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Rice cultivation monitoring is crucial for Indonesia, where paddy field areas de-
clined by 2.45% according to the Central Bureau of Statistics due to land func-
tion changes and shifting crop preferences. Regular monitoring of paddy field
distribution is essential for understanding agricultural land utilization by farmers
and landowners. Satellite imagery has become increasingly common for agricul-
tural land observation, but traditional neural networks alone provide insufficient
segmentation accuracy. This study proposes an enhanced deep learning architec-
ture combining residual network (ResNet)-DeepLabV3+ with coordinate atten-
tion (CA) and spatial group-wise enhancement (SGE) modules. The attention
mechanisms establish direct connections between context vectors and inputs,
enabling the model to prioritize relevant spatial and spectral features for precise
paddy field identification. The CA module enhances spectral feature discrim-
ination, whereas the SGE improves spatial characteristic representation. The
experimental results demonstrate superior performance over the baseline meth-
ods, achieving intersection over union (IoU) of 0.85, dice coefficient of 0.89,
and accuracy of 0.95. The proposed mixed attention mechanism significantly
improves the accuracy and efficiency of automatic crop area identification from
satellite imagery.
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1. INTRODUCTION

Rice is a prominent agricultural product globally, and it thrives in expansive, unobstructed regions.
In Indonesia, rice is the predominant commodity. Based on statistics from the Central Bureau of Statistics in
Indonesia, there was a 2.45% decline in rice cultivation from 2022 to 2023 [1], [2]. This reduction in land area
is due to changes in land functions and preferences for planted crop commodities. The decreased price of rice
relative to other crops and the less-than-ideal paddy field conditions for rice growth are the main causes of the
change in commodities and land usage [3], [4]. Therefore, it is important for farmers and owners of paddy
fields to know the usefulness of the distribution of existing paddy fields by conducting regular monitoring.

Remote sensing imagery provides a precise and geographically accurate depiction of the land that the
device has captured [5]. Remote sensing imagery typically requires geographic information about agricultural

Journal homepage: https://telkomnika.uad.ac.id/index.php/TELKOMNIKA



1612 ) ISSN: 1693-6930

land to accurately monitor crop conditions at specific locations and utilize time efficiently. Additionally, this
information aids in monitoring the use of agricultural land, which is rapidly changing its function. Only large
and open land crops, such as rice, corn, onions, and oil palm, are suitable for remote sensing monitoring on
agricultural land. Consequently, it is possible to map paddy fields using remote sensing technology to monitor
crop growth, manage paddy field use, and estimate crop yields [6]. Extracting information about agricultural
land can employ methods such as segmentation or object detection to further process remote sensing images [7].
These approaches have been the focus of recent research. In line with the development of remote sensing image
processing techniques, image segmentation methods have become one of the techniques relied upon to produce
more detailed information from an image. Image segmentation is a technique that classifies each pixel in an
image into semantic classes [8]. However, automatically identifying rice fields from satellite images is still very
difficult. Current deep learning methods have major problems, such as difficulty in accurately tracing complex
and irregular field boundaries, difficulty in distinguishing rice fields from other similar-looking features, such as
water bodies, wetlands, or other crops, satellites do not perform well when fields have different sizes, shapes,
and orientations in the same image, and satellites do not work reliably under different weather conditions,
seasons, or rice growth stages. These problems lead to poor accuracy in identifying rice fields, resulting in
unreliable farm monitoring and incorrect crop yield predictions.

In recent years, the development of segmentation methods has continued to grow. Agriculture widely
applies neural network approaches, such as crop type segmentation [9]-[12], crop disease detection [13], [14],
and farmland mapping [15]. Shelhamer et al. [16] first proposed the segmentation neural network architecture,
fully convolutional networks (FCN). U-shaped convolutional neural network (U-Net) [17] is a highly improved
FCN version that integrates up-sampling, down-sampling, skip connections, and fully convolutional applica-
tions. However, U-Net is more symmetric than FCN. Any down-sampling and up-sampling stage of U-Net is
endowed with a skip connection at every level. The U-Net architecture is highly applied in applications, and
segmentation problems are being upgraded as studies emerge.

Research conducted on agricultural land mapping with segmentation methods was conducted by
Zhang et al. [18] used refined pyramid scene parsing network (PSPNet) on polarimetric synthetic aperture
radar (PolSAR) data. This study proposes a modified PSPNet with the addition of the polarimetric CA module.
This module captures polarimetric features from PoISAR data, allowing PSPNet to distinguish existing plant
species. The results of this study prove that refined PSPNet provides excellent segmentation results on PoOISAR
data, especially in terms of accuracy in mapping sharp contours and separating agricultural areas.

