area, enabling
the development of a more robust land cover validation dataset. Therefore, in addition to
establishing the climate—population density layer, this study also incorporated landscape
heterogeneity as a criterion for the allocation of sample points. The objective was to allocate
a greater number of sample points in highly heterogeneous areas, thereby establishing a
more rigorous validation framework to evaluate the accuracy of the LC products [32]. The
Shannon diversity index was used to describe the degree of landscape heterogeneity [33].
In a landscape ecosystem, the more diverse the land use types and the higher the fragmen-
tation, the greater the amount of information contained in the patches, resulting in a higher
calculated value of the Shannon diversity index (SHDI) [34]:

SHDI ==Y " (P)(InP) (1)

where P; is the proportion occupied by landscape patch type i and m is the total number of
land cover types in the landscape patch; the GLC_FCS30 was utilized in this study to compute
the SHDI. The calculated SHDI map was classified into different layers at intervals of 0.2 for
the creation of a landscape constraint layer that represents landscape heterogeneity.

Finally, in order to ensure a representative sample distribution across the Xinjiang
province, the hexagonal discrete global grid system (HDGGS) was employed to gather
validation datasets [6,21]. The R programming language was used to generate HDGGS
grids. These grids were then employed as the foundational units for allocating samples,
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while the generated climate—population density layer and the landscape heterogeneity
layer were used to constrain the samples in each HDGGS grid. Specifically, all samples
were first stratified and allocated to each constraint layer based on the proportional area
of each constraint layer. Then, the number of HDGGS grids within each constraint layer
was calculated, and samples within each constraint layer were equally distributed in each
HDGGS grid.

3.2.2. Labeling HDLV-X] Based on Visual Interpretation Method

Based on the aforementioned constraints, a total of 22,000 samples were allocated to
the HDGGS grids based on the area of each separate region formed by the constraint layers.
Since high-resolution imagery in Google Earth (version: 7.3.6.9345) is sufficient and often
used to assist in the visual interpretation of datasets for validation purposes [35-37], Google
Earth was used for the visual interpretation of the real land cover of each validation sample.
It enables the careful examination of shapes, sizes, and patterns, thereby facilitating the
assessment of human impacts on the Earth’s surface [3,15,38]. A total of nine land cover
types were classified, which encompassed cropland, forest, shrubland, grassland, water,
permanent snow/ice, bare land, impervious, and wetland. Table 4 presents these land
cover types, along with examples showcasing their appearance on Google Earth. In order
to maintain the accuracy of the generated validation dataset, samples that were difficult to
identify were directly excluded.

Table 4. The land cover types and examples of their appearance on Google Earth.

LC Type

Typical Imagery on Google Earth

Cropland

Forest

Shrubland

Grassland
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Table 4. Cont.

LC Type

Water

Snow /Ice

Bare land

Impervious

Wetland

3.3. Accuracy and Consistency Assessment for Land Cover Products
3.3.1. Accuracy Assessment

The calculation of accuracy metrics, utilizing a confusion matrix, is a widely employed
approach for quantitative remote-sensing accuracy assessment [31,39]. By utilizing the con-
fusion matrix, it becomes possible to calculate the overall accuracy of the mapping results,
as well as the user accuracy and producer accuracy for each land cover type. The confusion
matrix offers a comprehensive evaluation of remote sensing classification outcomes, aiding
in the comprehension of accuracy levels and the identification of error sources within the
mapping results [40]. The calculation formulas for overall accuracy (O.A.), user’s accuracy
(U.A.), producer’s accuracy (P.A.), and kappa coefficients are provided by

O.A. = (Z;“:l nii> /n @)

U.A = 1% ®)

P.A. = % (4)

Kappa = n ity Mii — Yty (M + 1y ) 5)

n? =Y (nyi+nig)
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respectively, where n;; is the correctly classified pixel number of type i, m is the number of
land cover types, n is the total pixel number in the study area, n;, is the total pixel number
of type i in the validation dataset, and n,; is the total pixel number of type i in the ground
truth data.

3.3.2. Consistency Analysis

The evaluation of LC product consistency can be performed considering both area
and pixel levels. Area consistency examines the variations in the proportion of land cover
types across different LC products. By comparing the respective areas of each land cover
type among different products, it becomes possible to visually assess the consistency and
diversity of these LC products [41-43]. The pixel consistency in LC products can reflect
the spatial consistency of each land cover type. The pixel consistency is obtained using
the spatial overlay method. The overall similarity coefficient (OS) and class similarity
coefficient (CS) between different products can be calculated using [44]

XY
0SS = M x 100% (6)
CS; = — 1 x100% 7
! (Xi+Y;)/2 @

where X; is the number of pixels of the i-th LC type in LC product X; Y; is the number of
pixels of the i-th LC type in the comparison LC product Y; XY}; is the number of consistent
pixels between X and Y; n is the number of land cover types, which is 9 in this case; and M
is the total number of pixels in the study area.

4. Results
4.1. The High-Density Land Cover Validation Dataset for Xinjiang

In order to generate a high-density and representative validation dataset for Xinjiang,
the HDGGS was used to generate hexagonal grids as the basic unit for sample allocation.
Figure 6a shows the results of the generated hexagonal grid units, including 1604 grids
in the Xinjiang region. In addition, a total of 20,932 validation samples were generated
within these grid units. The spatial distribution and distribution via the categories of
these validation samples are illustrated in Figure 6b. The interpretation of land features
relied on the comprehensive status observed in high-resolution imagery from Google Earth
for 2020. It can be observed that the sample points are distributed across the study area.
The equal-area stratified random sampling method employed in this study ensures the
distribution of sample points in different areas.

Furthermore, in order to demonstrate the accuracy of the HDLV-X] dataset that we
developed, we merged the validation samples from SRS_Val and GLV_2015 to cross-
compare with our HDLV-X] product. Considering that the locations of the sample points
in the three validation datasets do not correspond one-to-one, the nearest neighbor points
were selected as the reference points for accuracy calculation [45]. The confusion matrix
was computed using Equations (2)—(5), and the resulting values are presented in Table 5.
When SRS_Val and GLV_2015 were used as reference benchmarks, the overall accuracy of
our HDLV_X] dataset exceeded 80% for both. Specifically, the producer’s accuracy for bare
land and snow/ice was around 90%. In the case of SRS_Val vs. HDLV-X], the producer’s
accuracy for grassland and cropland was above 90%. Although forest and shrubland
showed a lower accuracy than the above land cover types, the agreement still reached 75%.
Taking into account errors in the visual interpretation of the validation samples, as well as
differences in the years represented by the validation datasets, the comparison results with
the third-party dataset demonstrated the reliability of our HDLV-X] dataset.
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Figure 6. (a) HDGGS grids and (b) the spatial distribution of validation samples in HDLV-X].

Table 5. The accuracy of HDLV_X] as compared with SRS_Val and GLV_2015.

SRS_Val vs. HDLV-X] GLV_2015 vs. HDLV-X]

Classes P.A. U.A. P.A. U.A.
Cropland 100.00% 77.78% 0.00% 0.00%
Forest 75.00% 100.00% 0.00% 0.00%
Shrubland 75.00% 75.00% 0.00% 0.00%
Grassland 90.63% 82.86% 0.00% 0.00%
Water 0.00% 0.00% 0.00% 0.00%
Snow /Ice 75.00% 50.00% 94.44% 77.27%
Bare land 89.09% 100.00% 89.80% 100.00%
Impervious 0.00% 0.00% 0.00% 0.00%
Wetland 0.00% 0.00% 0.00% 0.00%
O.A. 88.68% 82.43%

4.2. Accuracy Assessment of GLC_FCS30, GlobeLand30, and CLCD

The confusion matrices for the three LC products in Xinjiang were calculated using
the validation dataset constructed for this study, utilizing Equations (2)—(5). Based on
the obtained results, the GLC_FCS30 exhibits the highest overall accuracy of 88.10%. The
GlobeLand30 follows with the second highest overall accuracy of 83.58%, while the CLCD
demonstrates the lowest overall accuracy of 81.57%.

The GLC_FCS30 demonstrates an overall accuracy of 88.10%, along with a kappa
coefficient of 0.799 (Table 6). Regarding the producer’s accuracy, forest exhibits the highest
accuracy, followed by bare land, shrubland, cropland, and water. However, impervious and
wetland display lower accuracies. These findings suggest that regions with homogenous
surface cover types occupying larger proportions in the study area generally exhibit higher
accuracy levels. Conversely, complex surface cover types often exhibit confusion with
other types. For instance, wetland, which possess particularly intricate spectra, are prone
to confusion with vegetation [46]. According to Table 6, approximately 49.4% of wetland
validation points were incorrectly classified as vegetation types, including cropland, for-
est, shrubland, and grassland. In terms of user’s accuracy, cropland, water, permanent
snow/ice, and bare land exhibit similar accuracies to the producer’s accuracy. Water
demonstrates the highest user’s accuracy, reaching 96.24%. This indicates the product’s
remarkable capability to accurately assign samples to their respective water categories.
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Table 6. The accuracy matrix for the GLC_FCS30.

Classified
CRP FST SHR GRS Wat SI BalL IMP WET Total
CRP 1369 4 59 13 0 0 61 7 2 1515
FST 1 570 4 6 0 0 14 0 0 595
SHR 1 1 294 7 0 0 15 0 0 318
GRS 130 204 51 3679 0 20 788 1 5 4878
Wat 1 0 3 1 128 2 6 1 1 143
g SI 0 1 2 89 2 781 18 0 0 893
g BaL 6 4 181 542 2 108 11,513 1 16 12,373
E{ IMP 18 0 16 3 0 0 17 86 0 140
& WET 12 3 9 14 1 1 16 0 21 77
Total 1538 787 619 4354 133 912 12,448 96 45 20,932
PA. 90.36%  95.80%  92.45%  75.42% 89.51% 87.46%  93.05%  61.43%  27.27%
U.A. 89.01%  72.43%  47.50%  84.50% 96.24% 85.64%  9249%  89.58%  46.67%
O.A. 88.10%
Kappa 0.798716
Note: CRP: cropland; FST: forest; SHR: shrubland; GRS: grassland; Wat: water; SI: permanent snow /ice; BaL: bare
land; IMP: impervious; WET: wetland.
The CLCD achieves an overall accuracy of 81.57%, with a kappa coefficient of 0.675
(Table 7). Considering producer’s accuracy, bare land exhibits the highest accuracy at
91.01%, followed by water, cropland, and grassland. However, shrubland and wetland
display relatively low producer’s accuracies, possibly due to identification difficulties
within the CLCD. In terms of user’s accuracy, cropland and forest demonstrate higher
accuracies at 93.51% and 87.84%, respectively, indicating strong classification abilities for
these land cover types. Notably, the producer’s accuracy and user’s accuracy for the
shrubland in the CLCD classifier are both zero, suggesting that no samples were correctly
classified within this category in the training dataset for the CLCD classifier, as depicted in
Figure 7c,d. This deficiency in training data representation for the shrubland potentially
undermines the classification performance of this specific class.
Table 7. The accuracy matrix for the CLCD.
Classified
CRP FST SHR GRS Wat SI BaL IMP WET Total
CRP 1211 7 0 261 0 0 24 11 1 1515
FST 3 289 0 295 0 1 4 3 0 595
SHR 8 0 0 203 0 0 101 6 0 318
GRS 26 29 0 3620 1 14 1173 14 1 4878
Wat 0 1 0 11 115 1 11 4 0 143
Y SI 0 0 0 52 11 551 279 0 0 893
§ BaL 17 0 0 1040 10 26 11,261 19 0 12,373
& IMP 22 1 0 77 0 0 18 22 0 140
& WET 8 2 0 34 4 1 18 5 5 77
Total 1295 329 0 5593 141 594 12,889 84 7 20,932

PA. 79.93%  48.57% 0.00% 74.21% 80.42% 61.70%  91.01%  15.71% 6.49%
U.A. 93.51%  87.84% 0.00% 64.72% 81.56% 92.76%  87.37%  2619%  71.43%
O.A. 81.57%

Kappa 0.675249

Note: CRP: cropland; FST: forest; SHR: shrubland; GRS: grassland; Wat: water; SI: permanent snow/ice; BaL: bare
land; IMP: impervious; WET: wetland.
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Figure 7. Misclassification errors of (a,b) wetland and (c,d) shrubland.

The overall accuracy of the GlobeLand30 is 83.58%, with a kappa coefficient of 0.717
(Table 8). Regarding the producer’s accuracy, bare land obtains the highest accuracy
at 90.28%, followed by cropland, water, and wetland. On the other hand, shrubland
has a relatively low producer’s accuracy of 18.24%, indicating significant challenges in
classifying shrubland. As for the user’s accuracy, cropland and bare land demonstrate
higher accuracies of 90.13% and 89.60%, respectively, suggesting GlobeLand30’s strong
ability to correctly classify instances of cropland and bare land. However, the user’s
accuracy for shrubland is lower, at 32.77%. In summary, GlobeLand30 performs well
in some land cover categories, such as cropland and bare land, but there is room for
improvement in the classification of other categories.

In conclusion, it is evident that complex land cover types are more susceptible to
misclassification. For example, based on Table 6, it is apparent that wetlands in GLC_FCS30
exhibit a higher confusion ratio, with over 50% of validation samples being misclassified
as other types, as demonstrated in Figure 7a,b. There are also numerous instances of
misclassification between similar land cover types. In particular, approximately 20% of
shrubland was classified incorrectly as forest and grassland, as depicted in Figure 7c,d.
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Table 8. The accuracy matrix for the GlobeLand30.

Classified
CRP FST SHR GRS Wat SI BalL IMP WET Total
CRP 1360 2 1 109 1 0 15 21 6 1515
FST 5 274 6 297 1 1 9 2 0 595
SHR 18 5 58 120 2 0 105 3 7 318
GRS 48 58 46 3800 7 40 854 4 21 4878
Wat 1 1 0 3 126 1 2 1 8 143
g SI 0 5 3 37 2 543 302 0 1 893
g BaL 59 9 61 988 25 33 11,170 8 20 12,373
E{ IMP 18 0 1 11 0 0 6 104 0 140
& WET 0 1 1 3 8 0 3 0 61 77
Total 1509 355 177 5368 172 618 12,466 143 124 20,932
PA. 89.77%  46.05%  18.24%  77.90% 88.11% 60.81%  90.28%  74.29%  79.22%
U.A. 90.13%  7718%  32.77%  70.79% 73.26% 87.86%  89.60%  72.73%  49.19%
O.A. 83.58%
Kappa 0.717466
Note: CRP: cropland; FST: forest; SHR: shrubland; GRS: grassland; Wat: water; SI: permanent snow /ice; BaL: bare
land; IMP: impervious; WET: wetland.
4.3. Consistency Analysis for Global Land Cover Products
Through the spatial overlay of the three LC products, a combination of visual map-
ping and quantitative expression approaches was employed to illustrate the overall pixel
consistency between two or more products, as well as the pixel consistency for each land
cover type.
To begin, the overall similarity coefficient (OS) and class similarity coefficient (CS)
were computed for different products using Equations (6) and (7), as presented in Table 9.
The overall similarity coefficient between CLCD and GlobeLand30 was 83.32%, whereas
between GLC_FCS30 and CLCD, it was 78.46%. Notably, the lowest overall similarity
coefficient of 75.16% was observed between GLC_FCS30 and GlobeLand30. The above
analysis reveals that approximately 75% of pixels share the same land cover label between
any two LC products. Additionally, through overlaying the three products, an overall
similarity coefficient of 69.96% was obtained, indicating a lower coefficient compared to
the pairwise similarities. Consequently, it can be inferred that the land cover types are
completely identical in 69.96% of the study area.
Table 9. Overall similarity coefficient (OS) (%) and individual class similarity coefficient (CS) (%)
among different products.
o . . GLC_FCS30 vs. CLCD vs. GLC_FCS30 vs.
Similarity Coefficient Three Maps CLCD GlobeLamd30 GlobeLand30
Cropland 66.01% 69.76% 80.60% 64.47%

Forest 30.95% 42.48% 55.20% 35.27%
Shrubland 0.00% 0.00% 0.00% 2.10%
Grassland 37.76% 48.53% 67.80% 43.26%

Water 66.13% 71.81% 74.80% 61.89%

Snow /Ice 51.84% 55.52% 72.42% 47.02%
Bare land 74.14% 73.46% 90.41% 69.55%
Impervious 12.14% 17.64% 15.44% 40.84%
Wetland 0.78% 2.34% 8.96% 8.12%
oS 69.96% 78.46% 83.32% 75.16%

Subsequently, the class similarity coefficients were calculated among the three prod-
ucts. The analysis reveals that the class similarity coefficients for bare land, water, and
cropland exceed 60%, indicating a spatial correspondence of over 60% between these land
cover types (Figure 8). Remarkably, the average value of the class similarity coefficient
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for bare land stands is highest, at 77.14%. In contrast, wetland and shrubland exhibit the
lowest class similarity coefficients, suggesting limited overlap among all three products.
Additionally, the consistency for the impervious category is notably low, with an average
class similarity coefficient of 21.52%.

