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Abstract: Deep learning is widely used in image segmentation, effectively identifying crops and 
weeds and contributing to the reduction of herbicide use. Traditional methods of applying 
pesticides over large areas are inefficient in dealing with weeds as needed, leading to massive waste 
of pesticides, high-cost production, and serious environmental pollution. This affects crop yield and 
quality. Although weed recognition using conventional deep learning methods has evolved over 
time, there are still challenges in weed extraction, detection, and segmentation. Accurate recognition 
and detection of weeds are essential prerequisites for implementing variable spraying. This paper 
proposes a semantic segmentation method based on UNet++ for complex environments where 
accurate identification of plants and weeds is challenging, targeting weeds in sugar beets, peas, and 
rice. An attention module is integrated into the upsampling process of UNet++, and UNet++ is used 
as a backbone network to effectively integrate multi-scale information, efficiently suppressing 
external noise interference. The UNet++ model with an integrated attention mechanism module 
achieves higher IOU than the general UNet++ model used in medical image analysis. This method 
effectively detects crops and weeds in complex backgrounds, providing reference material for the 
accurate application of robotic herbicides. 

Keywords: semantic segmentation; weed recognition; deep learning; image recognition; machine 
vision  

 

Introduction 

1.1. Background 

Weeds are one of the naturally grown plants that are not intentionally planted, and they have a 
significant negative impact on the growth of crops. In China, a wide variety of weeds are abundantly 
distributed, covering a considerable area. The land area where crops are affected by weeds exceeds 
73 million hectares [1], and crops suffer an average food consumption loss of 13.4% due to weeds, 
resulting in an annual loss of 17,500,000 tons of food production [2]. 

Weeds periodically grow in agricultural environments and adapt to these conditions. Fine 
cultivation of land, irrigation, and fertilizer application support crop growth while simultaneously 
providing favorable conditions for weed proliferation. Weeds compete with crops for sunlight, 
nutrients, water, and space, hinder the aeration and ventilation of crops, and affect soil temperature, 
leading to a significant decrease in crop production. This, in turn, negatively impacts the sustainable 
use of soil [3]. Therefore, controlling and managing weeds is essential to maintain or improve the 
yield and quality of crops. 

Applying pesticides is currently one of the main methods of weed control in agriculture. 
Excessive use of herbicides and indiscriminate use of pesticides can lead to environmental pollution, 
increased agricultural costs, and chemical residues. Herbicides are primarily applied through 
spraying or manual removal. Manual removal is time-consuming and inefficient. The ability to 
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quickly and accurately identify crops and weeds is crucial for automated weed control [4]. Weed 
recognition is mainly based on color, shape [5,6], spectrum, and texture [7]. 

1.2. Related Works 

In the field of agriculture, various deep learning technologies have been used for research 
reports published on yield prediction [8], disease detection [9,10], pest damage recognition [11,12], 
weed detection [13,14], and weight inspection [15,16]. 

Chao et al. [17] used a charged-couple camera to develop a machine vision system for weed 
detection in carrot farms. They created binary images that analyze the morphological features of 
carrots and weeds using color images. 

Lin et al. [18], in 2009, introduced a machine vision system for weed recognition and built a 
Support Vector Machine (SVM) classifier based on the shape characteristics of weed leaves. 

Sun et al. [19] introduced a network into the Region Proposal Network (RPN). They developed 
an improved Convolutional Neural Network (CNN) weed recognition model by combining spatial 
convolution and global pooling, recognizing crop seedlings and weeds. This method demonstrates 
the broad prospects of deep learning methods in the field of weed recognition. 

Zhou et al. [20], in 2018, proposed the UNet++ model for more accurate image segmentation. The 
advantage of UNet++ is that it improves the accuracy of the network structure through depth 
guidance and significantly reduces the number of parameters within an acceptable range. 

Wang et al. [21] proposed PCAW-UNet, based on UNet, for real-time weed segmentation. This 
model uses UNet as the main network and adds an attention mechanism module at the end of the 
model. 

Shang et al. [22] suggested a method using Res-UNet as an image segmentation network. The 
ResNet50 network can be used as a backbone network of UNet to effectively detect weeds in sugar 
beet in complex backgrounds. 