Li et al. [19] developed U-Net with the addition of a linear attention mechanism (LAM) application
to segment remote sensing images. The U-Net structure places LAM on each skip connection. This research
led to the development of MAResU-Net, which generally outperforms U-Net in general. Mahmud et al. [20]
developed DeepLabV3+ by adding a spatial attention (SA) mechanism for road segmentation. The findings
of this study demonstrate that adding a SA mechanism increases segmentation accuracy by 1.56% compared
to the usual model. Previous research has demonstrated that the integration of attention modules can enhance
segmentation accuracy.

Despite these advances, existing approaches exhibit several critical limitations: traditional U-Net ar-
chitectures struggle with multi-scale feature extraction required for varying paddy field sizes, PSPNet-based
methods suffer from high computational complexity limiting their practical deployment, FCN-based approaches
lack sufficient contextual information for complex agricultural landscapes, and current attention mechanisms
often fail to simultaneously capture both spatial relationships and channel dependencies crucial for distinguish-
ing paddy fields from spectrally similar features. Most existing methods are evaluated on general segmentation
datasets rather than domain-specific agricultural scenarios, limiting their applicability to real-world paddy field
monitoring tasks.

Previous research has demonstrated that the integration of attention modules can enhance segmenta-
tion accuracy. Attention modules can distinguish between important and unimportant image elements. The
object boundaries are more precise, and internal pixels are more uniform with the integration of attention mod-
ules [18]-[20]. The convolutional block attention module (CBAM) is one of the attention modules designed
to enhance the representational power of CNN feature maps. CBAM applies channel attention (CA) and SA.
CA focuses on refining the importance of feature channels, allowing the models to know what they must see
in the feature. Meanwhile, the SA module focuses on highlighting the important regions within the feature
maps. The spatial group-wise enhance (SGE) attention module is another attention module that improves CNN
feature maps. Unlike CBAM, which has two modules, SGE focuses on spatial information using a group-wise
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strategy [21], [22].

Previous research by Li et al. [23] proposes an improved U-Net model combining a multi-axis vision
transformer (MaxViT) encoder with a CBAM decoder for automated crop-weed segmentation in precision agri-
culture. This study addresses the limitations of uniform pesticide spraying and existing segmentation models
that struggle with agricultural images’ complex backgrounds and multi-scale targets. Using MaxViT’s dual
attention mechanisms for local and global feature capture alongside CBAM’s channel and SA for boundary en-
hancement, the model achieved 84.28% mean intersection over union (mloU) and 88.59% mean pixel accuracy
(mPA) on sugar beet datasets, improving 3.08% and 3.15% over baseline U-Net while reducing parameters
from 43.93 M to 22.08 M and maintaining 0.0559 s inference time.

Developing effective rice field mapping methods faces several major challenges, including the need
for computationally efficient solutions that work in real-time for farm monitoring, high data variability from
seasonal changes and different growth stages across diverse geographical locations, limited availability of high-
quality annotated datasets, requirements for methods that work across different sensor types and imaging con-
ditions, and the need for practical deployment in existing agricultural systems with minimal infrastructure. To
address these challenges, this research aims to develop an enhanced deep learning architecture that combines
a residual network (ResNet) encoder and DeepLabV3+ decoder to leverage both detailed features and multi-
scale contextual information, investigate hybrid attention mechanisms (CBAM and SGE) for capturing spatial
and channel dependencies that are crucial for accurate boundary detection, and systematically evaluate per-
formance against existing state-of-the-art methods using comprehensive metrics, such as IoU, dice coefficient,
and accuracy. Finally, this study provides a practical, computationally efficient solution for automated rice field
monitoring from remote sensing imagery that can be readily deployed in operational agricultural systems.

Therefore, this research focuses on mapping agricultural land use, especially paddy fields, using the
ResNet-DeepLabV3+ neural network segmentation method. The segmentation method will also incorporate
CBAM and SGE attention modules to enhance ResNet-DeeplLabV3+’s ability to segment paddy fields. In
summary, this article offers the following contributions:

- We proposed an enhanced deep learning model, ResNet DeepLabV3+ with attention, for segmenting paddy
fields from remote sensing images. The proposed model comprises ResNet-34 as the encoder, augmented
with an attention module to improve the model’s segmentation capabilities, and DeepLabV3+ as the decoder.

- By incorporating the SGE technique, we enhance the CBAM by replacing its SA mechanism. This modifi-
cation guarantees a more accurate depiction of the spatial characteristics throughout the image.

- We are comparing the performance of the proposed method is compared with other segmentation methods.

This paper is organized into several sections, the first of which covers the introduction to the research.
The second section discusses related works. The third section describes the experimental setup. The fourth
section discusses the proposed method. The results are discussed in the fifth section, and the last section
discusses the research conclusions.