Google Earth GLC_FCS30 CLCD GlobeLand30

o ----

7

"yl A

Cropland

Water

Grassland

Figure 8. Examples of LC types with high consistency.

Simultaneously, the pixel consistency between the two products across different land
cover types aligns with the aforementioned similarity of the three products. The highest
consistency is observed in bare land, with class similarity coefficients of 73.46%, 90.41%,
and 69.55% for GLC_FCS30 vs. CLCD, CLCD vs. GlobeLand30, and GLC_FCS30 vs.
GlobeLand30, respectively. Following that, cropland exhibits the next highest consistency,
with class similarity coefficients ranging from 64% to 80%. Conversely, the class similarity
coefficients for shrubland and wetland are below 9%.

The average areas of the nine land classes for the three LC products, as presented in
Table 10, can be sorted in descending order based on their average area: bare land, grassland,
cropland, permanent snow /ice, forest, shrubland, water, impervious, and wetland. Notably,
the average areas of bare land, grassland, and cropland surpass 90,000 km?. Their respective
average areas are 1,102,577.54 km?; 350,050.94 km?2; and 98,989.83 km?. Bare land covers
66.22% of the region, making it the predominant geographical landscape.

Table 11 presents the comparative area results for each land class in three LC products:
GLC_FCS30, CLCD, and GlobeLand30. There is a relatively high consistency in the area
measurements for bare land, cropland, and permanent snow/ice across the three products.
The consistency is moderate for water and impervious. However, significant variations exist
in the area measurements for some land classes, particularly for shrubland and wetland,
indicating low consistency. The area of shrubland in GLC_FCS30 is nearly four times
larger than in GlobeLand30, while CLCD only reports shrubland of 1.27 km?, significantly
smaller than both GLC_FCS30 and GlobeLand30. Moreover, GlobeLand30 indicates a
larger wetland area of 9197.70 km? compared to the other two products. In contrast, CLCD
reports a mere 500.83 km? of wetland area, accounting for a mere 0.03% of the total area.
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Table 10. The average area of LC types of the LC products (unit: km?).

LC Type Mean Area Percentage Mean
Cropland 98,989.83 5.95%
Forest 29,424.22 1.77%
Shrubland 18,850.94 1.13%
Grassland 350,050.94 21.03%
Water 11,369.57 0.68%
Snow /Ice 42,092.11 2.53%
Bare land 1,102,577.54 66.22%
Impervious 7339.36 0.44%
Wetland 4202.49 0.25%

Table 11. The areas of LC types of the LC products (unit: km?).

LC Type

GLC_FCS30

Percentage in Percentage in Percentage in

CLCD GlobeLand30

GLC_FCS30 CLCD GlobeLand30

Cropland 104,931.34 6.30% 87,744.63 5.27% 104,293.52 6.26%
Forest 48,311.59 2.90% 18,576.16 1.12% 21,384.91 1.28%
Shrubland 44,592.01 2.68% 1.27 0.00% 11,959.54 0.72%
Grassland 307,358.94 18.46% 383,017.16 23.01% 359,776.72 21.61%
Water 10,028.85 0.60% 10,792.64 0.65% 13,287.22 0.80%
Snow /Ice 55,086.92 3.31% 35,631.59 2.14% 35,557.83 2.14%
Bare land 1,084,205.57 65.12% 1,123,584.54 67.49% 1,099,942.51 66.07%
Impervious 7472.84 0.45% 5048.18 0.30% 9497.05 0.57%
Wetland 2908.94 0.17% 500.84 0.03% 9197.70 0.55%

An analysis of area consistency between GLC_FCS30 and GlobeLand30 exposes no-
table variations across different land cover types. The areas of bare land in both products
exhibit high similarity, encompassing approximately 66% of the total study area. A similar
pattern emerges in cropland, where GLC_FCS30 reports an area of 104,931.34 km? and Glo-
beLand30 reports an area of 104,293.52 kmZ. However, for other categories, the consistency
between the two products is relatively low.

5. Discussion
5.1. The Advantages of the HDLV-X] Dataset

In this study, we combined multiple indicators and the equal-area stratified sampling
method to generate over 20,000 validation samples in Xinjiang province. The high-density
HDLV-X] validation dataset ensured a sufficient quantity of validation data in both homo-
geneous and heterogeneous regions. In order to demonstrate the advantages of our dataset,
the SHDI of Xinjiang was calculated and categorized into 10 levels to exhibit the degree
of landscape fragmentation in this region (Figure 9a). A higher level indicates a greater
diversity of land-use types and a higher degree of fragmentation. Figure 9b illustrates the
sample proportions at different landscape heterogeneities. In addition, we also assigned
the same number of samples into this region using random sampling as a comparison. As
illustrated in Figure 9b, the sample proportion of HDLV-X] is higher than the distribution
proportion of random sampling results in the heterogeneous regions. The random sampling
allocation results in an excessive number of samples in homogeneous regions, resulting in
a lower representation in heterogeneous regions. As a comparison, our HDLV-X] dataset
takes into account the distribution of samples in heterogeneous regions while ensuring that
homogeneous regions are allocated with sufficient samples.
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Figure 9. (a) The Shannon diversity index (SHDI) and (b) sample proportions of different landscape
heterogeneity levels. The calculated SHDI map was classified into different layers at intervals of 0.2.

In addition, by comparing the validation point quantities of two global land cover
validation datasets (SRS_Val, GLV_2015) and our HDLV-X] dataset across different land
cover types (Table 12), our HDLV-X] dataset showed considerably higher sample numbers
for each land cover type compared to the other datasets. This indicates that the global-scale
validation data cannot accommodate regional-scale accuracy assessments. Our HDLV-X]
provides representative validation data with sufficient samples for rare categories (such
as water (143 HDLV-X] samples vs. 3 SRS_Val samples and 1 GLV_2015 samples) and
impervious (140 HDLV-X] samples vs. 5 SRS_Val samples and 2 GLV_2015 samples),
enabling a more accurate assessment of the accuracy of land cover products in the Xinjiang
area. Our HDLV-X] product provides scientific data to support the use of land cover
products in the Xinjiang region.

Table 12. The comparison of the validation point quantities for each LC type among the three datasets.

LC Type CRP FST SHR GRS Wat SI BaL IMP WET Total
HDLV-X] 1515 595 318 4878 143 893 12,373 140 77 20,932

SRS_Val 55 23 19 143 3 28 381 5 2 659
GLV_2015 0 0 32 0 1 96 283 2 0 403

Note: CRP: cropland; FST: forest; SHR: shrubland; GRS: grassland; Wat: water; SI: permanent snow/ice; BaL: bare
land; IMP: impervious; WET: wetland.

5.2. Analysis of the Relationship between Different Environment Conditions and the Performance
of Land Cover Products

Due to the potential impact of landscape heterogeneity on LC mapping accuracy [26,47—49],
we conducted an analysis to examine the relationship between landscape heterogeneity and the
accuracy of LC products (Figure 10). The results showed that the accuracy of all
three LC products significantly decreased (p-value: <0.05) with increasing landscape hetero-
geneity. Specifically, the LC product with the highest slope of decrease was CLCD (with a
slope of —0.32), followed by GLC_FCS30 (with a slope of —0.22), and finally GlobeLand30
(with a slope of —0.17). Furthermore, the accuracy of all three LC products can generally reach
80% in homogeneous areas (low heterogeneity). In particular, the accuracy of GLC_FCS30 is
close to 0.9 when the heterogeneity is below 0.1. This suggests that the degree of landscape
heterogeneity indeed has a significant negative impact on LC mapping accuracy, and the results
of the three products are more reliable in homogeneous areas. Additionally, GlobeLand30
generally exhibits the most robust performance in areas with high landscape heterogeneity. As
can also be observed from Figure 10d-k, the consistency of classification results for the three LC
products varied significantly in areas with high landscape heterogeneity, indicating a greater
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degree of uncertainty. The accuracy in these regions ranges from 60% to 80%. Therefore, in
order to enhance the accuracy of LC products in complex regions, producers may need to pay
more attention to transitional areas where landscape heterogeneity is high. These areas exhibit
higher probabilities of misclassification compared to homogeneous regions.

10 10 10
GLC_FCS30 CLCD I GlobeLand30
g
208 08
2
Q
S o6 0.6
= ¢
>’ L
&
5 04 04 |
8
= Slope = -0.22 " Slope = -0.32 I Slope = -0.17
£o2 P-value = 6.95 x 10°** 02 | P-value =2.53 x 10" 02 | P-value =1.13 x 107
=
© la b 1. lc
0.0 0.0 0.0
0.0 0.2 0.4 0.6 . 08 10 0.0 02 04 6 . 038 10 0.0 0.2 0.4 06 _ 08 1.0
Landscape heterogeneity index Landscape heterogeneity index Landscape heterogeneity index

CLCD: 71.43% GlobeLand30: 76.79%

k

GLC _FCS30: 74.31% CLCD: 64.22% GlobeLand30: 68.81%

I:I Cropland - Forest - Bare land - Grassland - Water
- Snow/Ice - Wetland - Impervious - Shrubland

Figure 10. (a—c) The relationship between landscape heterogeneity and overall accuracy for LC

products and (d—k) the comparison of accuracy among three products in heterogeneous regions.

Then, we analyzed the relationship between the area of land cover types and the
mapping classification accuracy (Figure 11). It can be seen that the accuracy of most LC
types in GLC_FCS30 is relatively stable, particularly performing well in cases with small
areas. However, the classification accuracy for impervious surfaces and wetlands is still
limited. Due to their strong spectral heterogeneity, impervious surfaces and wetlands are
also recognized as land cover classes that are relatively difficult to classify accurately [3].
As a comparison, apart from water bodies, the mapping accuracy of each land cover class
in CLCD decreases noticeably as the area decreases, with a correlation coefficient (r) of 0.56
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100%

between area and accuracy. Due to the significant differences in spectral characteristics
between water bodies and other land cover classes [50], water bodies are relatively easy to
identify and can maintain a high level of accuracy in CLCD. Furthermore, GlobeLand30
exhibits a similar pattern to CLCD, but its accuracy for impervious surfaces and wetlands,
which are small-area land classes, is still higher than that of GLC_FCS and CLCD. This may
be attributed to the incorporation of manual post-processing after classification. Therefore,
GLC_FCS30 performs the best in handling small-area land classes, but its classification abil-
ity for impervious and wetland still needs improvement. On the other hand, GlobeLand30
demonstrates good classification performance in impervious and wetland classes.
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Figure 11. The relationship between area ratio and accuracy of LC types.

Based on the above, the performance of CLCD is more sensitive to landscape frag-
mentation compared to GlobeLand30 and GLC_FCS30 (Figure 10). The mean landscape
heterogeneity index of Xinjiang is approximately 0.65, which is relatively high; this may
be the reason for the relatively lower accuracy of CLCD compared to the other two LC
products. Furthermore, it can be seen that GlobeLand30 and CLCD are more sensitive to
the area ratio of land classes compared to GLC_FCS30 (Figure 11). Because our HDLV-X]
is a regionally intensive validation dataset with a high density of samples, there are still
a significant number of samples (as shown in Table 12), even in land classes with rela-
tively low coverage (such as cropland, snow and ice, forest, and shrubland) in Xinjiang.
Therefore, this leads to lower assessment accuracies of CLCD and GlobeLand30 for these
land classes, which in turn results in the highest validation accuracy for GLC_FCS30 in
Xinjiang. The differences in mapping methods may be the main reason for the variations
in accuracy among the three LC products. From Table 13, it can be seen that CLCD and
GlobeLand30 are both based on global classification models, while GLC_FCS30 is based on
a local adaptive classification model. Due to the requirement of ensuring overall accuracy
across a large-scale area during training, there may be significant differences in the number
of samples available in local areas when building global classification models [51,52].In
contrast, the local adaptive classification strategy divides the large-scale area into differ-
ent sub-regions and constructs training data within each sub-region [1]. Therefore, this
mapping strategy can better balance the number of training data for each land cover in
local areas [1]. However, GLC_FCS30 still faces challenges in accurately extracting land
cover types such as wetlands and impervious surfaces. On the other hand, GlobeLand30
incorporates manual post-processing in its mapping process, which further improves the
accuracy of these fragmented land cover types [3]. As a result, GlobeLand30 has a higher
level of accuracy in these cases. Therefore, when conducting large-scale LC mapping, the
local adaptive classification strategy may be more appropriate. Additionally, producers
should also pay attention to individually addressing land cover types that are difficult
to accurately identify, such as wetlands and impervious surfaces. This ensures that these
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specific land cover types receive appropriate handling and improves the overall accuracy
of the mapping process.

Table 13. The mapping methods of 30-m GLC_FCS30, GlobeLand30, and CLCD.

LC Product Method Literature
Local adaptive random forest models were trained for each
GLC_FCS30 5° x 5' geographical grid element to generate the land-cover maps. Zhang etal. (2021) [1]
CLCD A global random forest classifier was trained to classify the whole of China. Yang et al. (2021) [5]
A global pixel- and object-based classification model was applied to classify
GlobeLand30 global land covers, and a knowledge-based interactive post-process was Chen et al. (2015) [3]

applied to improve the mapping accuracy.

5.3. Limitations

There are still some limitations in the present research, mainly in three aspects: (1) The
constructed HDLV-X] dataset introduced climatic factors, population density, and a hexago-
nal grid combined with landscape heterogeneity to design the sampling scheme, ensuring a
representative and effective sample layout. However, this dataset is only applicable for land
cover validation for Xinjiang in 2020, which hinders its use in long-term and large-scale
accuracy assessment studies. To address this limitation, the study will explore extending
the validation dataset through the combination of time-series remote sensing images and
fitting algorithms and encourage public participation in the construction and interpretation
of the validation dataset through open collaboration. (2) The generated validation dataset
can only validate the nine primary land cover types and is not suitable for validating the
secondary classification system. To overcome this limitation, the study will incorporate
multiple sources of geospatial data and design a more detailed classification system. This
will allow for the interpretation and validation of more detailed land cover categories.
(3) Considering the importance of 30-m resolution land cover products in fine-resolution
long-term monitoring, we only validated three mainstream 30-m land cover products in
this study. However, with the recent availability and sharing of 10-m-resolution Sentinel
data, 10-m land cover products are also gradually being generated. In the future, we will
also include 10-m land cover products for further evaluation.

6. Conclusions

Fine-resolution LC products have been developed in recent years. However, the ac-
curacy evaluation of the developed LC products is typically conducted at the global and
national levels, with limited consideration for their accuracy and applicability in regional
areas. Therefore, conducting a comprehensive accuracy assessment and consistency analy-
sis of LC products in local areas is crucial for users to effectively compare the performance
of different products. This study examined Xinjiang as the research area and constructed a
high-density land cover validation dataset (HDLV-X], containing 20,932 validation samples)
based on multi-source remote sensing data for Xinjiang. The accuracy and consistency
of three mainstream land cover products in 2020 with a resolution of 30-m (GLC_FCS30,
CLCD, GlobeLand30) were analyzed based on the constructed validation dataset.

