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ABSTRACT  

The seedling stage is a relatively short but critical period in the maize growth cycle, during which rapid weeding, 

pesticide application, and fertilization are required. Crop row centreline extraction technology based on 

computer vision can assist agricultural machinery in performing automated field operations, thereby improving 

work efficiency. Therefore, improving the accuracy of crop row centreline extraction imposes higher 

requirements on existing models and algorithms. In this study, a model named Synergistic Attention YOLO 

(SA-YOLO) was proposed. The feature extraction capability for crop rows was enhanced by introducing the 

spatial and channel synergistic attention module and designing the A2C2f module integrated with switchable 

atrous convolution. In addition, a crop topological skeleton feature point extraction strategy and a collaborative 

fitting method combining principal component analysis and least squares was integrated to accurately extract 

crop row centrelines from the skeleton feature points of crop pixels within the segmented region of interest. 

Comparative experiments showed that the SA-YOLO model achieved competitive performance, with an 

average precision at IoU threshold 0.5 (AP50) of 99.1%, and a mask Intersection over Union (IoUmask) of 83.8%, 

while maintaining a lightweight architecture with only 3.72 M parameters. The mean angle error (𝐴𝑚𝑒𝑎𝑛) of crop 

row centerline extraction was 0.590°, and the mean normalized lateral error (𝐿𝑚𝑒𝑎𝑛
𝑛𝑜𝑟𝑚 ) was 0.357%. This study 

provides a new approach for exploring crop row centerline extraction in agriculture and can further enrich the 

theoretical and technical foundation for visual navigation of agricultural robots. 

 

摘要 

苗期是玉米生长周期中相对较短但关键的时期，需要快速完成除草、施药、施肥等工作。基于计算机视觉的作

物行中心线提取技术可以辅助农业机械进行自动化田间作业提高工作效率。因此，作物行中心线提取精度的提

升对现有模型与算法提出了更高的要求。本研究提出了一种名为 SA-YOLO 的模型，通过引入 SCSA 注意力模

块和设计的 A2C2f_SAConv 模块增强了对作物行特征的提取能力。此外，还集成了作物拓扑骨架特征点提取

策略与 PCA-LSM 协同拟合方法，通过分割输出的 ROI 区域内作物像素的骨架特征点来精确提取作物行中心

线。对比实验表明，SA-YOLO 模型实现了具有竞争力的性能，其 AP50 为 99.1％，IoUmask 为 83.8％，同时保

持轻量级架构，参数仅为 3.72M。作物行中心线提取产生的平均角度误差为 0.590°，归一化横向误差为

0.357%。该研究为探索农业作物行中心线提取提供了新的思路，可以进一步丰富农业机器人视觉导航的理论

和技术基础。 

 

1. INTRODUCTION 

 As one of the most important food crops worldwide, maize plays a key role in global food security. 

Achieving efficient and intelligent maize production is an important pathway to ensure food supply capacity. In 

field management during the maize seedling stage (Shahid et al., 2024), rapid and accurate recognition of 

maize row centrelines is an important foundation for autonomous navigation of agricultural machinery (Liu et 

al., 2023; Liu et al., 2024b), precision agricultural operations (Chamara et al., 2023; Huang et al., 2020), and 

crop phenotyping analysis.  
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 Therefore, constructing an accurate and efficient maize row centreline recognition method through 

intelligent means is of great significance for improving maize production efficiency and sustainable 

development capability. 

 With the gradual introduction of sensor technology and agricultural Internet of Things technology into 

modern agriculture, the methods for crop row centreline extraction have become increasingly diversified. 

Current research mainly focuses on extracting centrelines from two types of data: crop images (Song et al., 

2023) and point clouds (Jiang et al., 2025). Among these, crop point cloud data are often acquired using 

sensors such as light detection and ranging (LiDAR) (Liu et al., 2024a) and ultrasonic sensors (Bronson et al., 

2021). Point clouds can directly reflect the row structure of crops in three-dimensional space, but the high 

complexity of acquisition and processing limits their widespread application in field operations requiring high 

real-time performance (Luo et al., 2021; Fan et al., 2023). In contrast, RGB image-based methods have 

become the most commonly used data source for field row extraction due to their low acquisition cost and fast 

processing speed. However, relying solely on colour information makes it difficult to stably distinguish crops 

from soil under complex conditions such as illumination changes and weed interference, necessitating 

enhanced crop feature representation. Traditional methods enhance crop row features through operations 

such as excess green segmentation (Ban et al., 2024) and morphological operations (Cai et al., 2026) on RGB 

images. However, these methods are susceptible to field illumination, weeds, and other factors. In complex 

field environments, maize seedlings are short and sparse, occupy few pixels in the image, and lack sufficient 

morphological and textural information, making it difficult to effectively distinguish them from soil, residual film, 

and early-stage weeds (Kim et al., 2023). 