2.  RELATED WORK
2.1. Residual network

ResNet was first introduced in 2016 by He ef al. [24] as an innovation that introduced the concept
of residual learning on deep neural networks that are more than 100 layers deep. He et al. [24] proposed this
concept to address optimization issues in deep neural networks, which frequently face performance degradation
difficulties. The basic idea of residual learning is that the network learns the residuals of an existing function.
If the function to be learned is denoted as H(x) and the learning network is F'(x) = H(z) — x, then the formula
becomes F(x) = H(x) + x.

ResNet uses a residual block with many layers, each of which learns from the residuals of a previous
one. A skip connection is used in the network to connect the input and output. There are also skip connections
that perform identity mapping, where the outputs of layers get summed at a later point to reduce network com-
plexity and help in optimizing it. ResNet development has shown that residual learning can help to successfully
optimize and improve the accuracy of deep neural networks [24].

2.2. DeepLabV3
Chen et al. [25] re-implemented their prior model, DeepLab, to the newer version: DeepLabV3.
The atrous convolution, used in the DeepLabV3 model, enables a network to globally upscale its field of
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view without adding new learned parameters. Atrous convolution to highlight spatial information at a large
receptive field and maintain crisp resolution an atrous convolution at multiple parallel levels forms an atrous
spatial pyramid pooling (ASPP). ASPP means that the method can effectively extract information from small
parameter spaces and has multiple scales using only images. DeepLabV3 combines many new ideas, such as
the use of ASPP instead to perform multiscale feature learning globally that will help the deep network be
aware of more context and make it capture richer features from multiple scales of detail; add global image-
level features directly against the last convolution over grouping (ICOG) convolutional layer for segmenting
boundaries; replace SoftMax with sigmoid binary cross-entropy loss while employing the dice coefficient as
evaluation metrics; and, importantly, employ batch norm in the ASP module, which has proven to enable a
greatly high stability training effectiveness [25].

2.3. Attention mechanism

The attention mechanism creates a direct link between the context vector and the input, allowing the
model to focus on the most important parts by assigning scores to each input element based on its relevance.
This is especially helpful when working with large datasets where not all information is equally useful, such
as in language translation or image recognition where only specific parts matter for accurate results. By using
attention, models can learn more efficiently by concentrating on key features and ignoring less important details,
which improves accuracy while saving computational resources [21], [22].

2.3.1. Convolutional block attention module

CBAM is an attention module that combines CA and SA to pay more profound attention to relevant
features at the channel and spatial levels. CBAM starts by applying CA first to adjust the weight value of
each channel, followed by SA, which adjusts the weight value spatially [21]. The combination of CA and SA
is shown in (1) and (2). In (1), the initial feature map (F') is performed element-wise multiplication ® with
the one dimension of the feature map generated from CA (M. (F)). The resulting feature map (F') is also
subjected to element-wise multiplication with the two-dimensional feature map generated by SA(M;(F)).

F =M(F)@F (1)

"

F'=M,F)®F )

CA is an attention mechanism that assigns varying weights to each channel according to their relative
importance. The goal of assigning this weight is to determine the most pertinent channel [21]. The formulation
of CA using (3) and (4). Feature maps are assigned average pooling (AvgP) and maximum pooling (M ax P)
at each level of the multilayer perceptron (M LP). The featured result AvgP is symbolized as Fy,, and Max P
is symbolized as F5, .. Both feature results are added and given a sigmoid function o. The sigmoid function
determines the most relevant part of the feature based on the AvgP and M ax P. There are 2 M L P layers used,

so the weight of each layer is denoted as W7 and Wj.

M,(F) = o(MLP(AvgP(F)) + MLP(MazP(F))) 3)
MC(F) = U(Wl(WO(F;vg)) + Wl(WO(F;mx))) 4)

SA, in contrast to CA, looks at each channel’s relevance. SA is an attention mechanism that focuses
on giving weight to the spatial location of features based on how important the location is. This weighting
is intended to identify the feature’s most relevant location [21]. The formulation of SA using (5) and (6)
Feature maps (F) are assigned average pooling (AvgP) and maximum pooling (MaxP) and the resulting
two-dimensional feature maps are F;,, and F . . Both results are concatenated and convoluted with the

convolution operation (f) with a filter size of 7 x 7. To provide a feature map that represents the most relevant
spatial values, the result of the convolution is given a sigmoid function.

win=a ([ ))

win=(re([]))
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2.3.2. Spatial group-wise enhanced attention

SGE is an attention module that performs feature grouping at the spatial and channel levels and applies
an attention mechanism to determine the relevance level of sub-features based on their spatial location in each
formed group. SGE generates a coefficient value (c;) for each feature based on the similarity of global (g)
and local features (x;), allowing it to focus on the right semantic area. The division of features into several
groups allows the processing of features on a smaller scale to obtain the desired details [22]. We compute the
formulation of SGE using (7).