The results indicated that the CLC_FCS30 exhibited the highest overall accuracy
(88.10%) in Xinjiang, followed by GlobeLand30 (with an overall accuracy of 83.58%).
By contrast, CLCD demonstrated the lowest overall accuracy of 81.57%. In terms of
consistency, Xinjiang demonstrates high-consistency patterns for bare land, farmland, and
water. Specifically, the average consistencies between the GLC_FCS30 and GlobeLand30,
GLC_FCS30 and CLCD, and GlobeLand30 and CLCD are 77.14%, 70.21%, and 68.66%,
respectively. However, this consistency drops significantly when it comes to wetland and
shrubland, with a value of less than 1% for each. Furthermore, among the LC products,
GlobeLand30 demonstrated the highest performance in regions characterized by high
landscape fragmentation. On the other hand, GLC_FCS30 emerged as the superior product
in areas with uneven proportions of land cover types. Additionally, the utilization of a local

170



Remote Sens. 2024, 16, 82

adaptive classification mapping strategy offers significant advantages in enhancing the
accuracy of land cover mapping. The study provided important insights for the application
of current land cover products in Xinjiang, uncovering both the accuracy and limitations
associated with these products.
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Abstract: Global land cover dynamics alter energy, water, and greenhouse gas exchange between
land and atmosphere, affecting local to global weather and climate change. Although reforestation
can provide localized cooling, ongoing land use land cover (LULC) shifts are expected to exacerbate
urban heat island impacts. In this study, we monitored spatiotemporal changes in green cover in
response to land use transformation associated with the Khyber Pakhtunkhwa (KPK) provincial
government’s Billion Tree Tsunami Project (BTTP) and the Ravi Urban Development Plan (RUDP)
initiated by the provincial government of Punjab, both in Pakistan. The land change modeler (LCM)
was used to assess the land cover changes and transformations between 2000 and 2020 across Punjab
and KPK. Furthermore, a curve fit linear regression model (CFLRM) and sensitivity analysis were
employed to analyze the impacts of land cover dynamics on land surface temperature (LST) and
carbon emissions (CE). Results indicated a significant increase in green fraction of +5.35% under
the BTTP, achieved by utilizing the bare land with an effective transition of 4375.87 km?. However,
across the Punjab province, an alarming reduction in green fraction cover by —1.77% and increase
in artificial surfaces by +1.26% was noted. A significant decrease in mean monthly LST by —4.3 °C
was noted in response to the BTTP policy, while an increase of 5.3 °C was observed associated with
the RUDP. A substantial increase in LST by 0.17 °C was observed associated with transformation
of vegetation to artificial surfaces. An effective decrease in LST by —0.21 °C was observed over the
opposite transition. Furthermore, sensitivity analysis suggested that LST fluctuations are affecting
the % of CO, emission. The current findings can assist policymakers in revisiting their policies to
promote ecological conservation and sustainability in urban planning.

Keywords: Google Earth Engine (GEE); LULC transitions; vegetation dynamics; CFLR model; land
use policies; Billion Tree Tsunami Project (BTTP); Ravi Urban Development Plan (RUDP); Master
Plan 2050

1. Introduction

In the 21st century, increased urbanization is intrinsically linked to the phenomenon
of global warming (GW) [1,2], which is primarily associated with rapid urbanization [3,4].
With further urbanization, the percentage of the global population residing in cities is
projected to grow from 56% to 66% by the year 2050 [5-7]. Rapid urbanization produces
significant land use change from forest cover and agricultural landscapes to impermeable
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surfaces [8-11] to meet the urban population’s needs, a crucial variable affecting local
to global climate [12]. These transformations have led to ecological and environmental
challenges, such as compromising urban ecosystem sustainability [13-15], influencing land
surface temperature (LST) [16-18], and contributing to anthropogenic-induced carbon
emissions (CE) [19,20]. For example, evapotranspiration, albedo, energy radiation, and
other biochemical and biophysical parameters are affected by the surface reflectance and
roughness of various LULC types in distinct ways [21,22]. Due to increased urbanization,
forest cover is rapidly decreasing and this is boosting global warming trends [19,23]. Forests
are a billion-dollar economic treasure that absorbs about 30% of the world’s yearly carbon
dioxide emissions [6,23,24]. In addition, this transition is responsible for about a third
of the CE produced by human activities [25,26], mainly due to the shift from forested to
developed land [25-27].

According to the Intergovernmental Panel on Climate Change’s (IPCC) latest report
(2019), human shifts in LULC lead to a depletion of natural resources as well as an increase
in atmospheric CO, concentrations and nitrogen deposition [28-30]. From 1750 to the
present, CO; emissions associated with deforestation have contributed ~180 + 80 PgC to
the cumulative anthropogenic CO, emission [31]. Moreover, several studies at both the
national [32,33] and regional [32,34,35] scales have already demonstrated the phenomenon
that LULC transitions affect the carbon balance [36-38]. It is estimated that global forest
cover decreased by 7.8 million hectares per year between 1990 and 2000, 5.2 million hectares
per year between 2000 and 2010, and 4.7 million hectares per year between 2010 and
2020 [39], and led to a rise in CE by 12.5% [40]. According to Statista [41], the atmospheric
level of carbon dioxide had increased from 354.45 ppm in 1990 to 414.24 ppm by 2020
(1.99 ppm per year) [42,43].

The 2017 Atlas of Sustainable Development Goals (SDGs) reports that the growth in
CO; emissions and other greenhouse gases has caused an increase of around 0.8 degrees
Celsius in the mean global temperature over pre-industrial times [44]. According to the
Intergovernmental Panel on Climate Change (IPCC) Assessment Report 6 (AR6) A.1.2, the
global average temperature in the first two decades of the 21st century (2001-2020) was 0.99
(0.84-1.10) °C higher than in the period 1850-1900. The increase rate across land surfaces
(1.59 (1.34 to 1.83) °C) was higher than the temperature increase over the ocean (0.88 (0.68 to
1.01) °C) [45]. The Paris Agreement, adopted in 2015 under the United Nations Framework
Convention on Climate Change (UNFCCC), was signed by 195 countries to reduce global
warming to below 2 °C and, preferably, 1.5 °C [46].

In the context of national and global warming, one of the most pressing challenges
is determining the impact of urban land cover transition on climate change [17]. Several
studies [32-38] have mainly focused on carbon fluctuation over a specific ecosystem by
applying the bookkeeping [47—49] and processing models [50,51] to analyze the dynamics
of carbon emissions in response to land cover transition over a specific ecosystem. However,
a comparison of different ecosystem interactions was lacking. Zhu E. et al. [52] indicated
that it would be difficult to precisely determine the spatiotemporal scales of LULC and
the corresponding induced carbon emissions. Nevertheless, carbon levels can be reduced
through artificial adjustments of land cover patterns [53,54]. The development of conserva-
tion management plans and strategies to ensure the long-term sustainability of ecosystems
can be significantly assisted by evidence collected through observing changes in land use
and land cover (LULC) [18].

Since 1972, Landsat satellites have continually provided remote sensing (RS) data for
diverse applications regarding metropolitan areas’ social, economic, and environmental
aspects [55]. RS technology has tremendously facilitated data collection by eliminating
the previous hassles and limitations of traditional field surveys and methods [6]. Re-
mote sensing for forest biomass and carbon stock estimation can be implemented with
acceptable accuracy [56]. RS combined with geographic information systems (GISs) is a
valuable tool for investigating LULC classification changes, ecological monitoring, and
management [21,57]. Developing a baseline and reference levels for Reducing Emissions
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from Deforestation and Forest Degradation (REDD+) implementation highly depends on
accurate carbon stock assessment, which is possible using the combined data of RS and the
National Forest Inventory (INFI) [58].

According to the Global Climate Risk Index (2021) published by Germanwatch, Pak-
istan is eighth on the list of countries most affected by climate change in the past two
decades [59]. Pakistan (a country of roughly 220 million people) is one of the world’s
least wooded countries, with forest covering only 5% of its total land area [60-62], mostly
in its northern region [14,16]. According to the forest department of Pakistan, the forest
cover, which was 4,981,163 (ha) in 2004, had decreased to 4,786,831 (ha) by 2012 [63]. The
BTT project was initiated in 2013 by the interim administration of KPK Province (northern
Pakistan) to combat deforestation in the region [64], and one billion trees had been planted
in the province by 2017 [65]. This was an excellent effort toward mitigating deforestation’s
adverse impacts [6]. In contrast, over the past two decades, the capital city of Punjab
province in Pakistan (Lahore) has experienced substantial urban expansion and a decrease
in its green proportion [66]. The local developers and government authorities (e.g., the
Lahore Development Authority (LDA)) are continuously expanding the urban settlements
through various housing communities and other projects [6,67,68] which require clearing
part of the green fraction [6]. In addition, in 2014, the Government of Punjab (Pakistan)
initiated an urban project called the “Ravi Urban Development Project” (RUDP) close to the
interim capital for up to 35 million residents on an area of 40,000 hectares, most of which
was farmland. The local farmers protested against such plans by visiting the Lahore High
Court (LHC). Later the rulings of the LHC found “gross irregularities” in the development
process, along with concerns about the environmental impact, and ordered work on this
project to stop [69]. However, the government still intends to complete this project in the
future (Master Plan 2050; included in the Supplementary Materials). According to the
population census of 2017, 36.4% of the population of Pakistan lives in urban areas. The
UN Population Division estimates that, by 2025, nearly half the country’s population will
live in cities.

Considering the above developments and the literature on rapid urbanization and its
associated problems, this study aimed to (1) monitor and compare the land cover dynamics
in scenarios from 2000-2020, (2) determine the contribution rates of LULC transitions to
LST change by utilizing the cutting-edge CFLRM method, (3) determine changes in the
carbon stock in response to green fraction transitions, and (4) determine the sensitivity
between CO, variation (%) and LST under the Khyber Pakhtunkhwa (KPK) government’s
Billion Tree Tsunami Project (BTTP) (forestation) and for urbanization reshaping scenarios
in Punjab as a consequence of the RUDP.

2. Materials and Methods
2.1. Study Area

To achieve the research objectives, we choose two provinces of Pakistan, (i) KPK,
where the provisional government started a forestation project, the BTTP, in 2013 to reduce
the impact of deforestation, and (ii) Punjab, which is experiencing urban growth reshaping
scenarios and losing its vegetation cover. The three sample sites included (a) Peshawar
(capital of KPK Province and located in northern Pakistan), which belonged to the “Central-
Southern Forest Region-I Peshawar” in the BTTP. It is geographically located at 44°15'N,
71°42'E at 330 m (amsl) and covers an area of 1264 km?. In terms of climatic characteristics,
the region is classified as “dry-summer subtropical” (“Csa” in Koppen climate classification).
The average temperature is about 23.9 °C, with a minimum of 17.4 °C and a maximum
of 30.5 °C, but which can drop to 12 °C on cold nights (https://en.climate-data.org/asia/
pakistan) (accessed on 18 November 2022). According to the 2017 census, Peshawar had
1.97 million people (http://www.pbs.gov.pk/) (accessed on 2 June 2022). The second
site was (b) the Swat District, which lies in “Northern Forest Region-III Malakand” in
the BTTP. Geographically, Swat is located at 35°22°N’, 72°42'E, with a total population
of 2.31 million (2017) and an area of 5337 km?. The regional climate passes through four
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seasons: a cool winter from November through February; a mild spring from March through
May; the summer season from June through September; and the retreating monsoon
period of October and November in autumn (https:/ /aboutkp.kp.gov.pk/page/climate)
(accessed on 12 July 2021). Finally, the third site was (c) Lahore, located at 31°15'N, 74°10’E,
and covering 1842 km?. The 2017 census showed 11.13 million people living in Lahore
(http:/ /www.pbs.gov.pk/) (accessed on 24 July 2021). In the last few decades, the city has
been experiencing massive urbanization at the cost of losing green fraction. It contains
a semi-arid climate (“BSh” in the Képpen climate classification). The city’s maximum
temperature was 48.3 °C, recorded on 30 May 1944, with 48 °C recorded on 9 June 2007.
Spatial location of the study area, including the sample sites, is presented in Figure 1.
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Figure 1. Maps showing the locations of study sites in the KPK and Punjab provinces, Pakistan.

2.2. Data Sets and Pre-Processing
2.2.1. Land Use Land Cover Maps

To achieve the set objectives, this study utilized high-resolution datasets, including “Global
land cover—GLC30” (http:/ /www.globeland30.0rg/) (accessed on 2 June 2022), which provides
30 m multispectral images based on TM, ETM+, OLI Landsat (USA), HJ-1 (China Environment
and Disaster Reduction Satellite), and 16 m resolution Gaofen (GF)-1 (China High-Resolution
Satellite). The product provided data for the years 2000, 2010, and 2020. GlobeLand30 product
data has already been submitted to the United Nations [70-72]. The data of GlobeLand30 were
reclassified and divided into six types according to the first-level classification standard of Land
Use Status Classification (GB/T2010-2017). Details regarding the LULC class divisions are
included in the Supplementary Materials for reference. The GlobeLand30 provided data with
an overall accuracy of 83.50-85.72%, and a Kappa coefficient of 0.78-0.82. Furthermore, for
cross-validation, the accuracy of the LULC classifications (obtained with the LCM30m product)
was reconfirmed using ground truth data obtained from Google Earth, and this indicated an
overall accuracy of >80% for all LULC classes.
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2.2.2. LULC Transition Analysis

After acquiring the LULC maps, the cross-tabulation was performed using Terreset
2020 (https:/ /clarklabs.org/terrset/land-change-modeler/) (accessed on 4 August 2022) to
quantify the net change by category in km?, patterns of aerial exchanges, and the gain and
loss for each LULC class between 2000 and 2020. The Markov Chain model (MCM) was
utilized to determine the transition probabilities. MCM can be mathematically expressed
as follows [6,73]:

S(t+1) = Pij*S(t) (1)

where S represents the land-use status at time ¢, and S (t + 1) is the land-use status at
time ¢ + 1, while Pij is the transition probability matrix in a state which is calculated as
follows [6,74]

Py Pip PN

|Pijl| = || P,1 Pp Pon 2)
Pyi1 Pnp Pyn
(0 <Pij <1) 3)

P is the transition probability, Pij stands for the likelihood of converting from current
state i to another state j next time, and PN is the state probability of any time. The low
transition will have a chance near 0, and high growth has possibilities near 1 [6,74].

2.2.3. Land Surface Temperature (LST) Maps

Mean LST (for the March-June months) was retrieved from all possible cloud-free
imagery of Landsat TM and OLI. Considering the operational time of Landsat, we used
Landsat-5 TM for 2000 and 2010 and Landsat-8 TIRS for 2020 (imagery details are mentioned
in Table S1—Supplementary Materials). Band6 (thermal band) of Landsat-5 TM was
utilized to retrieve LST by using a mono-window algorithm [75]. On the other hand,
Landsat-8 TIRS contains two thermal bands (10 and 11), but USGS (United States Geological
Survey) discourages the use of the split-window algorithm to obtain the LST because of
the instabilities with the participation of band 11 (https://www.usgs.gov/fags) (accessed
on 23 July 2021). Therefore, considering the accuracy and feasibility, we decided on the
single-channel algorithm [76], for which all the necessary atmospheric corrections were
performed [77,78]. Additionally, it should be noted that there is a 15 min time lag between
Equatorial Crossing Time for Landsat OLI and Landsat TM, because of which it is necessary
to be sure that time lag is not an obstacle to the analysis.

2.2.4. Retrieval of Normalized Difference Vegetation Index (NDVI)

NDVI facilitates identification of the relationship between land use type and estimated
surface temperature quantitatively (Schmidt, et al., 2000). NDVI is derived using following

mathematical expressions:

NIR — RED
NDVI = NIR 4+ RED @)

The NIR band represents band 4 with wavelength (A = 0.76-0.90 um) of Landsat5
(T.M.), while RED corresponds to band 3 with wavelength (A = 0.63-0.69 um). On the
other hand, in Landsat8 (OLI/TIRS), the NIR band depicts band5 with (A = 0.85-0.87 um),
and RED represents band 4 with wavelength (A = 0.63-0.67 um) (Landsat Project Science
Office 2016).