Peng et al. [23] proposed a Faster R-CNN method for recognizing cotton blight weeds in complex 
backgrounds. They used residual convolutional networks to extract image features to generate target 
candidate boxes, and Max-pooling utilized pyramid features as a downsampling method. This 
method can detect weeds in cotton fields in complex backgrounds and provide reference material for 
accurate removal. 

Convolutional Neural Networks (CNNs) [24] in deep learning have the ability to automatically 
extract target features without human intervention, effectively and automatically learn target features 
for multi-task requirements, and perform powerful target detection and recognition. With the 
application and development of Deep Convolutional Neural Networks (DCNNs) [25,26], more and 
more researchers are beginning to apply them in the field of target detection and recognition. 

2. Proposal Methods 

2.1. CBAM(Convolution Block Attention Module) 

CBAM (Convolution Block Attention Module) [27] is a module that combines spatial and 
channel attention mechanisms, mainly used in image classification and target detection tasks. The 
CBAM module is divided into two sub-modules: the channel attention mechanism [28] and the 
spatial attention mechanism [29]. 
• The channel attention module learns the weights of each channel through global average pooling 

and global max pooling of each channel, then weights the channels of the input feature map to 
create a feature map with better representation ability. 

• The spatial attention module learns the weights of each spatial location through max pooling 
and average pooling in the spatial dimension of the input feature map, then multiplies these 
weights with the original feature map to enhance useful features and suppress useless 
background. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 22 March 2024                   doi:10.20944/preprints202403.1311.v1



 3 

 

 
Figure 1. Structure of ATT-UNet. 

The CBAM's spatial attention mechanism allows this model to more effectively capture various 
location information in images compared to channel-centric models like SENet. Hence, CBAM 
generally shows superior performance in tasks like image classification and object detection. 

The attention mechanism has been added to the upsampling module of the UNet++ model. It 
helps improve the detection of local information. In weed and crop recognition, local features such 
as the shape and texture of plants are crucial for accurate classification and segmentation. By 
incorporating the attention mechanism, the model can focus more on these local features, capturing 
the boundaries and details of plants more effectively. The attention mechanism can reduce attention 
to irrelevant information, helping the model to focus more on key information. In agricultural images, 
there can be unspecified objects or areas, and using the attention mechanism, the model can 
selectively ignore this irrelevant information, improving overall performance. 

Figure 2 shows the structure of CBAM. The dimensions of the input features are C×1×1, the 
dimensions of the channel attention model are C×H×W, and the dimensions of the spatial attention 
model are 1×H×W.  

 
Figure 2. Structure of CBAM. 

CA stands for "Channel Attention", a mechanism used to enhance channel feature 
representation in convolutional neural networks. CA learns the weights of each channel through 
global average pooling or global max pooling and applies these weights to each channel of the input 
feature map, enhancing useful features and suppressing irrelevant background. Additionally, an 
advantage of CA is that it can capture a broader range of information compared to other attention 
mechanisms (e.g., Spatial Attention Mechanism) without introducing more computational costs to 
improve model performance. 

2.2. UNet Overview 

Ronneberger et al. [30] proposed UNet in 2015, an improved network based on Fully 
Convolutional Network (FCN). The UNet model is an effective platform for medical image 
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segmentation. It handles most long-range segmentation tasks. UNet consists of an encoder part (left) 
and a decoder part (right). 

UNet++ [31] introduces various depths of UNet models, as shown in the figure, providing better 
segmentation performance for objects of different sizes, improving over the fixed-depth UNet. Thus, 
all these UNet components share alternating encoders and decoders. UNet++ can train all UNets 
simultaneously. Applying pruning to the trained UNet++ has improved the inference speed and 
performance of UNet++. 

In 2021, Chen et al. proposed a TransUNet model [32]. This model, on the one hand, is used as 
an input sequence in which Transformer encodes image blocks from convolutional neural network 
(CNN) feature maps to extract global contexts. On the other hand, the decoder upsamples the 
encoded features, and then combines them with a high-resolution CNN feature map to identify the 
exact location. Figure 3-(a) shows the structure of UNet, Figure 3-(b) shows the structure of UNet++, 
and Figure 3-(c) shows the structure of TransUNet. 

(a) (b) 

 
(c) 

Figure 3. Unet strucrure over view (a) Structure of UNet, (b) Structure of UNet++, (c) Structure of 
TransUNet. 