 Recently, with the continuous development of deep learning technologies, many studies have 

improved the accuracy of crop row centrelines by continuously refining deep learning networks and post-

processing fitting methods. In terms of deep learning networks, multi-scale feature extraction modules, 

attention mechanisms, or lightweight convolutions have been designed to improve segmentation accuracy 

while maintaining real-time performance (Wang et al., 2023).  

 Lv et al. (2026) proposed a DAC feature fusion architecture based on YOLOv11s and adopted LAMP 

pruning optimization. The resulting YOLO-DP network achieved 93.8% mAP50 in complex orchard 

environments. In the post-processing fitting stage, depending on different annotation strategies, feature point 

extraction methods also vary. Existing annotation strategies are mainly divided into two categories: annotating 

specific parts of each crop plant and annotating each entire crop row as a whole. Current research on 

annotating specific parts of each crop plant has gradually refined from the whole plant to more morphologically 

stable parts such as plant cores or stems (Diao et al., 2023; Li et al., 2023). This method, however, incurs high 

annotation cost and may lead to large errors in crop row centrelines due to missed or false detections. In 

contrast, the method of annotating an entire crop row as a connected region can directly guide the network to 

learn the row structure features of crops and significantly reduce annotation cost.  

 Some researchers have extracted feature points by methods such as vertical cutting of pixel strips to 

obtain centroids or centre points (Han et al., 2026). Yet, this feature point extraction method requires high 

segmentation accuracy. Because the row spacing of maize seedlings is narrow, adjacent rows are prone to 

visual adhesion, and uneven emergence or high planting density may cause local staggered interruptions (Gao 

et al., 2023), all of which can lead to deviation of the fitted centreline. Other researchers have combined deep 

learning algorithms with traditional feature enhancement methods to extract feature points.  

 For example, the Excess Green operator and Otsu method are used to segment crops and soil 

background in the region of interest (ROI), and then Features from Accelerated Segment Test (FAST) corner 

detection is used to extract crop feature points (Yang et al., 2023). Nevertheless, the FAST corner detection 

method (Chen et al., 2021) mainly targets edges and texture-rich areas and does not act on the crop main 

stem, which may eventually cause deviation and instability in feature point extraction. In the stage of centreline 

fitting based on extracted feature points, studies have used fitting algorithms such as the Least Squares 

Method (LSM) (Luo et al., 2025), Hough Transform (HT) (Chen et al., 2020), and Random Sample Consensus 

(RANSAC) (Jin et al., 2025) to extract crop centrelines. However, the LSM algorithm is sensitive to outliers; 

the HT algorithm has high computational complexity and introduces errors due to discretization of the 

parameter space; and the RANSAC algorithm suffers from fluctuating fitting results due to the instability of 

iterative random sampling and high computational overhead, with centreline errors mostly exceeding 3°, 

making it difficult to meet the high accuracy requirements of agricultural machinery navigation. 
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 Therefore, the specific contributions of this study to address the above main problems are summarized 

as follows: 

(a) This study provides an open-source Corn Seedling Row (CSR) dataset, which offers a data foundation 

for related agricultural navigation research. The dataset can be publicly accessed at 

https://github.com/Possibility007/Corn-Seedling-Row. 

(b) This study develops an open-source deep learning model, Synergistic Attention YOLO (SA-YOLO), 

which can accurately and efficiently segment crop rows, providing a lightweight perception solution for 

autonomous visual navigation of agricultural robots. 

(c) This study proposes a principal component analysis and least squares method (PCA-LSM) 

collaborative optimization method based on crop topological skeleton feature points for crop row centreline 

extraction.  

(d) The code is publicly available at https://github.com/yyyyyyu-git/SA-YOLO. 

 
2. MATERIALS AND METHODS 

 The proposed method consists of five main processes. First, an RGB camera was used to collect 

maize seedling images. The rows were annotated to establish a maize seedling row dataset. Maize seedling 

rows were segmented based on the SA-YOLO model. ROI extraction and Jet mapping were used to enhance 

maize seedling features. Finally, based on the extracted skeleton feature points, principal component analysis 

(PCA) was used to determine the main direction, and then LSM was used to recognize the row centrelines. A 

schematic overview of the method is shown in Fig. 1. 

 

 
 

Fig. 1 - Schematic diagram of the overall workflow 
 
 
 

2.1 Field image acquisition of maize seedlings 
 The maize seedling images used in this study were captured at the WanDong Comprehensive 

Experimental Station of Anhui Agricultural University in Mingguang County, Chuzhou City, Anhui Province 

(latitude 32°45′20.6″ N, longitude 118°6′55.9″ E, altitude 46 m), from July 5 to July 10, 2025. The image 

acquisition device was an Ailiguang ALI2312-SCH-SABA-IP67 monocular RGB camera, capturing images at 

1920×1536 pixels. The camera was installed at a vertical height of 2.5 m above the ground, with a tilt angle of 

50°. A total of 941 original images were collected, all saved in JPG format. The image acquisition scene and 

method are shown in Fig. 2. 
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Fig. 2 - Schematic diagram of image acquisition location and method 

(a) Data acquisition location; (b) Data acquisition scene; (c) Data acquisition method; (d) Data acquisition device;  
(b) (e) Example of acquired image. 