2.2.5. Correlation Analysis between LST and LULC Transitions

The relationships between LST and LULC transitions were calculated by using the
land change modeler (LCM) and the curve fit linear regression model—CFLRM (an external
extension for GIS) [79], which allows users to run regression analysis on a series of raster
datasets. The equation of linear regression is described as follows:

Y=aX+Db (5)
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where Y is the dependent variable, X is the independent variable, b is the slope of the line,
and 7 is the y-intercept. Furthermore, zonal statistics as a table were applied using ArcGIS
10.8 to get zonal values of the LST trend for each land transition category.

2.2.6. Carbon Emission (CE) Estimation

The carbon emission from different LULC classes over the study period was estimated
by biomass carbon stock assessment (BCSA) using the forestry inventory (FI) data collected
by the Ministry of Climate Change of Pakistan (http://www.mocc.gov.pk/) (accessed
on 2 June 2022) and the Pakistan Forest Institute Peshawar (https://www.pfi.gov.pk/)
(accessed on 2 June 2022). In addition, we collected the biomass and carbon stock estimation
data under the Reducing Emissions from Deforestation and Forest Degradation REDD+
project [63] using the tools presented in Table 1 (details about the REDD+ Project are
included in the Supplementary Materials). Furthermore, for the estimation of carbon
emission from different LULC classes, zonal statistical analysis was carried out in Arc
GIS10.4 [29].

Table 1. Tools used in field sampling.

Materials Purpose
Diameter Caliper (120 cm) Diameter Measurement
Haga Altimeter Height Measurement
Sunnto Clinometer Slope and Height Measurement
Measuring Tape (100 m) Measuring Distance
Ranging Rods Plot Center and Other Location
Garmin GPS Navigation

Computation of Vegetation Indices and Carbon

Landsat Images
& Stock Assessment

Tree height and DBH > 5 cm were measured in all plots to calculate aboveground
biomass [80,81] by using a diameter caliper of 100 cm in length. As per UNFCCC guide-
lines regarding tree measurement, forked and defective trees were also subjected to size
measurement as they are believed to have a quantity of carbon stock. The Haga Altimeter
used for height measurement is a gravity-oriented pointer device for height measurement
within a fixed range of distances (20, 25, and 30 m). As height measurement is difficult
and time-consuming for variable distances and viewpoints, height was only measured
for dominant trees in the plots. A Sunnto Clinometer was used for slope estimation, the
distance was measured with the help of a measuring tape (100 m), and GPS was used
for location identification or navigation purposes. In contrast, a compass was used for
the proper direction of plot selection in the area for aspect identification. Aboveground
biomass (AGB) was estimated using Equation (6)

AGB (kg) = 0.0673 x (PDBH2H)*”"* o

where DBH is the diameter in millimeters at breast height, H is the height of a tree, and
the standard wood specific gravity was 1.54 g cm~3 [29,82]. Furthermore, the carbon stock
was estimated by data conversion from aboveground biomass to carbon stock [83] using
Equation (7).

Carbon (kg) = 0.5 x biomass (7)

The carbon stock data was superimposed on the LULC and LST data to determine
the carbon concentration for each LULC and LST and to calculate the carbon emission
according to zonal statistics [29]. Furthermore, the relationship between CE and LST was
explored using the sensitivity analysis [29] in R.
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2.2.7. Carbon Stock Data Validity

This study’s estimated carbon stock maps were compared with ORNL CBD data [84,85]
and WCMC CBD data (https:/ /data-gis.unep-wcmc.org/portal/home/item.html?id=8a8
d4e24683a46e6b039aea78c8af20f (accessed on 18 November 2022)). The overall Kappa
Statistic was 0.92, indicating that the carbon stock maps are reasonable and can be used for

further applications. A detailed methodology flowchart is attached as Figure 2.
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Figure 2. Flowchart indicating the detailed procedures for data collection, preprocessing, and

evaluation of results.
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3. Results
3.1. Spatial Patterns of LULC under BTTP and Urbanization in Punjab

The patterns of the LULC scenarios from 2000-2020, obtained from GLC30, were
divided into six classes (the details are presented in the Supplementary Materials); the
scenarios over KPK Province are shown in Figure 3A, while Figure 3B illustrates the LULC
scenarios over Punjab Province. Furthermore, Table 2 elaborates on the dynamics of LULC
from 2000-2020 for both Punjab and KPK provinces.
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Figure 3. (A). Spatial patterns of land use land cover classes in KPK Province, including the sam-
ple sites (a) Peshawar (al) 2000, (a2) 2010, and (a3) 2020; and (b) Swat (b1) 2000, (b2) 2010, and
(b3) 2020. (B). Spatial patterns of land use land cover classes in Punjab Province, including sample
site (c) Lahore (c1) 2000, (c2) 2010, and (c3) 2020.
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Table 2. Trends of LULC in KPK (top) and Punjab (bottom) provinces between 2000 and 2020 (km?).

2000 % 2010 % 2020 %
Cuﬁ;’?ed 25,956.87 33.71 25,714.37 33.39 25,781.15 33.48
Vegetation 29,337.59 38.10 30,257.76 39.29 33,458.05 43.45
Pk Water bodies 727.82 0.95 8422 1.09 695.58 0.90
Artificial 664.18 0.86 1196.17 155 1375.82 1.79
surface
Bare land 14,598.18 18.96 13,285.62 17.25 10,346.19 13.44
Ice and snow 5724.44 7.43 5712.96 7.42 5352.29 6.95
Total 77,009.08 100 77,009.08 100 77,009.08 100
Cuggted 136,014.21 64.91 137,125.65 65.44 137,244.7 65.50
Vegetation 21,250.54 10.14 21,303.2 10.17 19,634.2 9.37
, Water surface 2459.14 117 2325.64 1.11 2240.43 1.07
Punjab —
Artificial 3846.3 1.84 4065.38 1.94 6497.6 3.10
surface
Bare land 45,960.09 21.93 44,710.43 21.34 43,913.37 20.96
Total 209,530.30 100 209,530.30 100 209,530.30 100

By combining the findings from Figure 3A and Table 2, it can be seen that over the
last two decades, in the KPK province, a significant increase in artificial surfaces has taken
place, increasing from 0.86% in 2000 to 1.79% in 2020. On the other hand, the percentage of
vegetated land appears to be on the rise, growing from 38.10 percent in 2000 to 43.45 percent
in 2020; this increase was relatively modest until 2010 (38.10 percent to 39.29 percent), but it
was boosted during the period 2010-2020 when the provisional government initiated the
BTTP. That increase in artificial surfaces and vegetation mainly came from bare land, which
decreased from 18.96% (in 2000) to 17.25% in 2010 and 13.44% in 2020.

Figure 3B shows an opposite trend for the Punjab province, where the percentage
of vegetated land decreased from 10.17% in 2000 to 10.10% in 2010, and then to 9.37% in
2020, while the percentage of bare land was reduced from 21.93% in 2000 to 21.34% by
2010, and then to 20.96% in 2020. Figure 4 further reveals this loss of vegetation and that
artificial surfaces occupied the former bare land, with an increase from 1.84% in 2000 to
1.94% by 2010, and an apparent rise to 3.10% by 2020. Similar findings were observed
over the sample sites a, b, and ¢, with an evident increase in vegetation land from 25.6% in
2000 to 37.02% in 2010 and 52.07% in 2020, and a decrease in bare land of —17% by 2010
and —25.3% by 2020 being noted. In contrast, for site (c), the trends were opposite, with a
significant loss of vegetation land of —1.50% by 2010 being noted, which then accelerated
from 2010-2020 with a loss of —2.90%, and a similar decrease in bare land (2000-2010
(—3.6%) and 2010-2020 (—5.2%)). Artificial surfaces mostly replaced the lost vegetation
and barren land.

3.1.1. LULC Transitions over the Period 20002020

Furthermore, LCM was utilized to analyze the transitions of LULC from 2000-2020 to
understand the transitions among the land cover classes. The results in Table 3 and Figure 4
present the KPK and Punjab Province scenarios over two decades, along with sample sites
a, b, and c (Supplementary Materials, Tables 52 and S3). It was observed that a significant
portion of the bare land in KPK province, along with sites (a) and (b), was transformed into
vegetation and artificial surfaces, with a significant transition from bare land to vegetation
(4375.87 km?) from 2010-2020, which supported the BTTP’s main objective and indicated
a better use of bare land by the KPK government. On the other hand, over the Punjab
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province, along with site (c), the scenarios were alarming, with the transition of 1619.9 km?
of cultivated land to artificial surfaces and 2263.5 km? of vegetation land to bare land. This
indicates clearly contradictory policies for bare land use in the two provinces.
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Figure 4. The LULC transition categories for KPK (Left) and Punjab (right) from 2000 to 2020.
Table 3. LULC transitions in KPK and Punjab province between 2000 and 2020 (area in sq. km).
Cultivated . . Artificial Permanent
Land Vegetation Water Bodies Surfaces Bare Land Snow and Ice
Cultivated land 24,674.29 705 72.94 466.51 38.07 NA
Vegetation 685.04 26,541.1 198.82 33.79 1711.54 167.24
Water bodies 57.02 108.02 508.49 1.42 51.35 1.5
KPK Artificial surfaces 66.92 6.71 0.72 589.22 0.59 NA
Bare land 231.05 4375.87 60.97 5.21 9750.15 174.9
Permanent snow NA 520.97 0.22 NA 233.89 4969.31
and ice
Cultivated land 13,2359.4 698.7 1072.7 1619.9 256.0 NA
Vegetation 1067.0 16,655.6 1187.0 1074.9 2263.5 NA
Puni Water bodies 422.7 626.0 1332.3 4.2 73.6 NA
unjab
Artificial surfaces 584.1 14.1 5.7 3227.0 15.3 NA
Bare Land 1211.3 58.7 242.3 1840.3 41,605.0 NA

NA (Not Applicable) was utilized for the LULC classes where “Permanent Snow and Ice” was not
present/applicable. Additionally, LULC transitions for all 3 sample sites (a), (b), and (c) are presented in
the Supplementary Materials (Tables S2 and S3).

The Markov Chain model was used to explore the transition probabilities of LULC
classes from 2000-2020. The results are presented in Table S3 (Supplementary Materials).
The highest transition probability was found to be for the artificial surfaces in Punjab
province and for vegetation in KPK province.
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3.1.2. Gain and Loss between LULC Classes over the Period 2000-2020

We employed a “Land Change modeler (LCM) for ecological sustainability” after
assessing LULC trends, transitions, and probabilities to pinpoint precisely where the LULC
shifts will occur (TerrSet 2020). Results are presented in Figure 5A,B (Provisional Scenarios),
and Figure 5C (sample sites) for the last two decades.
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Figure 5. (A) Gain and loss for all LULC classes over KPK province from 2000-2020: (a) cultivated
land, (b) vegetation, (c) water bodies, (d) artificial surfaces, (e) bare land, and (f) permanent snow
and ice. (B) Gain and loss for all LULC classes over Punjab province from 2000-2020: (a) cultivated
land, (b) vegetation, (c) water bodies, (d) artificial surfaces, and (e) bare land. (C) Gain and loss for all
LULC classes over 2000-2020: sites (a) Peshawar (top), (b) Swat (middle), and (c) Lahore (bottom).

Analysis indicated a significant change in the vegetation and barren land for KPK
province, where a total of 4375.87 sq. km area was changed from bare land to vegetation
(Table 3). Further results for the sample sites (a, b, and c) in Figure 5C indicate significant
gains for vegetation cover of 5716.6 km? and 506.9 km? for artificial surfaces, mainly coming
from the apparent loss of bare land of 2035 km? (Table S4, Supplementary Materials). This
also supports and validates our above results about the spatial patterns of LULC and
transitions over KPK province.

In contrast, for the Punjab province, a significant loss was observed in both vegetation
(—4592.4 km?) and bare land (—4352.6 km?), with a gain in artificial surfaces (1757.6 km?).
This also validated our transitions and probabilities analysis; similar trends were observed
over site (c) Lahore, with a significant loss of bare land and vegetation land and substantial
gain in artificial surfaces (Table S5 in the Supplementary Materials). Meanwhile, the
scenarios (Figure 5C) highlighted apparent improvements in vegetation area over the
sample sites (a) and (b). In contrast, site (c) indicated a significant loss of bare land and
green fraction cover with a dominant gain in artificial surfaces.

3.2. Land Surface Temperature (LST) Variations

Spatial patterns of the monthly (March-June) mean LST (Figure 6) indicated a sig-
nificant decrease of —4.3 °C from 2000-2020 over sites (a) and (b). The fluctuation in the
LST (increase/decrease) was dominant over the areas of green fraction transitions. Several
studies have already indicated the vegetation fraction in this phenomenon [86-92]. Over
sites (a) and (b), apparent changes can be observed, especially after 2010 in (a3) and (b3)
when they increased their vegetation cover under the BTTP, as compared to (al) and (b1)
for both high and low LST. On the other hand, site (c) indicated an opposite trend, with
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an increase of 5.3 °C from 2000-2020, with a significant fluctuation over the central and
southern parts, where it lost the green fraction cover (Figure 5C).

Spatial patterns of land surface temperature (LST, °C) W$E
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Figure 6. Spatial patterns of LST over sites a, b, and ¢ from 2000-2020: (al) Peshawar 2000,
(a2) Peshawar 2010, (a3) Peshawar 2020; (b1) Swat 2000, (b2) Swat 2010, (b3) Swat 2020; (c¢1) Lahore
2000, (c2) Lahore 2010, and (c3) Lahore 2020.Furthermore, we calculated the NDVI to highlight the
relation of the green fraction with LST; the results are presented in Figure 7.
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Figure 7. Spatial patterns of normalized difference vegetation index (NDVI) over sites a, b, and ¢
from 2000-2020. Note: (al) Peshawar 2000, (a2) Peshawar 2010, (a3) Peshawar 2020; (b1) Swat 2000,
(b2) Swat 2010, (b3) Swat 2020; (c1) Lahore 2000, (c¢2) Lahore 2010, and (c3) Lahore 2020.
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3.3. Spatial Patterns of Normalized Difference Vegetation Index (NDVI)

To further analyze the relationship between LST and NDVI, we calculated the spatial
patterns of NDVI (Figure 7) to build a linear regression between LST and NDVI (Figure 8;
Table 4) over the sites (a, b, and ¢).
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Figure 8. Correlation between LST and NDVI over the sample sites (a, b, and c). Note: (al) Peshawar
2000, (a2) Peshawar 2010, (a3) Peshawar 2020; (b1) Swat 2000, (b2) Swat 2010, (b3) Swat 2020;
(c1) Lahore 2000, (c2) Lahore 2010, and (c3) Lahore 2020.

Correlation statistics revealed a strong relationship for sites (a) and (c) with overall
values of 0.70 or above for R? (Table 4). For site (c) Lahore, a decreasing trend for NDVI
produced R? values of (c1) 0.83, (c2) 0.72, and (c3) 0.59, with a significant decrease over the
central and southern parts of the area. Similarly, for sites (a) Peshawar and (b) Swat, an
increasing trend and strong correlation was found for the RZ at (al) 0.78, (a2) 0.70, (a3) 0.84,
(b1) 0.58, (b2) 0.61, and (b3) 0.69.

Table 4. Linear regression analysis over the sites (a, b, and c).
Equation y=a+b X x y=a+b X x y=a+b X x
Plot NDVI 2000 NDVI 2010 NDVI 2020
Weight No Weighting No Weighting No Weighting
Intercept 1.20 £ 0.01 1.92479 £ 0.02 1.89 £0.02
Peshawar
Slope —0.03 =4.24 —0.06 £ 0.00 —0.06 £ 8.20
Residual sum of squares 4.74 5.56 6.27
Pearson’s r —0.88 —0.83 —0.89
R2 (COD)/ 0.78 0.70 0.80
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Table 4. Cont.