UNet is a deep learning model applied primarily for tasks like medical image segmentation, 
improving upon the FCN(Fully Convolutional Network) structure. Inspired by FCN, UNet is 
specialized for segmentation tasks with a fully symmetrical encoder-decoder structure, making it 
more effective in segmentation tasks. 

Comparison of additional components between UNet++ and original UNet: 
1) Multi-Scale Feature Fusion: 

UNet++: UNet++ uses iterative encoder-decoder modules to progressively expand the detection 
area, capturing feature information of various scales. 

UNet: UNet uses single-scale features, which may have limitations in capturing multi-scale 
features. 
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2) Improved Upsampling Module: 
UNet++: The upsampling module of UNet++ uses the same technology as backpropagation to 

better preserve the details of the feature map and improve segmentation accuracy. 
UNet: The architecture of UNet is relatively simple and can generally be trained more easily 

than UNet++. 
3) Dense Connection: 

UNet++: UNet++ maintains skip connections at each iterative level, allowing the network to pass 
information through multiple levels, capturing multi-scale features, reducing information loss, and 
enhancing feature transfer capability. 

UNet: Traditional UNet only has single-layer skip connections and establishes only one 
connection between the encoder and decoder. 
4) Performance Improvement: 

UNet++: Thanks to multi-level skip connections and more detection areas, UNet++ generally has 
better segmentation performance, especially useful for tasks requiring detailed segmentation results 
and accurate boundaries. 

UNet: UNet performs well in various image segmentation tasks but may not be as flexible as 
UNet++ in handling multi-scale features. 
5) Application Areas: 

UNet++: UNet++ is mainly used in application areas where high-precision segmentation is 
needed, such as medical image segmentation and satellite image analysis. 

UNet: UNet is applied in various image segmentation tasks and has a simpler architecture, 
suitable for use in resource-limited environments. 
6) Computational Resource Requirements: 

UNet++: Due to its more complex structure, UNet++ typically requires more computational 
resources and longer training times. 

UNet: UNet is relatively economical in terms of computational resources. 
7) TransUNet: 

1. Global Context Detection: TransUNet, based on the Transformer structure, enables the 
model to capture global context information in images. This helps the model better 
understand the relationships between different areas of the image and perform tasks more 
accurately. 

2. Scalability: The Transformer structure offers good scalability, adapting to images of various 
sizes and resolutions. This makes TransUNet more flexible in handling different tasks and 
datasets. 

3. Self-Attention Mechanism: The model uses the self-attention mechanism to help build long-
range dependencies between different areas of the image, useful for handling overall image 
tasks. 

4. Fewer Parameters: Compared to traditional CNN-based architectures, Transformers 
typically require fewer parameters for similar or better performance. This makes the model 
lighter, resulting in relatively faster training and inference speeds. 

5. Applicability to Various Tasks: The structure of TransUNet makes it suitable for various 
computer vision tasks, such as image segmentation and object detection. This diversity 
allows the model to have applicability in multiple domains. 

By adding a CNN module to the TransUNet model, convolutional neural network (CNN) 
capabilities are introduced, better capturing local features of the image. This helps the model 
recognize details better and process images more effectively. 

3. Crop and Weed Identification System 

3.1. System Overview 

The ATT-UNet model can be divided into four structures of different depths. ATT-UNet(L1) is 
shown in Figure 4-(a), ATT-UNet(L2) in Figure 4-(b), ATT-UNet(L3) in Figure 4-(c), and ATT-UNet(L4) 
in Figure 4-(d). 
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(a) (b) 

  
(c) (d) 

Figure 4. System overview (a) Structure of ATT-UNet L1, (b)Structure of ATT-UNet L2, (c)Structure 
of ATT-UNet L3, (d)Structure of ATT-UNet L4. 

This section may be divided by subheadings. It should provide a concise and precise description 
of the experimental results, their interpretation, as well as the experimental conclusions that can be 
drawn. 

UNet++ has the advantage of choosing network structures of various depths compared to UNet, 
due to its inclusion of various depths of UNet components. All these UNet components share one 
encoder, and their decoders are interconnected. 