Ci =g T @)

3. METHODOLOGY
3.1. Data collection

This research utilized remote sensing image data collected to support the field survey implementation
of the National Research and Innovation Agency (BRIN) in developing a method to harmonize high-resolution
satellite images using artificial intelligence on monitoring and paddy field mapping. Remote mapping activities
occurred from 21 to 25 August 2023 in Yogyakarta Province. Thirteen image capture points coincided with rice
fields in Sleman Regency, Bantul Regency, and Kulon Progo Regency. The remote sensing tool used to take
images of rice fields is the Da-Jiang Innovations (DJI) Phantom 4 multispectral camera, specifically designed
for agriculture and environmental monitoring. The camera model used in the drone is FC6360 with five color
ranges, including blue, green, red, red edge, and near-infrared (NIR). The average height of the drone in taking
images at all capture points is 100 m, resulting in images with a high resolution of 1600 pixels, a width of 1300
pixels, and a ground resolution of 5 cm/pixel.

3.2. Data creation

Before data from BRIN field survey activities can serve as a foundation for a machine learning model,
it must undergo several stages of data processing. The stages carried out to prepare the image data of paddy
fields include digitization or annotation of paddy field images and the formation of paddy field image datasets.
Land designation resulted in five types of paddy field groupings, namely: background, first-phase paddy plants
(vegetative), second-phase paddy plants (reproductive), third-phase paddy plants (ready to harvest), and non-
paddy fields. Direct identification of the differences in each paddy field’s land use is possible. However, some
plants have characteristics similar to those of paddy plants, and the paddy phase also sometimes has the same
characteristics. The output of this digitization process includes an image file and a shape file, which serve as the
initial mask form for segmentation. All existing drone images are digitized to facilitate easier image selection.
An example of digitized data is shown in Figure[T] After digitization, each digitized shape file is divided into
parts based on the color range from 0 to 255, forming a mask file. Segmentation activities use the mask file as
the ground truth of an image to map the class into a pixel-by-pixel image. Once the entire image, the next step
was processing the image and shape file were processed to create a label mask and uniformize it to a size of
512x512 pixels. In summary, the dataset used in this study consisted of paddy field images with a mask label
of 512x512 pixels. This study used a total of 546 paddy field images, grouped into 5 classes.

. Background
. Phase 1
. Phase 2

Phase 3

Not
Paddy

Figure 1. Example of the data
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3.3. Data preparation

The research experiment used a dataset of 546 images and their labels. The size of each image and
label is 512x512 pixels. The dataset labels contain five classes: background, first-phase rice plant, second-
phase rice plant, third-phase rice plant, and nonrice paddy field. We split the dataset into 3 subsets: 70% for
training data, 20% for validation data, and 10% for test data. Training data are used to model to learn the data,
validation data are used to aid in building the model fast by recognizing at each training where your validation
value increases improved or not, and test data are used to evaluate how our model performs segmentation.

3.4. Proposed architecture

In this study, we proposed a deep learning development model, ResNet-DeepLabV3+ with attention,
for segmenting paddy fields from remote sensing images. The basic idea behind this model development is
to create a segmentation model by combining ResNet-34 as an encoder and DeepLabV3+ as a decoder and
placing an attention module on the encoder to improve the encoder’s ability to extract features. Figure 2 shows
a perspective of the proposed method.

Encoder Decoder
7x7 Conv2d 64 <—|
] Segmenation Head

3x3 Conv2d 64 o
Image D Prediction
3x3 Conv2d 64 X3 1x1 Conv2d 256,5
CA-SGE 4FC i
Block 2
| €—

3x3 Conv2d 304,256

Block1

3x3 Conv2d 128 1x1 Comfd 64, 48

3x3 Conv2d 128 X4 Upsampling Scale
Factor 4

H*

CA-SGE 4FC

Projection
3x3 Conv2d 256, 256
3x3 Conv2d 256 A

1x1 Conv2d 1280, 256
3x3 Conv2d 256 T

CA-SGE 4FC ASPP Module

™

3x3 Conv2d 512 |

3x3 Conv2d 512 [ X3 ( {
1 1 1 ) t

CA-SGE 4FC 1X1 Conv| |3x3 Conv| |3x3 Conv| |3x3 Conv|  Pooling
4

I{+

Figure 2. Proposed method

3.4.1. Encoder: ResNet-34 with attention

The encoder of ResNet-34 begins with a 7x7 kernel and converts an incoming image input (3 chan-
nels) to be processed in the conv-layer, mapping it into a space with 64 channels. The first layer also performs
batch normalization, rectified linear unit (ReLU), and max pooling to reduce the spatial dimension. Each
ResNet layer comprises two configurations of convolutional layers with 3x3 kernels, followed by batch nor-
malization and attention addition. The first ResNet layer has an output of 64 channels; the second layer reduces
the spatial dimension by increasing the channel size to 128, and the third layer reduces the dimension to 256
channels. The last layer provides an output of 512 channels. Each ResNet layer receives attention from the CA
and SGE after the convolution layer has finished. Figure 2 illustrates the combination of CA and SGE. Initially,
we combined the application of CA with SA to form CBAM, which increased attention at the channel and
spatial levels. We also integrated CA with SGE. In addition, we added a MLP to the depth novel contribution.