Equation y=a+b X x y=a+b X x y=a+b X x
Plot NDVI 2000 NDVI 2010 NDVI 2020
Weight No Weighting No Weighting No Weighting
5 Intercept 1.38 £0.02 2.02 £0.03 1.70 £ 0.04
wat
Slope —0.04 £9.85 —0.06 + 0.00 —0.05 + 0.00
Residual sum of squares 2.88 3.80 4.43
Pearson’s r —0.78 —0.83 —0.68
R? (COD) 0.58 0.61 0.69
Equation y=a+b X x y=a+b X x y=a+b X x
Plot NDVI 2000 NDVI 2010 NDVI 2020
Weight No Weighting No Weighting No Weighting
Intercept 1.99 £ 0.02 1.32 £0.02 0.77 £ 0.01
Lahore
Slope —0.07 £+ 8.53 —0.04 +8.42 —0.02 4+ 3.32
Residual sum of squares 3.35 1.66 0.75
Pearson’s r —0.89 —0.84 —0.84
R? (COD) 0.83 0.72 0.59
3.4. Relationship between LULC Transitions and LST
After evaluating the relationship between NDVI and LST, we further analyzed the
impacts of LULC transitions on LST (Table 5) using CFLRM. Results from Table 5 indicated
a decreasing trend for LST over the LULC classes associated with land transformation from
bare or built-up land to vegetation and cultivated land. Over site (c), a significant gain of
LST (0.17 °C) was noted in response to the transformation of VG to BU. In contrast, sub-
stantial reductions were seen in LST (—0.21 °C) after transition from built-up land/artificial
surfaces (BU) to vegetation (VG), (—0.19 °C) after transition from BU to CL (cultivated
land), and (—0.22 °C) after transition from bare land (BR) to CL.
Table 5. CFLRM-based average contribution rate of LULC class transition to LST (°C) from 2000
to 2020.
Cultivated Vesetation Water Artificial Bare Land Permanent
Land & Bodies Surfaces Snow and Ice
Cultivated land —0.01 —0.05 0.07 0.11 0.16 NA
Vegetation 0.03 —0.01 0.06 0.18 0.13 —0.1
Water bodies —-0.2 —-0.13 0.01 0.14 0.17 0.1
Peshawar
Artificial surfaces —0.18 —0.15 -0.1 0.01 0.09 NA
Bare land —0.08 —0.24 —-0.1 0.12 0.01 —-0.14
Cultivated land —0.02 —0.04 0.05 0.09 0.14 —0.01
Vegetation 0.02 —0.02 0.04 0.13 0.16 —0.03
Water bodies 0.1 0.06 0.02 0.1 0.15 -0.1
Swat
Artificial surfaces —0.12 0.16 —-0.2 0 0.1 —0.09
Bare land —0.05 —0.19 —0.02 0.14 0 —-0.17
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Table 5. Cont.

Cultivated Vegetation Water Artificial Bare Land Permanent
Land cgetatio Bodies Surfaces are La Snow and Ice

Cultivated land —0.01 —0.03 0.1 0.13 0.14 NA

Vegetation 0.02 —0.01 —0.09 0.17 0.16 NA

Water —0.02 0.06 0.1 0.13 0.14 NA

Lahore

Artificial surfaces —0.19 —0.21 —0.11 0.19 0.17 NA

Bare land —-0.22 —0.18 —0.01 0.16 0.06 NA

NA = Not applicable.

3.5. Carbon Stock Maps and Analysis between Carbon Emission and LST

Using the CFLRM, we analyzed the scenarios of land cover dynamics and LULC tran-
sitions, including the geographical locations of gain and loss, variations in LST throughout
the research period, and the contribution rates of LULC transitions to LST.

The results shown in Figure 9 indicated low carbon stock over bare land/water,
medium over built-up land, and high stock over vegetation-covered areas, which were in
line with previous studies in this domain [93-96]. Furthermore, the sensitivity analysis [29]
of the relationship between LST and CO; variation (%), shown in Figure 10, indicated that
CO; emission variation (%) was highly sensitive to LST. Results suggested that fluctuations
in LST are affecting the % of emission. Over Lahore, we noticed a growing LST and
a corresponding increase in the percent of CO; flux. In contrast, the study indicated a
decreasing LST and a definite drop in the percentage of CO, variation over Peshawar and
Swat. Studies have highlighted the fact that green fraction cover fluctuation affects the LST
and the CE, as a decrease in vegetation fraction results in a massive reduction of carbon
sink from the environment and traps CO; in the atmosphere, which also contributes to
fluctuations in the LST [97-104].
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Figure 9. Maps of carbon stock over sites (al) Peshawar 2000, (a2) Peshawar 2010, (a3) Peshawar
2020; (b1) Swat 2000, (b2) Swat 2010, (b3) Swat 2020; (c1) Lahore 2000, (c2) Lahore 2010, and
(c3) Lahore 2020.
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Figure 10. Sensitivity analysis between LST and carbon emission.

4. Discussion

This research was carried out to monitor and compare scenarios of land cover dynam-
ics from 20002020 associated with the different land-use policies of local governments and
to analyze their impacts on LST in the Punjab and KPK provinces of Pakistan. Furthermore,
carbon stock maps were prepared, and the linkage between CE and LST was explored.
Findings indicated a significant increase in artificial surfaces over KPK from 664.18 km? in
2000 to 1196.17 km? in 2010 and 1375.82 km? in 2020. A significant part of the increase in
artificial surfaces was due to the mass migration of people from Afghanistan toward the
KPK [105]. In addition, the same trends were observed over Punjab province and site “c”,
where a significant increase in artificial surfaces from 3846.3 km? in 2000 to 4065.38 km?
in 2010 and 6497.6 km? by 2020 were noted. This was mainly because of the develop-
ment of new housing communities in response to a growing urban population [50,51],
mega-development projects (including Metro Bus, Orange Train) [50,51,106], and the RUDP
(designed for up to approximately 35 million inhabitants and using an area of 40,000 ha).
Furthermore, our results indicated that the increase in artificial surfaces was mainly at the
cost of losing green fraction, which is essential for equilibrium between the land surface
and atmospheric parameters [66,107]. An increase in population required new commercial
and residential areas, as well as public utilities and transportation infrastructure, which
also caused a decrease in green vegetation [108,109].

Previous studies [53,64,110-113] also reported that transitions in LULC, especially an
increase in artificial surfaces, affect the LST and carbon emission and profoundly impact
local and regional climates. As a result of variations in surface roughness and reflectance
among the LULC categories, the amount of energy radiated and absorbed by these objects
can vary significantly [21,22]. Our study explored these conclusions by evaluating the
spatio-temporal changes in LST associated with the historical transitions of each LULC
category. We concluded that there was a significant decrease in LST by 4.3 °C from
2000-2020 over sites (a) and (b), while an increase of 5.3 °C over site (c) was observed. To
further understand the relationship of LST with vegetation cover, we utilized the linear
regression between LST and NDVI [87,92] and found a strong positive correlation. Results
indicated a significant gain in LST (0.17 °C) in response to the transformation of VG to
BU. In contrast, there was a significant decrease in LST (—0.21 °C) over the transition from
built-up land/artificial surfaces (BU) to vegetation (VG), (—0.19 °C) over the transition
from BU to CL (cultivated land), and (—0.22 °C) over the transition from bare land (BR) to
CL was noted.

The decreasing trend of LST can be seen after 2010, when the provisional government
initialized the BTTP project to minimize the effects of green fraction loss [64], and then
achieved its goals in 2017 [65]. Several pieces of research have already indicated the impor-
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tance of the vegetation fraction in this phenomenon; e.g., [86] reported that safeguarding
biodiversity and vegetation such as forests, agricultural land, and dense or sparse vegeta-
tion, is necessary to maintain the soil cover and balance in the ecosystem, hydrological cycle,
surface temperatures, and air because each land-use category has a different magnitude of
surface reflectance and roughness [114,115]. Research findings indicated that in response to
the increase in vegetation land under the BTTP, the LST of the area saw a decreasing trend.
In contrast, Lahore, in the Punjab province of Pakistan, has shown a decreasing trend for
vegetation and an increasing trend for artificial surfaces since 2000, which significantly
alter the LST and carbon emission [98,101-104].

We next examined the carbon stock and carbon emission over the research region
after determining the LULC dynamics, LST pattern, and the contribution rate of each
LULC transition on LST. Several studies [97-100] have reported that transitions in LULC,
especially the loss/gain of green fraction, impact the LST, carbon stocks, and CE [93-96].
Our results indicated low carbon stock over bare land /water, medium over built-up land,
and high stock over vegetation-covered areas. Kafy et al. [29] also reported the same
results in Bangladesh. Green portion conversion to high-rise infrastructure boosts carbon
emissions [27]. The primary driver of carbon emissions is the expansion of artificial
surfaces [116], which has been a primary concern since the industrial revolution [26].
Updated LULC information is essential for understanding environmental pressures such
as carbon emissions, biosafety, resource depletion, and climate change [9,117,118], and it
is crucial for mesoscale dynamic understanding [119-121]. For example, climate models
specify that the Paris Agreement’s purpose can be achieved by efficient and sustainable
policies relating to low carbon emissions [46,52]. Depleting carbon levels can be reduced
through artificial adjustments of land cover patterns [53,54].

5. Conclusions

The study findings confirmed that over the study period, the KPK province, along
with sites (a) Peshawar and (b) Swat, was predominantly gaining vegetation cover by
+5.35%. A 1.13% increase was noted between 2000-2010, but the ratio accelerated to +4.16%
from 2010-2020 under the BTTP project with an effective transition of bare land totalling
4375.87 km? to vegetation. On the other hand, the scenarios were alarming for the Punjab
province, along with site (c) Lahore, where there was an increase in artificial surfaces from
1.83% in 2000 to 3.10% in 2020 at the cost of vegetation and bare land loss, amounting to a
significant transition of 1074.9 km? of vegetation land and 1840.3 km? of bare ground to
artificial surfaces. Shifts in LULC can alter LST. This study reported an increase of 5.3 °C
LST over Lahore, Punjab, whereas a significant drop in LST by —4.3 °C was detected over
KPK province. Furthermore, a significant association was found between the LST and
NDVI with R? > 0.70.

The contribution rate of LULC transitions to LST suggested a considerable influence
of land cover transitions on LST, with a 0.17 °C increase seen across regions transformed
from vegetation to artificial surfaces, whereas there was an effective decrease of —0.21 °C
in LST over artificial surfaces transformed to vegetation, —0.19 °C over artificial surfaces
transformed to cultivated land, and —0.22 °C over bare land transformed to cultivated land.
The results for carbon stock indicated a low carbon stock over bare land /water, medium
over built-up land, and high stock over the vegetation-covered areas for both Punjab
and KPK provinces. The sensitivity analysis between LST and carbon emission indicated
that CO, emission variation (%) was highly sensitive to LST. The results suggested that
fluctuations in LST are affecting the % of emission.

The research indicated that the boost in vegetation cover at the cost of bare land in
response to the BTTP project produced a positive and robust environmental impact. On
the other hand, the site (c) scenarios indicated dangerous trends which not only assisted in
increasing LST but also caused a high carbon emission rate. The findings of this research
and several previous studies have already highlighted the importance of vegetation fraction
for the urban environment and the consequences of rapid urban development. Therefore,
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the government of Punjab should revisit its LULC policies, especially, in the context of
the Master Plan 2050, the plans to build a new city (RUDP) adjacent to site (c) by acquir-
ing farming land and transforming it into artificial surfaces, which would accelerate the
negative consequences for the environment and local communities. Instead of converting
farmland to artificial surfaces, authorities might follow KPK’s policies (e.g., the BTTP) to
boost the green proportion.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs15030859 /51, Table S1: Satellite imagery details; REDD+ Project;
LULC class divisions [122-126]; Table S2: Land use transitions 2000-2010 (Provinces); Table S3: Land
use transitions 2000-2020 (Sites); Table S4: LULC transition probabilities KPK and Punjab 2000-2020;
Table S5: LULC gain and loss over KPK and Punjab 2000-2020; Figure S1: (a). Lahore metropolitan
area Master Plan 2021; (b). Lahore metropolitan area Master Plan 2050.
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Abstract: As wildfires become increasingly perilous amidst Pakistan’s expanding population and
evolving environmental conditions, their global significance necessitates urgent attention and con-
certed efforts toward proactive measures and international cooperation. This research strives to
comprehensively enhance wildfire prediction and management by implementing various measures
to contribute to proactive mitigation in Pakistan. Additionally, the objective of this research was to
acquire an extensive understanding of the factors that influence fire patterns in the country. For this
purpose, we looked at the spatiotemporal patterns and causes of wildfires between 2000 and 2023
using descriptive analysis. The data analysis included a discussion on density-based clustering as
well as the distribution of the data across four seasons over a period of six years. Factors that could
indicate the probability of a fire occurrence such as weather conditions, terrain characteristics, and
fuel availability encompass details about the soil, economy, and vegetation. We used a convolutional
neural network (CNN) to extract features, and different machine learning (ML) techniques were
implemented to obtain the best model for wildfire prediction. The majority of fires in the past six
years have primarily occurred during the winter months in coastal locations. The occurrence of fires
was accurately predicted by ML models such as random forest (RF), which outperformed competing
models. Meanwhile, a CNN with 1D and 2D was used for more improvement in prediction by
ML models. The accuracy increased from an 86.48 to 91.34 accuracy score by just using a CNN 1D.
For more feature extraction, a CNN 2D was used on the same dataset, which led to state-of-the-art
prediction results. A 96.91 accuracy score was achieved by further tuning the RF model on the total
data. Data division by spatial and temporal changes was also used for the better prediction of fire,
which can further be helpful for understanding the different prospects of wildfire. This research aims
to advance wildfire prediction methodologies by leveraging ML techniques to explore the benefits
and limitations of capturing complex patterns and relationships in large datasets. Policymakers, envi-
ronmentalists, and scholars studying climate change can benefit greatly from the study’s analytical
approach, which may assist Pakistan in better managing and reducing wildfires.

Keywords: machine learning; wildfire assessment; CNN; random forest; fire occurrence

1. Introduction

The global risk of wildfire disasters has surged due to the effects of climate change.
These wildfires pose a significant threat to wildland ecosystems, affecting their formation
and stability on a global scale [1,2]. While fires have historically played a role in renewing
and reshaping landscapes, the intensification of wildfires has led to devastating conse-
quences for people, the environment, and economies [3]. Moreover, the impacts of wildfires
extend beyond plants and animals, affecting the air, soil, and water quality [4,5]. The
economic losses and threats to human lives and health are substantial [6-9].

The escalation in the frequency and severity of wildfires has been particularly no-
ticeable across several Asian countries [10-12]. Research strongly suggests that with the
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ongoing impact of climate change, wildfires are projected to become more frequent and in-
tense worldwide [13-17]. This phenomenon is also evident in Pakistan, where forest cover
is notably low, accounting for just approximately 4.5 percent of the land. Consequently,
Pakistan grapples with significant forest degradation issues [16].

During the latter half of the 20th century, there was a noticeable increase in fire
occurrences in Pakistan and other nations, surpassing historical records. This period also
witnessed a rise in large-scale wildfires and an expansion of their affected areas [2].

Understanding the factors that influence wildfire behavior such as ignition ease, rate
of spread, management challenges, and overall impact is often referred to as “wildfire
hazard” assessment [17]. Several components play a role in the occurrence and progression
of wildfires including favorable weather conditions, the presence of combustible materials,
the continuity of these materials, and potential ignition sources [18]. These factors can be
categorized into topography, weather, and fuel-related factors. Each factor’s spatial and
temporal variability contributes differently to the overall fire risk.

Among these factors, climatic conditions have gained substantial attention in the
context of wildfire changes [19,20]. The influence of topographic elements such as slope,
aspect ratio, and elevation on the burnt area and ignition density has also been extensively
studied [21]. Notably, fuel—comprising various plant species—plays a critical role in fire
initiation and propagation [22,23]. While natural causes are important, human activities
significantly contribute to fire incidents, impacting both ignition likelihood and subsequent
fire behavior [24-26].

Human factors including population dynamics, socioeconomic elements, land use
changes, and activities such as agriculture have a substantial impact on fuel availability
and thus fire variation [27-29]. However, these human-related variables exhibit complex
temporal and spatial dynamics.

Considering the availability of thermal sensors and RADAR systems, this research
utilized space-borne remote sensing to derive relevant predictor variables (e.g., temperature,
precipitation, population) from open-source satellite imagery, addressing the challenges
associated with modeling numerous environmental and socioeconomic factors. Satellite
remote sensing has emerged as a crucial tool for monitoring ecosystems and identifying
potential hazards such as wildfires.