The improvements in UNet++ have enabled the model to better capture and preserve target 
boundary information, which is crucial for accurate segmentation of crops and weeds. Accurate 
boundary information helps better distinguish between adjacent crop and weed areas. The structural 
improvements in UNet++ have enhanced the model's robustness and generalization ability, which is 
very important for showing excellent performance in various types of agricultural images and plant 
varieties. This paper focuses on ATT-UNet (UNet++ with an attention mechanism), an improved 
version of the traditional UNet image segmentation model. Figure 1 shows this network structure, 
which is a nested UNet model with an added attention mechanism module in the upsampling. This 
model consists of four parts: downsampling, upsampling, attention mechanism, and skip 
connections. To reduce the semantic difference between encoder and decoder, UNet++ uses skip 
paths before using parallel paths.In UNet++, each encoder block skips over to obtain information and 
combines with the decoder block, allowing UNet++ to produce better results and learn better features. 

ATT-UNet is an encoder closely connected to the decoder through jump connections to fuse 
shallow and deep features. Finally, after a 1×1 convolution layer and a beta activation function, there 
are nodes. The 1×1 convolution layer and excitation function are used to output the segmented 
mapping of crops and weed images of the same original input size as shown in Figure 1. 

ATT-UNet allows for the deep supervision of all UNets simultaneously through shared image 
representations. This not only improves overall segmentation performance but also enables pruning 
of the model during the inference process. The outputs of different depth models in other plant 
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datasets (rice, sugar beet, pea) are shown in Tables 1, 2, and 3, respectively. Deep supervision means 
statistically observing and analyzing the outputs of different depths. 

Table 1. IoU Values for Rice, L1, L2, L3, L4. 

Model IOU 
ATT-UNet L1 74.27% 
ATT-UNet L2 73.51% 
ATT-UNet L3 74.28% 
ATT-UNet L4 75.03% 

Table 2. IoU Values for Sugar Beet, L1, L2, L3, L4. 

Model IOU 
ATT-UNet L1 89.76% 
ATT-UNet L2 90.24% 
ATT-UNet L3 89.06% 
ATT-UNet L4 89.42% 

Table 3. IoU Values for Pea, L1, L2, L3, L4. 

Model IOU 
ATT-UNet L1 77.96% 
ATT-UNet L2 77.78% 
ATT-UNet L3 77.02% 
ATT-UNet L4 77.60% 

3.2. Extracting Crops from Data Images 

The rice dataset is manually annotated using the labelme tool, with precise annotations for all 
images. The annotation mode is Polygons, with annotations only for rice and weed areas in the image; 
all other areas are considered background. The color of the generated label images (Label) is as 
follows: rice minari is marked in red, weeds in green, and the background in black. The labels are 
stored in png format, and the annotations are as shown in Figure 8. The rice data consists of a total of 
216 images with a resolution of 912×1024. This data was collected on July 3, 2019 [33]. The sugar beet 
image dataset used in this study was collected at the University of Bonn in Germany [34]. Image 
collection was conducted by a multifunctional robot manufactured by Bosch DeepField Robotics. The 
collection equipment is a JAIAD-130GE camera, providing a maximum resolution of 480×360 images. 
This data was collected on May 23, 2016. The pea dataset was collected in the Kumbidi region of 
Kerala, India, in 2020 [35], containing a total of 99 images and annotation information. This annotation 
information was prepared using GIMP (GNU Image Processing Program), and color codes were used 
for differentiation. Red represents weeds, green represents crops, and black represents the 
background. All images have a resolution of 1296×972. 

Figure 5 shows the BoniRob farm information collection robot, and Figure 6 displays samples 
collected from the three datasets and their labeled images. In 6-(a), the sugar beet dataset, green labels 
represent sugar beets and red labels represent weeds. The first row is the case with both sugar beets 
and weeds, the second row is with only sugar beets, and the third row is with only weeds. In 6-(b), 
the pea dataset, green labels represent peas and red labels represent weeds. The first row is the case 
with many peas and few weeds, the second row is with many weeds and few peas, and the third row 
is with few peas and weeds. 
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Figure 5. BoniRob Agricultural Information Collection Robot. 

   
(a) (b) (c) 

Figure 6. Data type (a) Sugar Beet, (b) Peas, (c) Rice Sample Collection and Marking. 

3.3. Data Preprocessing 

In terms of data processing for various datasets, we first conducted preprocessing. This includes 
normalizing each channel of each image to obtain an average intensity and distinguishing between 
plant species and other image elements (primarily soil). This step is very important for subsequent 
image analysis and model training, allowing the model to better process images and more accurately 
identify targets of interest. 