CA-SGE attention integration: our key innovation lies in strategically combining CA [21] with SGE
[22] mechanisms. Unlike the standard CBAM [21] which uses CA and SA sequentially, we replace the SA
component with SGE to create a more effective CA-SGE hybrid. CA-SGE attention integration illustrated
in Figure [3] CA enhancement: the standard CA mechanism was modified by incorporating a 4-layer MLP
(compared to the default 2-layer) to enable more sophisticated channel relationship modeling. The CA process
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uses both adaptive average pooling (AAP) and adaptive max pooling (AMP) followed by the enhanced MLP
and sigmoid activation, as illustrated in Figure ] SGE integration: the SGE mechanism [22] receives the CA-
enhanced features and applies group-wise spatial enhancement through: 1) feature grouping, 2) global average
pooling (GAP), 3) normalization, 4) position-wise dot product (PWP), and 5) sigmoid activation, as shown in
Figure[5] We anticipated the addition of MLP to enable the encoder to extract features from complex data with
greater accuracy in CA; we focused on retrieving the values from each AAP and AMP to reduce the channel
size to a single value based on the average and maximum channel values. Next, we used sigmoid activation to
group the feature values into binary form (0, 1). Figure[]illustrates the CA process.

For the SGE experiment, we multiplied the CA result by the initial feature before entering the SGE
to produce a more focused feature value based on the most relevant channel. SGE receives feature input from
CA and splits it into several groups, with the same processing for each group. Following a series of processing
steps on each group, all groups were merged back into the resulting feature, which provides a more accurate
representation of the feature value. The processing in SGE includes GAP, normalization, PWP, and sigmoid
activation. The GAP function takes all feature values and converts them into a single value. The normalization
function makes the input range independent. The PWP function finds the dot product between the existing
feature vectors. The sigmoid activation function converts feature values into binary form. Figure [3]illustrates
the SGE process.

Our key innovation lies in strategically combining CA [21] with SGE [22] mechanisms. Unlike the
standard CBAM [21] which uses CA and SA sequentially, we replace the SA component with SGE to create
a more effective CA-SGE hybrid. We modified the standard CA mechanism by incorporating a 4-layer MLP
(compared with the default 2-layer) to enable more sophisticated channel relationship modeling. The CA
process uses both AAP and AMP followed by the enhanced MLP and sigmoid activation, as illustrated in Figure
Al The SGE mechanism [22] receives the CA-enhanced features and applies group-wise spatial enhancement
through: 1) feature grouping, 2) GAP, 3) normalization, 4) PWP, and 5) sigmoid activation, as shown in Figure

Channel Attention 4 FC Spatial Group wise Enhance Attention axF’ooI Channel Attentlon .
‘ l ®— ’ KA P H IZ Channel Attention
F F Feature e MLP Depth - 4
Figure 3. Channel-SGE attention Figure 4. CA

Channe}- Spatial Group wise
5 Enhance Attention

Height| P—PWP ->Norm->Sigmoid>PWP»

CAPP R X

Width

Figure 5. SGE attention

3.4.2. Decoder: DeepLabV3+

In this study, the decoder reconstructs the feature representation extracted by the encoder. The first part
of DeepLabV3+ is the ASPP module, which has different dilation levels in parallel. This study uses the ASPP
module, which consists of five parallel layers: a convolution layer without dilation, a convolution layer with 12,
24, and 36 dilations, and an AAP layer. In addition, it is good for pooling information from multiscale images.
Then, the output from 5 layers will be concatenated, followed by their parallel projection, such that a tone
feature representation of 256 channels. Then, the projection output will go through the feature concatenation
in a layer block before the segmentation head process. The previous dense prediction layer consisted of a CNN
and SoftMax to provide the final result for segmentation image forecast.

3.5. Training configuration
Data augmentation: We applied several augmentation techniques to the training dataset to enhance
training data diversity and improve model robustness: 1) random horizontal and vertical flipping with probabil-
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ity p=0.5, 2) brightness adjustment with linear scaling factor ranging from 0% to 10% of the original intensity,
3) contrast enhancement using nonlinear adjustment within 0% to 10% range, and 4) gamma correction with
random gamma values between 0.8 and 1.2 (80% to 120% of original image gamma value).

Hardware and software setup: The proposed model was implemented using Python 3.8 with the Py-
Torch 2.0.1 framework and CUDA 11.8 for GPU acceleration. All experiments were conducted on the NVIDIA
DGX-1 V100 GPU system at the Tokopedia-UI Al Center of Excellence, which provided sufficient computa-
tional resources for training the deep learning model training.