Recent advancements in ML algorithms offer significant potential for various data
science applications [30-33]. These algorithms require high-quality training datasets to
excel. To address this issue, remote sensing data are enhanced using a CNN. Previously,
researchers utilized machine learning techniques, along with remotely sensed fire data
and GIS, to develop a wildfire susceptibility map for the Adana and Mersin provinces in
Turkey, aiming to identify and predict areas at high risk of wildfires by analyzing multiple
factors [34]. Another researcher explored the use of remote sensing data and machine
learning algorithms to predict and map wildfire occurrences over multiple time periods,
providing valuable insights into the temporal patterns of wildfires through the generation
of grid maps [35]. One further study introduced a machine-learning approach to identify
and assess dense-fire events and their atmospheric emissions on the Indochina peninsula,
utilizing data from 2010 to 2020 and providing insights into the impact of these fires on the
atmosphere [36].

This study delved into ML techniques such as decision trees (DTs), RFs, K-nearest
neighbors (KNNs), and support vector machines (SVMs) to map wildfires, with the goal
to identify the most effective approach for model training and validation. Furthermore,
to augment the features used in modeling, CNNs were employed—both 1D and 2D—to
demonstrate their capabilities in wildfire assessment [37-42].

Compared to physics-based models, ML models train on satellite data and climate
features from monitoring stations, covering different span periods. By incorporating
historical data, ML models can learn from past patterns and trends, enabling them to
make predictions based on historical patterns of wildfire occurrence and behavior. Physics-
based models may require detailed knowledge of physical processes, which may not
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be readily available or practical for all regions. ML models offer improved prediction
power by extracting patterns and relationships from complex datasets, resulting in more
accurate predictions of wildfire occurrence. Being relatively novel, ML models provide fresh
approaches to wildfire prediction, potentially uncovering new insights. Additionally, ML
models can handle imbalanced datasets, which is crucial for obtaining reliable predictions in
wildfire analysis [43]. The previous study emphasized the computational efficiency of ML
models for fire forecasting, offering significant advantages over physics-based simulations.
The integration of reduced-order modeling and ML ensures efficiency while maintaining
accurate predictions. Data assimilation and error covariance tuning improve forecasting
accuracy by incorporating real-time data. ML models accelerate fire forecasting, enabling
near real-time predictions for effective decision-making and emergency response [44]. The
application of existing models in other regions can be impracticable or very difficult due
to distinct geographic characteristics and data availability. ML models, trained using
a dataset specific to the Brazilian Federal District and enriched with various features,
offer adaptability and outperform physics-based models, achieving an accuracy of 91% in
predicting wildfire impacts, making them valuable for fire management agencies [45].

Despite the existing research, there remains a gap in thoroughly assessing fire suscep-
tibility using remote sensing data. Previous research has highlighted the application of
artificial neural networks and mapping techniques for fire risk assessment and vegetation
analysis [46-48]. This study addresses this gap by focusing on a specific region with limited
datasets. The research aims to build improved prediction models that can provide tailored
recommendations for fire management and prevention, considering geographic, temporal,
and seasonal aspects.

This research aimed to comprehensively assess wildfire prediction and management by
evaluating model durability and reliability over an extended period, exploring the impact
of seasonality on accuracy, capturing patterns linking precipitation and wildfire events,
analyzing spatial distribution, developing targeted strategies, assessing advanced machine
learning models, integrating real-time data, constructing a comprehensive management
framework, implementing preemptive measures, and improving forecasting accuracy
through data refinement. These objectives contribute to proactive wildfire mitigation in
Pakistan. This study seeks to holistically address the wildfire conundrum in Pakistan by
shedding light on its multifaceted dimensions. The overarching objective is to delve into the
temporal and spatial facets of wildfire occurrences, aiming to advance our comprehension
of their patterns and behaviors. At the heart of this pursuit is the integration of cutting-
edge machine learning techniques including a CNN 2D and RF to bolster the accuracy
of wildfire prediction models. The driving force behind this research is the aspiration to
not only contribute to the academic discourse, but also to offer practical insights that have
tangible implications for policymaking, disaster management frameworks, and sustainable
community development in the face of escalating wildfire risks.

The primary objectives of this study encompass four key aspects. First, the study aims
to undertake comprehensive data collection including historical fire data, and subsequently
preprocesses the data by rectifying errors and standardizing formats. This process will
involve the acquisition of pertinent details such as location, date, and pertinent factors
such as temperature. Second, the study intends to perform model training and evaluation.
This involves the identification of influential features, the division of data for training and
testing purposes, and the training of a model—potentially employing techniques such as
RF. Model performance evaluation will rely on metrics such as accuracy and recall. Third,
the study seeks to acquire and refine data from the FIRMS dataset, which is utilized for
fire detection. This refined dataset will be subjected to spatial analysis, allowing for a
comparison with historical fire data and an assessment of alignment. Finally, the study will
focus on identifying causal factors through an analysis of feature importance within the
model. Insights garnered from this analysis will be leveraged to propose effective strategies
aimed at fire management, prevention, and early detection. Collaboration with experts in
the field will further enhance the applicability and efficacy of these recommendations.

200



Remote Sens. 2023, 15, 5099

The structure of the study comprises various sections: Section 2 gives an overview of
the research area and past fire incidents; Section 3 details the techniques used and presents
results; Section 4 covers data preparation, a CNN design, accuracy assessment, and key
findings; Section 5 discusses the statistics and findings. Finally, Section 6 concludes the
study with a brief summary.

2. Study Area

The research region is Pakistan, and the study period was from November 2000 to
December 2020. Pakistan is situated in the Arabian Sea in South Asia. A total of 875,175 km?2
of surface area in Pakistan is made up of 25,683 km? of wildland, and 33.3% is agriculture.
There are 292,882 km? of grassland and shrub land overall. The percentage of wilderness
in Pakistan is 36.4%. There were 175,000 fires reported in Pakistan, of which 22,311 were
wildfires. According to land cover categorization, Figure 1 represents the wilderness
area of Pakistan, which is categorized as wildness. The area of interest is shown on the
map, along with historical fire occurrences that occurred between 2001 and 2020. One of
the most vulnerable regions of Pakistan is its eastern region. The least rainy and most
prone to desertification weather, dry weather, is featured. The maximum elevation reaches
28,251 m, whereas the minimum altitude is at sea level, which is 0 m [49]. The northern
region of the country is characterized by mountainous terrain, while the southern areas
gradually transition into flatter landscapes. Notably, the northeast region exhibits the
highest population density in the nation. The population is very evenly dispersed over
the nation, with population clusters also being visible close to the largest cities. Southwest
Pakistan is the least inhabited part of the country [50].
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Figure 1. Map depicting the wildfire study area in Pakistan from November 2000 to October 2023.

Pakistan experiences four distinct seasons throughout the year. From December to
February, the country experiences a cool and dry winter. The months of March to May mark
the arrival of a hot and dry spring season. Then, from June to August, Pakistan experiences
a wet monsoon season characterized by rainfall. Finally, the monsoon season gradually
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subsides from September to November, known as the waning monsoon season. Previous
wildfire studies were not undertaken on a national scale due to the absence of a continuous
dataset that spanned the entire country. Due to the excellent remotely sensed datasets, the
best model for fire prediction may be studied using a publicly available worldwide dataset
collected from remotely sensed data.

After defining the essential terms, we conducted an exploratory investigation into
Pakistani wildfires. Our research approach involved using diverse remotely sensed datasets
that are publicly accessible. Furthermore, we integrated datasets from other industries that
also relied on satellite images as essential features (dependent variables) and influential
factors (independent variables). The primary objective of this study was to gain a deeper
understanding of Pakistani wildfires. By analyzing information from previous fire incidents,
along with utilizing remote sensing data and incorporating datasets from various sources,
we aimed to identify underlying patterns and factors contributing to wildfire occurrences in
the region. This comprehensive methodology allowed us to explore potential relationships
among different variables and contribute to the development of effective strategies for
wildfire management and prevention.

To determine the total number of fires, data from the Fire Information for Resource
Management System (FIRMS) were utilized. FIRMS provides data that are almost real-time
and available approximately three hours after satellite observation. These data are trans-
ferred via FIRMS to the Terra and Aqua Earth Observing System (EOS) as part of NASA’s
Land, Atmosphere, Near Real-Time Capability (LANCE) for EOS. The data originate
from the Visible Infrared Imaging Radiometer Suite (VIIRS) and the Moderate Resolution
Imaging Spectroradiometer (MODIS). The wildfires currently occurring are highlighted
in Figure 1, which displays pixels covering a square kilometer of the landscape. Within
each 1 sq. km pixel, the publicly accessible dataset includes records for temperature, fire
confidence, and fire type. From November 2000 to October 2023, users can obtain FIRMS
data with a one-day temporal resolution and a one-kilometer square geographic precision.

In this study, we applied filtering criteria to remotely sensed fire data. Specifically,
we categorized the fire data based on two criteria: confidence level and fire type. For
the confidence level, we set a threshold of 60 percent confidence. This means that only
fire observations with a confidence level of 60 percent or higher were chosen for further
analysis. This filtering step helped ensure that we focused on more reliable fire detections
and reduced the inclusion of potential false positives. Regarding fire type, we utilized the
MODIS landcover vegetation data to filter the fire observations. We selected only those
fire pixels that corresponded to vegetation-covered areas, as indicated by the land cover
data. This helped us narrow down the analysis to fires occurring within vegetated regions
and excluded non-vegetated areas or other land cover types. By applying these filtering
criteria, we aimed to improve the quality and accuracy of the remotely sensed fire data
used in our study.

Figure 2 illustrates the overall count of pixels indicating active wildfires in Pakistan
during specific seasons from 2000 to 2023. In terms of fire activity, the data suggest that the
year 2020 did not stand out significantly compared to the previous two decades. The most
severe years in terms of fire activity were 2008, 2016, and 2017. Notably, the number of active
fires in 2016 surpassed the combined count of 2015 and 2019. To identify irregularities across
seasons, it is necessary to have a comprehensive understanding of fire activity throughout
the year. The number of active fires in 2008 was significantly higher than that in earlier
years. Satellite-based fire data, however, revealed that until 2023, every year, in December
and February of each year for the previous 24 years, MODIS recorded 10,357 active wildfire
indications throughout Pakistan.
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Figure 2. The distribution of the MODIS annual wildfire season is as follows: Seasons 1 and 2 cover
December to February and March to May, respectively. Season 3 spans from June to August, and
Season 4 covers the period from September to November.

Figure 2 presents the seasonal distribution of active fire sites between January 2001
and October 2023. It can be observed that the majority of fires tended to occur during
the winter season, spanning from December to February. The seasons are categorized as
follows: Seasons 1 and 2 encompass December to February and March to May, respectively;
Season 3 encompasses June to August; Season 4 encompasses September to November.

A diverse range of studies utilizing machine learning techniques in the context of
wildfire management and prediction [51] focused on the comprehensive application of deep
learning methodologies using satellite remote sensing data for detecting, mapping, and
predicting wildland fires. The authors in [52] explored the creation of wildfire susceptibility
maps through the integration of interferometric synthetic aperture radar (InNSAR) coherence,
deep learning, and metaheuristic optimization techniques. The study by [53] contributed
to the field by presenting a novel approach to forest fire prediction that leveraged long-
and short-term time-series networks [54] and concentrated on active fire mapping in the
Brazilian Pantanal region by employing deep learning and China-Brazil Earth Resources
Satellite-4A (CBERS-4A) satellite imagery. These studies collectively showcase the increas-
ing significance of machine learning approaches in advancing our understanding of wildfire
behavior, enhancing prediction accuracy, and enabling effective fire management strategies
using remote sensing data.

3. Methodology

In this section, we discuss how we went about achieving our main goals. The first
stage was to find the optimum fire susceptibility model, and the second was to use a CNN
to improve the characteristics of the features. The structure was divided into three sections:
(a) data preparation and preprocessing; (b) a CNN; (c) model assessment (Figure 3). On a
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dataset with varied perspectives, the entire procedure was run four times. For the complete
dataset, the data were split by year (six-year gap), the data were sorted regionally based on
density, and the data were separated by season. To construct the training dataset, the three
main driving factors of topography, weather, and fuel were considered. This information
is gathered from various sources such as soil, socioeconomics, vegetation, and past fire
incidents. The historical fire occurrences were divided into separate subgroups for training
and testing purposes. Machine learning models were then trained using the training
dataset, and the performance of the model was evaluated using the test dataset. The most
effective ML model was employed to predict wildfire susceptibility.

‘ Seasonal |Spatial| Temporal |

Feature Extraction

Processing | sVC |
-  —r—+|| Training Dataset | | - |
= KNN |
| Testing Dataset | | oL |
Prediction

Figure 3. Workflow diagram for wildfire mapping and prediction using the CNN and ML models.

3.1. Feature Extraction Layer

The feature extraction layer in the workflow diagram for wildfire mapping and predic-
tion patterns was extracted from the input data. In the context of this particular workflow,
the feature extraction layer was responsible for identifying and extracting meaningful fea-
tures from the wildfire data such as satellite imagery or other relevant sources. This layer
played a crucial role in capturing the distinctive characteristics and patterns associated with
wildfire events. Typically, techniques such as CNN or other machine learning algorithms
are employed in this layer to automatically learn and extract these features from the input
data. The extracted features are then used as inputs to subsequent layers or models for
the further analysis, prediction, or mapping of wildfires. The goal of the feature extraction
layer is to transform the raw input data into a more compact and representative feature
representation that can be effectively utilized by the subsequent stages of the workflow
such as classification or prediction models. By properly extracting and selecting relevant
features, the feature extraction layer helped to improve the accuracy and effectiveness of
the overall wildfire mapping and prediction process.

3.2. Data Extraction and Preprocessing

The passage describes the training dataset used for a specific analysis. The training
dataset consists of two types of variables: independent variables (also known as predictors)
and dependent variables (also known as response variables). Independent variables were
the factors that were used to predict or explain the outcome, while dependent variables
were the outcomes or responses that we were interested in understanding or predicting.
The entire dataset was quite large and contained a substantial amount of data. It spans a
24-year period and covers information at the country level. Handling such a vast dataset
manually would be impractical and time-consuming, so the creation of training datasets
was automated. Automation allowed for a more efficient and streamlined process of
preparing the necessary data to train the models. By providing the chosen models with
more training data samples, their performance improved. This means that having a larger
and more diverse set of data to train the models resulted in more accurate and robust
predictions or classifications. The models were able to learn from a more extensive range
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of examples, leading to better generalization and higher accuracy in their predictions or
classifications when applied to new, unseen data.

Fire and no-fire detail: The dependent variable was a binary variable that contrasted
with areas where fire incidence occurred and those where it did not. Hence, mapping fire
susceptibility can be viewed as a binary classification task in machine learning, with two
distinct classes: fire and no-fire. This research served as the foundation for the development
of an automated method for identifying where fires and no-fire incidents occurred.

To perform additional research on the driving mechanisms, no-fire instances must
also be gathered. Pakistan’s wildland land cover collection created a historical database of
no-fire occurrences. Random locations in a wilderness area were selected and separated by
a distance of one kilometer. To be classified as a no-fire occurrence, sites had to fall outside
the firing zones within the 1 km buffer zone. From November 2000 to October 2023, six
points were assigned to each day as no-fire points, corresponding to the same time period
as the fire data. Additionally, latitude and longitude values were assigned to each month,
resulting in a total of 184 points. Both fire and no-fire data had the same spatial resolution.
Pakistan’s dataset consisted of 22,311 fire points and an equal number of no-fire points.

Contributing factors: Choosing the independent variables, also referred to as pre-
dictors or conditioning factors, is a crucial step in predictive modeling. Based on field
observations from several research projects as well as open-source and international satel-
lite data, 34 driving elements were selected for this investigation [55-57]. While there are
no strict guidelines regarding the inclusion of variables in a model, geomorphological,
climatic, and human-related factors are commonly considered conditional components in
many studies [58].