Considering the difficulty of obtaining large amounts of annotated data in actual applications, 
data augmentation is an effective way to enhance the performance of deep learning models. Through 
data augmentation, we can generate more training data from the current data. In this experiment, we 
used various data augmentation techniques such as random 90-degree rotation, random flipping, 
color and brightness adjustments, and cropping. These techniques not only increase the quantity and 
diversity of training data but also help improve the robustness and stability of the model. These 
methods effectively expand the scale of the dataset and increase the diversity of samples, allowing 
the model to improve performance in various conditions and environments, as shown in Figure 7. 
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(a) (b) 

Figure 7. (a) Random 90-degree rotation (b) random flipping. 

Additionally, these data augmentation operations help reduce duplication and dependency 
between datasets, allowing the model to better learn and identify plant characteristics in various 
environments. This strategy is particularly important for semantic segmentation tasks, ensuring the 
model works effectively not only on training data but also on unseen data. By using these detailed 
dataset processing and various data augmentation techniques, we can effectively train a powerful 
deep learning model for accurate agricultural image segmentation. This approach not only improves 
the model's generalization ability and performance but also provides a feasible method for efficient 
model training in resource-limited situations. 

3.4. Loss Function 

BCEDiceLoss loss function is increasingly popular in deep learning, especially in fields related 
to medical image segmentation [36,37]. This loss function is designed by combining Binary 
CrossEntropy and Dice coefficient loss to simultaneously address the challenges of classification and 
segmentation tasks, aiming to improve the overall performance of the model. 

Binary Cross Entropy loss is a common loss function suitable for binary classification tasks, a 
probability-based method that calculates loss by comparing the difference between model 
predictions and actual labels. This loss function is particularly suitable for handling imbalanced 
datasets, effectively dealing with the issue of positive and negative data ratios in classification tasks. 
On the other hand, Dice coefficient loss is a set-based similarity measure, especially suitable for image 
segmentation tasks. The Dice coefficient (also known as Dice similarity coefficient) measures the 
similarity of two samples by calculating the overlap area between them. In image segmentation, this 
quantifies the degree of overlap between the model's predicted segmentation area and the actual 
segmentation area. Therefore, Dice loss directly optimizes the accuracy of segmentation boundaries, 
especially when the shape and size of the target object vary significantly. 

BCEDiceLoss loss function combines the advantages of these two loss functions, allowing the 
model to achieve a good balance in both classification accuracy and segmentation accuracy. Such 
combined loss functions have effectively enhanced the model's ability to process complex images, 
particularly in scenes with uneven backgrounds and irregular target boundaries. Additionally, 
BCEDiceLoss accelerates the convergence speed of the model and makes training more efficient by 
combining these two methods. The formula for the loss function is as follows: bce ൌ െ1/2൫Y ൈ log൫σሺXሻ൯ ൅ ሺ1 െ Yሻ ൈ log൫1 െ σሺXሻ൯൯ (1)

dice ൌ 1 െ 2|X ∩ Y||X| ൅ |Y| ൅ 5 (2)

lossൌ ω ൈbce൅ሺ1 െωሻ ൈ dice (3)
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Among them, σ(·) is the sigmoid function, X is the model's prediction output, Y is the label, S=1, 
w is the equilibrium coefficient of the two loss functions, which is 0.5 here. 

3.5. Evaluation Metrics 

Mean Intersection over Union (MIoU) is an extremely important and widely used metric in the 
field of semantic segmentation [38,39]. It is particularly used to compare different models or to check 
the performance of a model on different datasets. 

The calculation of MIoU is based on the Intersection over Union (IOU) values of individual 
images. IOU is a metric for evaluating the quality of individual image segmentation, calculated as 
the ratio of the overlapping area between the actual segmentation (ground truth) and the predicted 
segmentation (model prediction) to the total area of both segments. Specifically, IOU is the ratio of 
the intersection (overlapping part) to the union (total of the two parts minus the overlapping part) of 
the two areas. This metric intuitively represents how similar the predicted segmentation is to the 
actual segmentation. MIoU is calculated using the following formula: 

MIOU= ଵ୬∑ ቂ ୘୔୊୔ା୊୒ା୘୔ቃ୧ୀଵ୬  (4)

TP (True Positive) refers to cases where the actual value is Positive, and the predicted value is 
also Positive. FN (False Negative) refers to cases where the actual value is Positive, but the predicted 
value is Negative. FP (False Positive) refers to cases where the actual value is Negative, but the 
predicted value is Positive. TN (True Negative) refers to cases where the actual value is Negative, 
and the predicted value is also Negative. 