Training parameters: The network was optimized using Adam optimizer [26] with learning rate of
0.00008, which was chosen based on preliminary experiments for stable convergence. Training was conducted
for 100 epochs with a batch size of 4 for training data, limited by GPU memory constraints. For the validation
and testing phases, the batch size was set to 1 to ensure consistent evaluation across all samples. Regulariza-
tion strategy: to mitigate overfitting and enhance model generalization, L2 regularization with weight decay
coefficient of 0.0001 was applied to all trainable parameters during the optimization process.

3.6. Evaluation

We used IoU, the dice coefficient, accuracy, and the F1 score as metrics to evaluate our segmentation
model. IoU is a popular evaluation metric for semantic segmentation is IoU. IoU calculates the overlapping
area between predicted segmentation (A) and the ground truth (B). The formula for calculating IoU is shown
in (8).

®)

The accuracy (ACC) and F1 score are derived from the confusion matrix. A confusion matrix is a table
to assess a classification algorithm’s performance [27]. The confusion matrix provides an in-depth analysis of
the actual vs. predicted classification. Several terms are in the confusion matrix. True positive (TP) is when the
model successfully predicts that the actual positive class becomes a positive class. True negative (TN) is when
the model predicts the actual negative class as a negative class. If the class is negative and predicted as positive,
it is called a false positive (FP). Otherwise, if the class is positive and predicted as negative, it is called a false
negative (FN).

Accuracy is the number of correct predictions divided by the total data. The formula for calculating
accuracy can be seen in (9). The F1 score is the harmonic mean of precision and recall. In the semantic
segmentation task, the F1 score is also called the dice coefficient score (DSC). Precision is the proportion of
positive predictions, and recall is the proportion of actual positives that are correctly classified. F1 score is a
better metric than accuracy when the testing data are imbalanced. F1 score, dice coefficient, and loss formula
are shown in (10), (11), and (12).

TP+TN

A =
ceuracy FPIFN+TP+TN )
P
F1Score = ( rpi( ELEEN) ) (10)
2
. .y 2|AN B
DiceCoef ficient = ———— (11)
Al +|B|
DiceLoss = 1 — DiceCoef ficient (12)

4. RESULT AND DISCUSSION
4.1. Overview of the key findings

The proposed ResNet-DeepLabV3+ with the CA-SGE attention mechanism achieved superior per-
formance for paddy field segmentation, demonstrating significant improvements across all evaluation metrics.
The key findings reveal that: 1) the CA-SGE combination provides synergistic benefits with IoU of 0.85, DSC
of 0.91, and accuracy of 0.96, representing improvements of 3.7%, 4.6%, and 2.1% respectively over the base-
line, 2) CA mechanisms are more effective than SA for paddy field segmentation tasks, and 3) the proposed
method exhibits better training stability with reduced overfitting compared to the baseline model. From the
training process of both models, it can be concluded that the proposed ResNet-DeepLabV3+ + CA-SGE is
better because it shows more stable performance and lower potential for overfitting.
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4.2. Analysis of training performance

The baseline ResNet-DeepLabV3+ model exhibited rapid performance improvement, with training
and validation IoU scores reaching approximately 0.9 within the initial 40 epochs. However, subsequent train-
ing phases showed gradual improvement accompanied by increasing divergence between training and valida-
tion curves, suggesting that overfitting tendencies were emerging despite the gap remaining within acceptable
limits. The proposed ResNet-DeepLabV3+ with CA-SGE attention demonstrated distinctly different train-
ing characteristics. The model initially exhibited underfitting behavior, where the validation IoU exceeded
the training IoU during the early epochs. This pattern was reversed around epoch 30, after which the train-
ing IoU began to surpass the validation IoU while gradually improving. Notably, the training-validation gap
remained consistently smaller than that of the baseline model throughout the training process. The reduced
training-validation divergence observed in our CA-SGE model indicates superior generalization capability and
enhanced training stability. This behavior suggests that the integrated attention mechanisms function as ef-
fective regularizers, mitigating overfitting risks while preserving strong model performance. The comparative
analysis demonstrates that the proposed architecture achieves more robust training dynamics with improved
convergence stability compared to the baseline approach. The experimental results demonstrate that the base-
line method exhibits a large training-validation gap after epoch 40, indicating overfitting behavior. In contrast,
the proposed CA-SGE method shows a smaller training-validation gap with better stability, effectively reducing
overfitting issues. A summary of the training is shown in Figures 6 and 7.
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Figure 6. ResNet-DeepLabV 3+ Figure 7. ResNet-DeepLabV3+ CA-SGE 4FC