Wildfires are mostly caused by three factors: topography, weather, and fuel. The two
primary applied wildfire conditioning variables related to fuel conditions are vegetation
type and socioeconomic issues. A summary of each dataset used in this study can be found
in Table 1. Information from a publicly available database of remotely sensed data, some
of which had records with different classifications, was used to build the independent
variables. Numerous socioeconomic traits were constructed using remote sensing data.
Table 1 includes links to the data sources and data catalogs in the Source of Data column.
The imported data in this study were in the form of raster data.

The weather is one of the primary factors generating wildfires, according to numerous
studies. The fire weather index (FWI) is a dataset provided by NASA that encompasses
various weather information such as temperature, humidity, and transpiration [59]. It is
employed widely outside of Canada [60-63]. Instead of merely using a few parameters
for data models, in our study, we utilized the Terra Climate dataset [64] and the Global
Land Data Assimilation System (GLDAS) [65], which offer a higher spatial resolution, as
indicated in Table 1. We incorporated several climatic variables, both derived and primary,
into our analysis. It is worth noting that Pakistan has not been extensively explored in terms
of the FWI, and the global FWI only encompasses a limited number of factors. Given their
superior spatial resolution, we opted for the GLDAS and Terra Climate datasets among the
suggested datasets for FWI analysis.

To generate the training dataset, we established fire and no-fire training points along
with corresponding conditional factors [66-75]. Subsequently, 34 independent variables
were collected and resampled to match the spatial resolution. Information extraction
techniques were employed to incorporate predictor values into the dataset. Training
samples were then created for each latitude and longitude, resulting in a comprehensive
dataset containing fire and non-fire sites, with associated driving variable data stored for
each geographic location.
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Table 1. Various datasets represent different variables, all obtained from reliable sources. These
datasets have a spatial resolution of 1 km grid cells and cover the time period from November 2020
to October 2023.

Parameter . Spatial . Spatial
S. No. [Source] Unit Resolution S. No. Parameter [Source] Unit Resolution
1 Elevation [66] Meters 18 A\;erage SL;rfaCF:Slim k
cmperature 28 km x 28 km
2 Slope [66] 19 Soil moisture [68] kg/m?
90 m Actual
3 Aspect [66] Degree 20 evapotranspiration mm
[67]
4 Hill shadow [66] 21 Water deficit [67] mm
Downward surface
5 Population [76] pers:on/ km 1 km 22 shortwave radiation W/m?
(grid cell) [67]
4.5 km
Human 2 Precipitation
6 modification [68] Km 23 accumulation [67] mm
Minimum
7 Travel speed [69] minutes/ 24 temperature [60] o
8 Travel speed walk meter 25 Maximum
[69] temperature [60]
9 Settlement [73] classes 100 m 26 Vapor pressure [60] kPa
10 Urban cover [67] Y% 12m 27 Tree cover [73] Y% 100 m
11 Precipitation [71] kg/ m2/s 28 NDVI [74] nm
12 Transpiration [71] W/m?2 29 FPAR [75] 500 m
13 Wind speed [71] m/s 30 LAI [75] m?2
14 Soil ter[r;’fla]erature k 235( kmmx 31 Land cover [73] classes 100 m
15 Humidity [71] kg/kg 32 Soil bulk density [70] kg/ m>
2 .

16 Heat flux [71] W/m 33 Soil taxonomy [72] classes 250 m
17 Albedo [71] Y% 34 Soil texture [71]

3.3. Convolutional Neural Network

Following the creation of the training set, the classification accuracy was evaluated.
The supervised classifications frequently make use of the input training samples. It is es-
sential to carry out multicollinearity in the creation of the training set, and the classification
accuracy was evaluated, so it is essential to carry out a multicollinearity analysis before
beginning fire modeling. In Figure 4 a multicollinearity analysis was conducted to check
for any connected components. The link between the predicted wildland fire factors was
then investigated using a multicollinearity analysis. The choice of features is extremely
important in the prediction of fire susceptibility.

Multicollinearity analysis was conducted to assess the relationship between the cli-
mate, environment, socioeconomic, topography, and vegetation factors. The analysis aimed
to determine whether there were high correlations or dependencies among these factors,
which could impact the reliability and interpretability of the model. The results of the mul-
ticollinearity analysis provide insights into the extent to which these factors are correlated,
helping to identify potential redundancies or overlapping information.
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Figure 4. A thorough multicollinearity analysis examines the relationships between the climate,
environment, socioeconomic, topography, and vegetation factors. This assessment aims to uncover
high correlations that may affect the model reliability and interpretability.

Prior to implementing machine learning techniques, a comprehensive analysis of
multicollinearity was conducted on the variables. The results indicated a strong correlation
exceeding 0.8 among certain variables. Variables with correlation coefficients surpassing
0.8 or 0.9 were considered for removal. Consequently, these variables were excluded
from the machine learning process based on the criterion of high correlation coefficients.
This approach was adopted due to the understanding that strong correlations between
variables imply the capture of similar information, thereby complicating the ability to
discern their individual effects on the dependent variable. By prioritizing variables with
lower correlations, the aim was to enhance the reliability and applicability of the models.

Feature Selection: Multicollinearity helped identify redundant features. In the multi-
collinearity analysis, we found that some of the variables were highly correlated, and they
likely captured similar information. In such cases, in our feature importance analysis, we
selected only one of these variables as it can be sufficient, reducing the dimensionality of
the dataset and improving model performance.

Feature importance analysis: By assessing the importance of features, we gain insights
into which variables have the most influence on the model’s predictions. This analysis
helps prioritize and focus on the most influential factors when interpreting and making
decisions based on the model’s outputs. In Figure 5 the results of the feature importance
analysis provide a ranking or score for each feature, indicating their relative importance
in predicting the target variable. This information can guide further analysis, model
refinement, or decision-making processes.
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Figure 5. Feature importance analysis. Understanding the impact: unveiling the importance of features
in our model aids in prioritizing influential variables for interpretation and decision-making. Each
feature is assigned scores or rankings, providing guidance for further analysis and model refinement.

The model utilizes a CNN with a depth of 20 layers. The architecture of the CNN,
consisting of 20 layers, is depicted in Figure 6. CNN has emerged as a fundamental concept
in the field of deep learning. Its ability to leverage vast amounts of data in the era of big
datasets is different from traditional methods, yielding promising results. Consequently,
numerous applications have been developed. Furthermore, a CNN can be applied to
process both 1D data and 2D images.

Cin—1
out(N, Coyt) = bias(Cout) + Z weight(Cout, k) * input(N, k) 1)
k=0

In the 1D case, the output value of the layer with input size (N, Cj;,, L;;) and output
(N, Cout, Lout) can be precisely described, where N is the batch size, C denotes the number
of channels, and L is the length of the sequence (34 in our case). In the 2D case, the output
value of the layer with input size (N, Cj,,, Hiyy, Wiy, ) and output (N, Cout, Hout, Wout) can be
precisely described, where N is the batch size, C denotes the number of channels, H is the
height of the input planes in pixels, and W is the width in pixels.

The maps of wildland fire susceptibility were created using various classification meth-
ods including DT, SVM, RF, and KNN. Among these methods, RF employs an ensemble
learning technique by combining the results of multiple classification trees. It achieves this
by utilizing bootstrapping techniques and selecting subsets of observations to construct
random binary trees. This approach involves taking random samples from the original
training dataset. Using an RF offers several advantages over a single-participant method.
It yields more accurate results due to the diversification and randomness introduced by the
subset selection process, leading to enhanced generalization and robustness in the model.

The SVM is a popular and extensively employed classification method known for its
non-parametric kernel-based approach. They are the most efficient at handling difficult,
robust linear and non-linear classification and regression tasks.
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Figure 6. A 20-layer CNN architecture was used for this study with a fully connected layer of size
512 at the end, which will be fed to classifiers.

The KNN approach is a non-parametric model that is commonly used for classification
and regression tasks. It adopts a lazy learning strategy, which means that it does not make
any assumptions about the data. This makes the KNN model particularly valuable for
predicting air pollution when there is a lack of general predictors. The KNN technique
begins by randomly selecting a certain number of class centers (k) and then classifies the
training data based on their proximity to these centers. The class centers are then iteratively
adjusted to the middle of the training data, and the data are reclassified accordingly.

DTs are considered universal function approximators and belong to the category of
supervised learning algorithms. However, achieving such universality in its basic form can
be challenging. DTs are versatile and can be applied to both classification and regression
problems. A DT is composed of a set of if-then-else rules organized as branches connected
by decision nodes that ultimately lead to leaf nodes. The decision nodes represent the
points at which the tree splits into different branches, indicating the specific decisions made
by the algorithm. On the other hand, the leaf nodes represent the output of the model.

3.4. Validation and Evaluation Matrix

Once ML models have been trained to predict the origin of a fire, it becomes essential
to evaluate their performance. To accomplish this, an accuracy evaluation was carried
out. To validate the model, the sample dataset containing fire and non-fire zones was
divided into training and testing datasets. The points were allocated in an 80:20 ratio, with
80% assigned for training and the remaining 20% for testing purposes.

Accuracy assessment: The performance of the ML model was evaluated using a widely
recognized accuracy evaluation technique. This involved assessing characteristics such as
overall accuracy, area under the curve score (AUC score), and precision score.

To conduct the accuracy evaluation, independent testing datasets were created by di-
viding the sample dataset at an 80:20 ratio, with 80% allocated for training and 20% reserved
for testing.

The accuracy of a binary classification test is determined by its ability to correctly
determine the presence or absence of a condition. It is measured as the percentage of
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accurate predictions, which includes both true positives (TP) and true negatives (TN), out
of all the instances considered.

TP+TN
TP+ FP+FN+TN

Accuracy = 2)

The F1 score combines precision and recall, focusing on the model’s performance in
binary classification tasks. It is particularly useful when there is class imbalance or varying
impacts of false positives (FP) and false negatives (FN).

The F1 score combines two important metrics: precision and recall. Precision measures
the accuracy of the model’s positive predictions, while recall quantifies the model’s ability to
correctly identify positive instances. While TN are important for evaluating a classification
model’s overall performance, they do not directly factor into the F1 score calculation, which
specifically focuses on the positive class.

Precision is a crucial metric in binary classification, emphasizing the quality of positive
predictions made by the model. It is calculated by dividing the number of TN predictions
by the sum of TP and FP predictions. Precision ensures that when the model claims
something is positive, it is highly likely to be correct, minimizing FP. High precision
indicates reliable and accurate positive predictions. Precision is often used alongside
recall, which measures the model’s ability to capture all positive instances. Precision
quantifies the trustworthiness of the model’s positive predictions. In summary, precision
helps us understand the proportion of the true positive predictions among all instances
predicted as positive by the model. It is an important metric, especially when FP has

significant consequences.

TP
Precision — ————
recision = 0 (3)

4. Results

In this section, the conclusions of the study are presented based on the methodology
utilized. The first part reports the results of the fire occurrence sites obtained from the
FIRMS dataset. The second half of this section reviews the findings of various machine
learning methods. It is worth noting that the majority of the predictive variables used in
this study were sourced from open-source platforms.

This study employed supervised ML methods (RF, DT, SVM, and KNN) with an
80-20 split for training and testing, respectively. The accuracy summary in Table 2 and
Figure 7 shows that RF had the highest accuracy (96.56%), DT had the lowest (85.12%), and
SVM and KNN both had 87.2%. Notably, all methods showed higher accuracy in predicting
the absence of fire than in predicting its occurrence.

The evaluation script using RF algorithms is commonly used to determine the optimal
number of maximum trees and max-depth for the RF model. These statistics directly
influence the accuracy of the model, making this step crucial. Additionally, the script
can provide insights into the number of leaf nodes needed for classifying two classes.
Hyperparameter tuning involves selecting the best combination of hyperparameters to
maximize model performance. Finding the perfect set of hyperparameters is essential
for achieving optimal model performance. Manual tuning of hyperparameters involves
manually setting and testing various combinations. However, this method can be time-
consuming and impractical when there are numerous hyperparameters to test.

For a CNN 1D and a CNN 2D, the output of the completely connected layer is 512,
which is fed directly into the RF. In the case of a CNN, the RF accuracy also significantly
increased when the variable rose to 512. When the variable increased from 34 to 512, the RF
accuracy rose from 86.48 to 91.34. A total of 512 variables were sent to the RF while using
the picture data for a CNN 2D to maintain quick processing and achieve a 96.56 accuracy.
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Table 2. An overview of the ML algorithm results for accuracy assessment including the RF, SVC, DT,
and KNN models compared with the Conv1D, Conv2D, and no Conv approaches.

Classifier Feature Accuracy Score AUC Score Precision Score F1-Score

No-Conv 86.48 86.55 85.11 86.83

RF Conv1D 91.34 90.90 90.04 91.71
Conv2D 96.56 95.90 95.24 96.95

No-Conv 77.88 77.22 74.95 78.19

SVC Conv1D 82.19 82.58 80.02 82.52
Conv2D 87.14 86.99 84.19 87.49

No-Conv 76.41 76.40 7091 76.72

DT Conv1D 81.76 81.36 77.53 82.09
Conv2D 85.13 82.37 80.03 85.47

No-Conv 77.18 77.10 71.99 77.49

KNN Conv1D 83.24 83.19 80.07 83.57
Conv2D 87.19 88.24 82.27 87.54
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Figure 7. The ROC curves of RF, SVC, and DT.

The RF model’s accuracy improved as the number of leaf nodes increased, reaching its
peak at 110 leaf nodes and a maximum depth of 50. Beyond the 50 max-depth, the accuracy
remained relatively stable. Based on these findings, it can be concluded that 110 leaf nodes
were the optimal number of trees for the RF model in this experiment. The RF model with
110 trees and a maximum depth of 50 achieved an impressive accuracy of 96.91 percent, as
demonstrated in Table 3.
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Table 3. Hyperparameter (leaf node 110 and max-depth 50) tuning of the RF model and scores on the
testing dataset.

Classifier Feature Accuracy Score  AUC Score Precision Score F1-Score
No-Conv 86.73 86.53 85.29 87.13
RF Conv1D 91.56 91.04 90.35 91.92
Conv2D 96.91 95.94 95.54 97.29

It is essential to assess the performance of the RF model compared to other models
under different temporal, geographical, and seasonal conditions to ensure its reliability.
Extensive research has shown that the RF model consistently produces diverse results
based on the specific location. Additionally, it is crucial to consider the temporal validity of
the models. To enhance the model’s applicability in real-time scenarios, the entire dataset
was categorized into different subsets and subcategories. This approach aims to improve
the model’s adaptability in dynamic environments.

Temporal relatability of the model: One common issue in data-driven problems is the
selection of the optimal time period for model training. The stochasticity or heterogeneity
of the data presents a challenge, as using long-term data in model construction may result
in a smoothing effect on behavior tendencies when applied to current data. Conversely,
relying on short-term data could introduce higher levels of uncertainty. It is important to
evaluate the durability of the model over an extended period to assess its reliability.

In Table 4 the dataset was divided into four groups with a six-year interval between
them. The time periods from 2000 to 2005, 2006 to 2011, 2012 to 2017, and 2018 to 2023 were
designated Y1, Y2, Y3, and Y4, respectively. It is important to note that there were fewer
samples available in Y1 due to the data accessibility limitations for the year 2000. Across all
time periods, the CNN 2D feature extraction technique consistently outperformed other
feature techniques in terms of accuracy. Specifically, the highest accuracy score of 96.21 was
achieved in Y1 using a CNN 2D feature extraction, while the lowest accuracy score of 86.01
was observed in Y1 with regular tabular data.

Table 4. The temporal relatabilities of the RF models from 2000 to 2005, 2006 to 2011, 2012 to 2017,
and 2018 to 2023 were designated Y1, Y2, Y3, and Y4, respectively.