4. Experiments and Results Analysis 

4.1. Experimental Environment 

The experimental environment for this paper is as follows. Experiments were conducted on 
Windows 10 (64-bit), Anaconda 4.10.3, Python 3.9, CUDA 11.3, cuDNN 8.2.1, and an AMD Ryzen 
95900 X 12-core processor at 3.70 GHz, using 32GB of computer memory. The deep learning 
framework PyTorch was used as the development environment. 

 The performance and generalization ability of the Semantic Segmentation model were 
improved by setting pre-trained parameters. The Adam [40] algorithm was used as the optimization 
function, with a learning rate set to 3e-4 and a minimum learning rate of 1e-4. The Momentum 
algorithm uses a physical principle that utilizes inertia to mimic the movement of objects. The 
Momentum is 0.9, weight decay is 1e-4, the loss function is BCEDiceLoss, and the cycle is 300.  

4.2. Experimental Results 

To select the most suitable model for agricultural image segmentation, TransUNet, 
CNNTransUNet, UNet, UNet++, and ATT-UNet models were compared and analyzed. The core 
metric for model performance evaluation was the test cross-union ratio (IOU). According to the 
document, ATT-UNet showed superior performance over the UNet and UNet++ models in various 
datasets, especially in processing sugar beet datasets.  

ATT-UNet achieved a performance improvement of 1.97% and 2.05% over the UNet and UNet++ 
models, respectively, in the sugar beet dataset. This result suggests that ATT-UNet can realize more 
accurate segmentation in image processing with complex backgrounds, despite the UNet and UNet++ 
already being effective models.  

In the case of the rice dataset, where data quantity was small and the rice larvae and weeds had 
similar color characteristics, UNet was more suitable than UNet++ due to UNet's simpler network 
structure and fewer parameters, making learning and convergence easier Table 5.  

ATT-UNet showed a performance improvement of 2.38% and 7.58% over the UNet and UNet++ 
models, respectively, in the pea dataset. This significant performance advantage demonstrates ATT-
UNet's ability to effectively handle complex scenes <Table 6>. 
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TransUNet and CNNTransUNet models are more suitable when the dataset is relatively small, 
with CNNTransUNet showing better performance than TransUNet in cases of large datasets. When 
comparing all five models comprehensively, although the background IOU values were similar 
across the models, ATT-UNet demonstrated superior stability and accuracy in complex 
environments. This indicates that the ATT-UNet algorithm not only performs well in large datasets 
but also in small datasets. Therefore, ATT-UNet is a highly suitable model for agricultural image 
segmentation, particularly in scenarios that require handling complex backgrounds and subtle 
differences. 

Table 4. IoU Values for Three Training Models of Sugar Beet. 

Model IOU Background Weed Beet 
UNet 89.83% 95.29% 95.71% 98.90% 

UNet++ 89.75% 95.30% 95.71% 98.91% 

ATT-UNet 91.80% 95.29% 95.73% 98.97% 

TransUNet 61.11% 66.94% 67.22% 77.75% 

CNNTransUNet 68.18% 66.88% 56.08% 80.27% 

Table 5. IoU Values for Three Training Models of Rice. 

Model IOU Background Weed Rice 

UNet 73.88% 82.90% 86.25% 89.68% 

UNet++ 74.90% 82.89% 86.26% 89.37% 

ATT-UNet 76.38% 82.91% 86.21% 89.50% 

TransUNet 77.09% 76.32% 76.44% 77.75% 

CNNTransUNet 76.91% 75.25% 76.25% 77.58% 

Table 6. IoU Values for Three Training Models of Pea. 