4.3. Quantitative evaluation of performance
4.3.1. Baseline method comparison

We conducted a comprehensive comparative evaluation against established segmentation architectures
to establish the effectiveness of our proposed approach. The baseline methods include ResNet-UNet, ResNet-
FPN, and ResNet-DeepLabV3+, all implemented without attention mechanisms to ensure fair comparison with
our attention-enhanced variant. Table[T|presents the quantitative performance comparison across three standard
evaluation metrics: IoU, DSC, and pixel-wise accuracy. The proposed ResNet-DeepLabV3+ with CA-SGE
attention consistently outperformed all baseline methods across every evaluation metric. The results reveal
substantial and consistent improvements in performance across all evaluation dimensions. Specifically, the in-
tegration of CA and SGE attention mechanisms enhanced the baseline ResNet-DeepLabV3+ performance from
ToU 0.82 to 0.85, DSC from 0.87 to 0.91, and accuracy from 0.94 to 0.96. These improvements demonstrate the
effectiveness of our hybrid attention approach in capturing both channel-wise feature importance and spatial
relationships, which are crucial for accurate paddy field segmentation. The superior IoU and DSC scores indi-
cate enhanced boundary delineation accuracy and improved region overlap precision, which are critical factors
for practical agricultural monitoring applications. Consistent performance gains across different architectural
baselines validate the proposed attention mechanism’s robustness and generalizability.

Table 1. Comparison of testing segmentation methods

Method IoU DSC Acc
ResNet-UNet 079 086 0.94
ResNet-FPN 080 0.87 093

ResNet-DeepLabV3+ 0.82 0.87 094

ResNet-DeepLabV3+CA SGE  0.85 091  0.96
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4.4. Ablation study
4.4.1. Individual attention mechanism performance

An ablation study was conducted in the attention mechanism part. We compared the performance of
CA, SA, CBAM, and SGE on the ResNet-DeepLabV3+ model. We also compared the depth of the MLP layers
in the CA attention module. The addition of CA on ResNet-DeepLabV3+ slightly increases the performance.
As shown in Table [2] the addition of CA increased all metrics by 0.01. Adding more MLP layers to 4 in CA
did not have a significant impact, only increasing the DSC by 0.001, whereas the IoU and accuracy did not
increase. The ablation results reveal several critical insights into the effectiveness of the attention mechanism
in paddy field segmentation. CA demonstrated consistent performance improvements across all evaluation
metrics, with IoU increasing from 0.82 to 0.83 when individually integrated. This improvement validates the
effectiveness of channel-wise feature recalibration for agricultural segmentation tasks. Conversely, SA showed
counterproductive effects, decreasing IoU performance from 0.82 to 0.81 while maintaining similar DSC scores
and reducing accuracy. This degradation suggests that SA mechanisms may introduce unwanted noise rather
than beneficial spatial focusing for paddy field boundary detection.

The CBAM evaluation, which combines both CA and SA components, yielded performance identical
to CA alone across all metrics. This finding reinforces our observation that SA provides no additional benefit
and potentially interferes with CA effectiveness, confirming the limited utility of SA in this specific application
domain. SGE demonstrated a unique performance characteristic, achieving exceptionally high pixel-wise accu-
racy (0.98) while simultaneously showing decreased performance in IoU (0.81) and DSC (0.86) metrics. This
pattern indicates that SGE excels at overall pixel classification accuracy but struggles with precise boundary de-
lineation and region overlap precision, which are critical for accurate segmentation. The optimal performance
was achieved through our proposed CA-SGE combination with 4-layer MLP depth, demonstrating superior bal-
ance across all evaluation metrics. This configuration achieved the highest IoU (0.85) and DSC (0.91) scores
while maintaining competitive accuracy (0.96), representing improvements compared to the baseline.

Table 2. Comparison of attention modules
Module MLP depth IoU DSC  Acc
- - 0.82 0.87 094
SA - 0.81 0.87 094

CA 2 0.83 0.88 0.95
CBAM 2 0.83 0.88 0.95
CA+SGE 2 0.83 0.89 0.95
SGE - 0.81 0.86 0.98
CA 4 0.83 0.89 0.95
CBAM 4 0.82 0.88 0.95
CA+SGE 4 0.85 091 0.96

4.4.2. Multilayer perceptron depth analysis

Investigation of MLP depth configurations within the CA module revealed that the 4-layer architecture
provides optimal performance without introducing significant computational overhead. Comparison between
2-layer and 4-layer MLP configurations showed that deeper networks yielded marginal improvements (+0.01
DSC) while maintaining computational efficiency. Further exploration of deeper MLP architectures (>4 layers)
demonstrated diminishing returns with negligible performance gains, confirming the appropriateness of our 4-
layer architectural choice for practical deployment scenarios.