Division Feature Accuracy Score AUC Score Precision Score ~ F1-Score
No-Conv 86.01 83.47 83.87 86.35
Y1 Conv1D 90.87 88.33 88.73 91.23
Conv2D 96.21 93.67 94.07 96.59
No-Conv 83.52 83.35 83.20 83.85
Y2 Conv1D 88.38 88.03 88.06 88.73
Conv2D 93.72 93.55 93.40 94.09
No-Conv 84.23 84.10 85.74 84.56
Y3 Conv1D 89.09 89.77 90.60 89.44
Conv2D 94.43 95.02 95.94 94.80
No-Conv 83.67 83.59 82.44 84.00
Y4 Conv1D 88.53 88.45 87.30 88.88
Conv2D 93.87 93.79 92.64 94.24

Seasonal relatability of the model: Pakistan experiences four distinct seasons: S1 (mild,
dry winter) from December to February, S2 (hot, dry spring), S3 (summer rainy season
or southwest monsoon period), and S4 (receding monsoon period) from September to
November. To analyze the data, it was divided into these seasonal categories (Table 5).
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Notably, the CNN 2D approach consistently outperformed other feature techniques in each
seasonal distribution. S3 with a CNN 2D feature extraction had the highest accuracy score
of 98.71, whereas S3 with conventional tabular data had the highest accuracy score of 90.51.

Table 5. Seasonal relatability of the RF model.

Accuracy Precision

Division Feature Score AUC Score Score F1-Score
No-Conv 82.75 80.63 82.86 83.16
S1 Conv1D 87.61 85.49 87.72 88.04
Conv2D 92.95 90.83 93.06 93.41
No-Conv 83.89 83.20 83.53 84.30
32 Conv1D 88.75 88.06 88.39 89.19
Conv2D 94.09 93.40 93.73 94.56
No-Conv 90.51 87.43 89.28 90.96
S3 Conv1D 95.37 92.02 94.14 95.84
Conv2D 98.71 97.63 99.48 99.20
No-Conv 87.30 80.12 86.71 87.73
S4 Conv1D 92.16 84.98 91.57 92.62
Conv2D 97.50 90.32 96.91 97.98

Recognizing the relationship between wildfires and precipitation during the summer
rainy season is of utmost importance as it highlights the considerable influence that precip-
itation can exert on wildfire behavior and frequency. Rainfall plays a vital role in increasing
the fuel moisture content, making it less susceptible to ignition and reducing the potential
for fire spread. Moreover, higher humidity levels associated with rainy seasons can also
influence the flammability of vegetation, further contributing to wildfire prevention. In
our study, we found that the use of machine learning models including No-Conv, Conv1D,
and Conv2D significantly contributed to the prediction of wildfires during the summer
rainy season in Pakistan. Through extensive data collection on factors such as weather
patterns, historical wildfire incidents, and fuel moisture content, we were able to train
and evaluate our model accurately. Our findings support the notion that there is a strong
relationship between wildfires and precipitation. Specifically, during the summer rainy
season in Pakistan, increased rainfall leads to a higher moisture content in vegetation and
fuels. This increased moisture makes them less susceptible to ignition and reduces the
potential for fire occurrence and spread. Based on our analysis, we observed a significant
reduction in wildfires during the summer rainy season, which was reflected in the high
accuracy score of our prediction model. This aligns with our understanding of the connec-
tion between wildfires and precipitation, as rainfall plays a vital role in mitigating the risk
of fire incidents.

Spatial assessment of the model: Although the data-driven approach in this study
focused solely on a national perspective, the significance of distinctive attributes across
various clusters within Pakistan is vividly illustrated in Figure 8. The data’s relative
characteristics separated in a pronounced manner, highlighting spatial variations. To delve
into the impact of these variations on fire occurrences, the study opted for a selection
of four distinct density-based clusters. For this investigation, the K-means clustering
technique was employed, recognized for its simplicity and effectiveness. The primary
objective of K-means clustering is to minimize the collective distance between each entity
and its respective centroid, disregarding any predefined grouping. This process aims to
identify the best arrangement of n entities into k clusters, assigning each object to the
cluster with the nearest average, resulting in a partitioned data space known as Voronoi
cells. Specifically, this study employed K-means spatial location clustering to segment the
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dataset into four clusters based on density. These clusters are denoted as C1, C2, C3, and
C4, with corresponding colors of brown and pink for C1 and C2 and purple and green for
C3 and C4, respectively.

Ly
hJ

Latitude

B 8

Longitude

Figure 8. Cluster distribution of data from the north to the south of Pakistan (study region). C1 is
represented by the color brown, C2 by pink, C3 by purple, and C4 by green.

The implementation of K-means clustering allowed for the categorization of spatially
related data points into meaningful groupings, each representing a unique cluster. The
selection of four clusters was based on the characteristics and distribution of the data. The
distinctive attributes and patterns within each cluster provide insights into the spatial
variations in fire occurrences. This approach enables a deeper exploration of the spatial
dynamics of fires across different regions of Pakistan. By partitioning the data into these
clusters, it becomes possible to identify areas with similar fire occurrence trends and
understand the factors contributing to these patterns.

The resulting clusters, designated C1, C2, C3, and C4, offer a more refined under-
standing of the spatial distribution of fire incidents within Pakistan. The colors assigned
to each cluster—brown and pink for C1 and C2 and purple and green for C3 and C4,
respectively—further aid in visually distinguishing the distinct groupings. Through this
K-means spatial clustering approach, the study gains valuable insights into how fire
occurrences vary across the landscape. This information can be particularly useful for
policymakers, land managers, and other stakeholders involved in fire management and
prevention strategies. By considering the spatial patterns revealed by the clusters, more
targeted and effective approaches to managing fire risks can be developed.

It was observed that in all cluster distributions, a CNN 2D outperformed other feature
techniques. In Table 6 the highest accuracy score of 97.66 was observed in C4 with a
CNN 2D feature extraction, and an 87.45 accuracy score was observed in C4 with normal
tabular data.
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Table 6. Spatial relatability of the RF model.

Division Feature Accuracy Score AUC Score Precision Score =~ F1-Score
No-Conv 86.10 83.61 83.87 86.61
C1 Conv1D 90.96 88.47 88.73 91.50
Conv2D 96.30 93.81 94.07 96.87
No-Conv 82.71 81.75 82.85 83.20
2 Conv1D 87.57 86.61 87.71 88.09
Conv2D 92.91 91.95 93.05 93.46
No-Conv 86.71 85.13 87.06 87.23
c3 Conv1D 91.57 89.99 91.92 92.11
Conv2D 96.91 95.33 97.26 97.49
No-Conv 87.46 87.09 82.90 87.98
C4 Conv1D 92.32 91.95 87.76 92.87
Conv2D 97.66 97.29 93.10 98.24

To retain all of the available data, the researchers utilized one-month average values of
daily datasets, considering that some figures were missing for specific dates. Consequently,
they chose a minimum timeframe of one month for all driving-related components in
their analysis.

The second objective of the study was to evaluate and compare various machine
learning models to identify the most effective model for predicting fire occurrences. The
test dataset was used to assess the performance of four different ML techniques, with the
RF model demonstrating the most favorable outcomes. The RF model is characterized
by multiple independently trained decision trees, and its classification decision is based
on selecting the class with the highest number of votes from the individual trees. This
ensemble approach contributes to the RF model’s high precision. The researchers fine-tuned
the RF model by adjusting parameters such as the maximum depth and the number of
trees, which further improved its accuracy. The optimal configuration that yielded the best
results consisted of 110 trees and a maximum depth of 50. Additionally, the study analyzed
the importance of each variable to understand its contribution to the classifier’s accuracy.
Eliminating any of these variables led to a decrease in the classifier’s accuracy rate.

Furthermore, researchers have explored the integration of a CNN model with RF
to achieve even better prediction accuracy than other state-of-the art models [77]. In the
case of a CNN 1D and a CNN 2D, the output of the completely connected layer was set
to 512, which was directly fed into the RE. By increasing this variable from 34 to 512, the
RF accuracy improved significantly, rising from 86.48% to 91.34%. This combination of
a CNN and RF led to an overall accuracy of 96.56%, making it a successful approach for
wildfire prediction.

Comparing the performance of the CNN alone with the ensemble approach, we
observed a notable increase in precision and F1-score by incorporating traditional classifiers.
This suggests that the ensemble approach better captures the intricate patterns in the
wildfire data, resulting in more accurate predictions. In conclusion, while using a CNN
directly for classification is a robust approach, the combination of a CNN with traditional
classifiers offers a performance boost in terms of the key evaluation metrics. The ensemble
approach’s improved precision, F1-score, and accuracy highlight the benefits of synergizing
deep learning and classical machine learning techniques in wildfire prediction.

The study proposes several succinct recommendations: first, the formulation of cus-
tomized fire management plans for different sub-areas based on density clusters, utilizing
appropriate datasets for training; second, the adoption of a seasonal approach to wildfire
mitigation, incorporating insights into fire behavior across seasons for effective strategies;
third, considering population and critical facility relocation from fire-prone regions to
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mitigate financial and public health risks; fourth, the enhancement of existing wildfire
control decision support systems in Pakistan through the integration of the study’s data,
model insights, and platform development; finally, the utilization of freely available global
databases to assess catastrophic risks and augment wildfire management approaches in
emerging nations, fostering cross-border knowledge exchange for improved prevention
and control efforts.

5. Discussion

The primary aim of this study was to improve the process of extracting data related to
fire incidents. The aim of this study was to improve the process of extracting data related to
fire incidents and no-fire conditions from historical inventories. These data were intended
to be used in machine learning models for predicting wildfires and analyzing the factors
that contribute to their occurrence. Here, we referenced previous novel studies that utilized
both remotely sensed fire data and tree-based machine learning algorithms [78,79]. Our
research goes beyond previous studies by incorporating a CNN, which is an advanced
deep learning technique, to map and predict wildfires. Previous research often focused
on identifying fire incidence sites using a 1 km-resolution dataset from FIRMS, but it
neglected the inclusion of no-fire points. Additionally, previous research conducted on the
wildland—urban interface (WUI) has revealed that wildfires have been observed to extend
beyond the 1 km buffer zone surrounding the initial ignition points. This occurrence is
attributed to the dispersion of firebrands over longer distances, leading to the ignition
of spot fires. In our study, the classification of no-fire occurrence zones was based on a
systematic approach. We defined a no-fire occurrence zone as areas that fell outside the
firing zones within a 1 km buffer zone. The purpose of this classification was to differentiate
between areas with documented fire incidents and areas that did not experience fires during
the specified time period. The selection of the 1 km buffer zone as the basis for classifying
no-fire occurrences was determined by several factors. First, it allowed us to establish a
clear spatial boundary for analysis and comparison with fire occurrence zones. By defining
a buffer zone around the fire zones, we can establish a contextually relevant reference area
for identifying no-fire occurrences. This buffer zone allows us to capture the immediate
vicinity surrounding the fire zones, enabling a focused analysis of the factors influencing
fire occurrence and spread in nearby areas. The buffer zone helps in differentiating between
areas with documented fire incidents and areas that remained unaffected by fires. It
provides a clear spatial boundary within which we can classify and study the no-fire
occurrence zones. By excluding areas within the 1 km buffer zone from the fire occurrence
zones, we identified and analyzed the areas that fell outside this buffer zone as no-fire
occurrence zones. Moreover, certain areas within the WUI exhibited an extended buffer
zone of up to 5 km, which significantly increases the risk of wildfires encroaching upon
residential properties [80,81]. While we acknowledge that wildfires can spread beyond a
1 km buffer zone, it is important to note that our study focused on analyzing the immediate
impact and characteristics of fire incidents. The purpose was to identify factors contributing
to fire susceptibility within a relatively close proximity to the fire zones. By examining the
areas within this buffer zone, we aimed to gain insights into the factors influencing fire
occurrence and spread in the immediate vicinity of fires.

Our study introduced advanced techniques such as the utilization of a CNN, which
has demonstrated significant potential in image analysis and classification tasks. By apply-
ing this advanced technique to wildfire mapping and prediction assessment, we aimed to
improve the accuracy and reliability of the results. Some of the new studies published re-
cently in this field have aimed to contribute to the field of wildfire mapping and prediction
assessment by exploring different approaches, metrics, and indices to improve our under-
standing and assessment of fire severity. These addressed specific regions and ecosystems
and provide valuable insights into the application of remote sensing techniques and indices
for assessing fire impacts [82-84]. Our research adopted a comprehensive approach by
considering various contributing factors to wildfire occurrence and severity. We recognize
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that wildfires are complex events influenced by multiple factors such as weather conditions,
vegetation type, terrain, and human activities. By taking into account these different factors,
our study provides a more holistic understanding of the dynamics and patterns of wildfires.
Moreover, our findings uncover novel relationships, patterns, or correlations that were
not previously explored in the literature. The utilization of a CNN allows us to analyze
and interpret large amounts of data, potentially revealing hidden insights and connections
between contributing factors and wildfire occurrences. These novel findings contribute to
the advancement of knowledge in wildfire mapping and prediction assessment, improving
our ability to predict, prevent, and manage wildfires.

We build upon the literature by introducing advanced techniques, adopting a com-
prehensive approach, and potentially uncovering novel findings. Through our research,
we aim to contribute to the advancement of wildfire mapping and prediction assessment,
ultimately enhancing our understanding and ability to mitigate the devastating impacts
of wildfires.

6. Conclusions with Constraints and Limitations

In the realm of data-driven approaches, the selection of an optimal time period for
model training is a common challenge, influenced by data stochasticity and heterogene-
ity. Striking a balance between long-term data utilization, which may smooth behavior
trends, and short-term data reliance, which introduces uncertainty, is pivotal. Evaluating a
model’s durability over an extended period is crucial to assessing its reliability. This study
addressed this concern by dividing the dataset into four distinct time intervals, Y1 to Y4,
each spanning six years. Notably, the CNN 2D feature extraction consistently showcased
superior performance in accuracy across all time periods, with the highest accuracy score
of 96.21 achieved in Y1.

Moving to seasonal applicability, Pakistan experiences four distinct seasons, and this
study delved into the impact of seasonality on model performance. The CNN 2D approach
consistently outperformed other feature techniques in each seasonal category. The highest
accuracy score of 98.73 was achieved during S3, the summer rainy season, utilizing a CNN
2D feature extraction. These findings underscore the adaptability of a CNN 2D in capturing
season-specific fire occurrence patterns, an essential aspect for accurate prediction.

Our study found that machine learning models (No-Conv, ConvlD, Conv2D) im-
proved wildfire prediction in Pakistan’s summer rainy season by considering weather
patterns, historical incidents, and fuel moisture content, revealing a strong relationship
between wildfires and precipitation. The prediction model achieved a high accuracy score
of 98.71, confirming the effectiveness of considering wildfire-precipitation dynamics in
minimizing fire risk and spread.

Moreover, the study investigated the spatial distribution of fire incidents within Pak-
istan, revealing significant attributes in various clusters through K-means clustering. This
approach offered valuable insights into the diverse landscape of fire occurrences. The spa-
tial clusters, labeled C1, C2, C3, and C4, enhanced our understanding of the fire dynamics
in different regions, and the consistently superior performance of a CNN 2D was evident
across all clusters. By utilizing these spatial patterns, policymakers and stakeholders can
formulate targeted strategies for effective fire management and prevention.

Addressing the increasing wildfire risk in Pakistan, which is exacerbated by urban
expansion encroaching upon wildland interfaces, demands immediate attention from
policymakers. Mitigation strategies should encompass urban planning, zoning regulations,
and community awareness initiatives to safeguard human settlements and infrastructure.
This study highlights the potential of advanced machine learning models such as a CNN
2D and RF in predicting wildfires, emphasizing the role of technology in assessing fire risk.
The integration of real-time remote sensing and weather monitoring data could further
enhance prediction accuracy, empowering proactive wildfire management strategies.

In conclusion, this study’s evaluation of historical fire events in Pakistan provides
a solid foundation for constructing a comprehensive wildfire management framework.
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By harnessing insights from data-driven analysis and advanced modeling techniques,
policymakers can implement preemptive measures to protect communities and natural
resources while mitigating the impacts of wildfires. Collaborative efforts among scientific
communities, government bodies, and local stakeholders are pivotal in addressing the
escalating wildfire threat in Pakistan. While data limitations have been acknowledged,
refining the variable values, employing finer-resolution datasets, and aligning satellite
data with real fire occurrences are crucial steps to enhance wildfire forecasting accuracy
and management understanding. The alignment of remotely sensed data with forest
department-maintained records promises further improvements in prediction reliability
and overall management strategies.
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