Model IOU Background Weed Pea 

UNet 81.17% 85.36% 90.43% 91.34% 

UNet++ 76.52% 85.32% 90.40% 91.38% 

ATT-UNet 84.10% 85.36% 90.37% 91.49% 

TransUNet 81.56% 68.77% 69.87% 93.26% 

CNNTransUNet 81.20% 68.69% 69.56% 92.85% 
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(a) (b) 

 
(c) 

Figure 8. Rice Experiment Results, (a) few weeds and many rice plants; (b) many weeds and few rice 
plants; (c) both weeds and rice plants are abundant. 
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(c) 

Figure 9. Sugar Beet Experiment Results, (a) only weeds present; (b) only sugar beets present; (c) both 
sugar beets and weeds present. 

(a) (b) 
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(c) 

Figure 10. Pea Experiment Results, (a) many peas and few weeds; (b) many weeds and few peas; (c) 
both peas and weeds are abundant. 

The results of the ATT-UNet algorithm were compared with those of the TransUNet, 
CNNTransUNet, UNet, and UNet++ algorithms. The images were presented from left to right as 
follows: the original image, the ground truth, the segmentation results of UNet, UNet++, ATT-UNet, 
TransUNet, and CNNTransUNet, respectively. In the sugar beet dataset, the background was marked 
in black, sugar beets in green, and weeds in red. For the rice dataset, the background was black, weeds 
green, and rice red. In the pea dataset, the background was black, weeds red, and peas green. We 
transformed the segmentation results into RGB format for visualization. The results were outputted 
in three folders, categorized as background, crop, and weed. The experiment showed that the ATT-
UNet algorithm had fewer false pixels and was more accurate in segmenting crop and weed images 
compared to other algorithms. 

A series of detailed experiments were designed to comprehensively evaluate the performance 
of various models in agricultural image segmentation, with a focus on their ability to distinguish 
different crops such as rice, weeds, sugar beets, and peas. These experiments simulated various real 
farm environments to deeply understand how models segment under different conditions.  

For clarity and ease of analysis of the experiment results, each segmentation result was stored in 
different folders according to the category. In the sugar beet process, particular attention was paid to 
the excellent segmentation effect shown by the ATT-UNet model. Compared to other models, ATT-
UNet demonstrated fewer pixel errors and higher segmentation accuracy, especially in complex 
scenes with dense weeds and crops. 

These experimental results prove that the ATT-UNet model not only excels in precise 
segmentation of crops and weeds but also possesses a robust capability to process agricultural images 
of various types and complexities. The application of this high-precision segmentation technology is 
expected to bring significant advantages to future agricultural robots and intelligent agricultural 
systems, realizing more accurate and efficient crop management and weed control, thus enhancing 
the overall efficiency and sustainability of agricultural production. 

5. Conclusion 

The ATT-UNet algorithm proposed in this paper is not just an addition of attention mechanisms 
to the existing UNet++ model but involves deep optimization and adjustment of the entire model 
structure. The introduction of attention mechanisms allowed the model to focus more on key 
information such as crop and weed differentiation during image processing, significantly improving 
the accuracy and efficiency of segmentation. This is particularly evident in processing complex 
backgrounds or crops and weeds with similar textures, effectively overcoming the limitations of 
traditional segmentation methods. 
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During the experimental process, the ATT-UNet model showed outstanding performance in 
several aspects. Firstly, the model demonstrated high generalization capability on various types of 
crop images, implying its effective applicability not only to the crops used during training but also 
to other types of crop images. Moreover, maintaining high efficiency and accuracy in processing large 
datasets was crucial. Despite the increased complexity of the model, effective network design and 
parameter optimization allowed it to be somewhat applicable even on devices with limited 
computational resources. 

However, effectively deploying such complex models on low-power mobile devices remains a 
challenge. Future research will focus on optimizing the model structure while reducing unnecessary 
computational costs, maintaining the model's efficiency and accuracy. This could include more 
advanced network compression techniques, lightweight network designs, and even the use of neural 
network hardware acceleration technologies. The ultimate goal is to develop a versatile model that 
provides high-precision segmentation on servers while operating efficiently on mobile devices, 
offering more robust technical support for intelligent agriculture. 

In conclusion, the development of the ATT-UNet model marks an important step in the 
advancement of modern agricultural technology, laying the foundation for the development of future 
agricultural robots and intelligent agricultural systems, not only improving the accuracy of crop and 
weed segmentation but also anticipating a more significant role for such advanced image processing 
technologies in the future of intelligent agriculture. 
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