4.4.3. Data augmentation impact

Table 3| displays the results of testing each data augmentation on the neural network segmentation
method. The results demonstrate substantial and consistent performance improvements across all segmentation
architectures when data augmentation is applied. ResNet-FPN showed the most dramatic improvement, with
IoU increasing from 0.55 to 0.80, indicating that this architecture particularly benefits from enhanced data
diversity. ResNet-UNet also exhibited significant improvement, with IoU rising from 0.64 to 0.79. The ResNet-
DeepLabV3+ baseline showed more modest but meaningful improvements, increasing from 0.76 to 0.82. This
smaller relative improvement suggests that the more sophisticated DeepLabV3+ architecture with its atrous
convolutions and multi-scale processing already possesses some inherent robustness to variations in input data.
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Table 3. Comparison of data augmentation

Method IoU DSC Acc IoUAug DSCAug AccAug
ResNet-Unet 064 074 0.89 0.79 0.86 0.94
ResNet-FPN 055 062 0.79 0.80 0.87 0.93

ResNet-DeepLabV3+ 0.76  0.84  0.93 0.82 0.87 0.94

4.5. Visual segmentation results

To complement our quantitative evaluation, we examine the visual segmentation performance across
diverse test scenarios. Figure [§] presents representative segmentation results from five carefully selected test
samples, showcasing comparative performance between baseline methods and our proposed CA-SGE approach
across various challenging conditions, including different lighting conditions, crop growth stages, and field
complexities. Our CA-SGE method showed a strong overall performance across all test samples, although
there are some areas for improvement. In Sample 1, we observed minor misclassifications at field boundaries
where rice fields meet other land types. Sample 2 demonstrated exceptional results with near-perfect accuracy,
whereas baseline methods, such as ResNet-UNet, ResNet-FPN, and ResNet-DeepLabV3+, missed important
rice field areas. Sample 3 presented the most challenging scenario, requiring distinction between different
rice growth stages within the same image - only our CA-SGE method successfully identified young versus
mature crops, while other methods struggled with this detailed classification. Samples 4 and 5 confirmed our
method’s consistent superior performance with accurate boundary detection, whereas the baseline methods
made various errors, including false identification of non-agricultural areas as rice fields and missed actual rice
fields, particularly in areas with varying lighting conditions.

The proposed ResNet-DeepLabV3+with CA-SGE demonstrated the most reliable and consistent seg-
mentation performance across all test samples. The method excelled in boundary sharpness preservation, mis-
classification reduction, and fine-grained feature discrimination, making it the most suitable approach for prac-
tical paddy field monitoring applications. ResNet-DeepLabV3+(Baseline) showed good overall segmentation
results but lacked the precision and consistency of the attention-enhanced variant. The method occasionally
struggled with complex boundary conditions and fine-grained classification tasks. ResNet-UNet and ResNet-
FPN demonstrated higher tendencies toward misclassification and produced less sharp boundary delineations.
They frequently failed to capture fine-grained details and exhibited reduced performance under challenging
lighting conditions.

(&)

(2)

(3)

4)

(%)

Image Ground truth  ResNet-Unet  ResNet-FPN ResNet- ResNet-DeepLabV3+

DeepLabV3+ CA SGE 4FC

Figure 8. Segmentation result

4.6. Discussion

The experimental results directly address our primary research objective of developing an enhanced
attention mechanism for improved paddy field segmentation accuracy. Our proposed CA-SGE method achieved
significant improvements across all evaluation metrics compared with the baseline ResNet-DeepLabV3+,
thereby successfully fulfilling the objective of enhanced segmentation performance. The secondary objective
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of investigating the individual contributions of different attention mechanisms was comprehensively addressed
through our ablation study. The findings revealed that CA provides consistent benefits, while SA surprisingly
degraded performance, contradicting our initial hypothesis that both mechanisms would contribute positively to
segmentation accuracy. Our initial hypothesis that combining CA and SGE Enhancement would create syner-
gistic effects for paddy field segmentation was strongly supported by the experimental evidence. The CA-SGE
combination outperformed individual attention mechanisms, validating our theoretical framework that CA fo-
cuses on “what” features to attend to while SGE enhances “"where” to attend spatially. However, our hypothesis
regarding SA effectiveness was not supported. Contrary to expectations based on previous computer vision
studies, SA demonstrated counterproductive effects in our agricultural segmentation context, suggesting that
SA mechanisms may be less suitable for paddy field boundary detection tasks.

5. CONCLUSION

This study developed a novel semantic segmentation method that combined CA-SGE attention, ResNet
encoder, and, DeepLabV3+ decoder with 4 MLP depths, achieving superior performance for paddy field seg-
mentation from drone imagery with IoU of 0.84, DSC of 0.89, and accuracy of 0.95. These improvements have
significant implications for precision agriculture, enabling automated crop monitoring, irrigation management,
and yield forecasting to support food security initiatives. The method’s effectiveness with high-resolution drone
imagery makes it particularly valuable for practical applications, including crop insurance assessment, variable-
rate fertilizer application, and farm management systems. Future work should focus on evaluating the method’s
robustness across different geographical regions and crop types, optimizing for real-time edge deployment, and
incorporating temporal information from multidate imagery to enhance dynamic crop monitoring capabilities.
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