 

2.2 Image Annotation and Data Preprocessing 
 The model in this study is an instance segmentation model for maize seedling rows. Labelme was 

used for image annotation, and each maize row was annotated separately. Each maize row was annotated as 

an independent instance, with its mask covering an entire row of maize seedlings, forming a continuous 

management unit. The generated .json files were converted into .txt files required for model training. After 

annotation, the image dataset was split for better model training. The image dataset contained a total of 941 

images, which were divided into training, validation, and test sets at a ratio of 7:1:2. An annotation example 

for the seedling maize dataset is shown in Fig. 3, including multiple scenes such as mild weed interference, 

severe weed interference, and sparse planting. 

 
Fig. 3 - Example of dataset annotation 

(a) Mild weed interference scene; (b) Severe weed interference scene; (c) Sparse planting scene. 
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2.3 SA-YOLO model  
 To address the problems of small plants, inter-row adhesion, and complex background in maize 

seedling row segmentation, an improved model named SA-YOLO was proposed based on YOLOv12n-seg. 

The SCSA attention module was introduced into the fast pooling layer of the backbone network to enhance 

the perception of row structure, and the designed A2C2f_SAConv module was introduced into the neck 

network to improve feature extraction capability, thereby improving segmentation accuracy while maintaining 

lightweight characteristics. The structure of the improved SA-YOLO is shown in Fig. 4. 

 
Fig. 4 - Structure of the SA-YOLO model 

 

2.3.1 YOLOv12n-seg model 

 YOLOv12n-seg is a lightweight instance segmentation version of the YOLOv12 series. Its structure 

mainly consists of four parts: the input layer, attention-enhanced backbone, multi-scale fusion neck, and 

segmentation detection head. The input layer preprocesses the image to improve model robustness to different 

sizes and lighting conditions. The backbone network adopts the region attention module (A²) and the residual 

efficient layer aggregation network (R-ELAN), reducing computational complexity while enhancing feature 

extraction capability. The neck network fuses multi-scale semantic and detail information through a 

bidirectional feature pyramid structure, improving model convergence and feature representation. The 

segmentation detection head integrates object localization, classification, and pixel-level segmentation to 

output instance bounding boxes and precise masks. Although this baseline model performs well in general 

scenes, in complex field environments, maize seedling row segmentation still faces challenges such as detail 

loss and mis-segmentation in adhesive regions, necessitating targeted improvements. 

2.3.2 SCSA attention module 

 To enhance the model's perception of the spatial layout and key features of seedling rows, the Spatial 

and Channel Synergistic Attention (SCSA) module (Si et al.,2025) was introduced after the fast pooling layer 

of the YOLOv12n-seg backbone network. SCSA consists of a Shared Multi-Semantic Spatial Attention (SMSA) 

module and a Progressive Channel-wise Self-Attention (PCSA) module connected in series. Its structure is 

shown in Fig. 5. 
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Fig. 5 - Structure of the SCSA attention mechanism module 

 

 The SMSA module first performs global average pooling on the input feature map along the height and 

width dimensions, obtaining two one-dimensional feature sequences. Each sequence is then evenly divided 

into K sub-features to extract spatial information at different semantic levels in parallel. For each sub-feature, 

one-dimensional depthwise separable convolutions with kernel sizes of 3, 5, 7, and 9 are used to capture multi-

scale spatial context. The height and width dimension features are then aligned through shared convolution, 

and after concatenating the sub-features, group normalization and Sigmoid activation are applied to generate 

spatial attention weights. The calculation formulas are shown in (1)~(3). 

AttnH=σ(GHK
N (Concat (H1

X̃,H2
X̃,⋯,HK

X̃)))                                    (1) 

AttnW=σ(GWK
N (Concat (W1

X̃,W2
X̃,⋯,WK

X̃)))                                    (2) 

SWSA(X)=Xs=AttnH×AttnW×X                                           (3) 

where:  

 𝜎(∙) denotes Sigmoid normalization, and 𝐺𝐻𝐾
𝑁(∙) and  𝐺𝑊𝐾

𝑁(∙) denote group normalization along the 

H and W dimensions with K groups, respectively. 

 

 The PCSA module further performs channel-wise self-attention enhancement on the spatial features 

output by SMSA. First, progressive average pooling is applied to XS to reduce resolution while preserving key 

spatial structure. Then, three independent two-dimensional depthwise convolutions are used to generate 

Query (Q), Key (K), and Value (V). Single-head self-attention is performed in the channel domain to model 

inter-channel dependencies. Finally, global pooling and Sigmoid activation are applied to generate channel 

attention weights, which are multiplied by XS to obtain the final output. The calculation formulas are shown in 

(4)~(7). 

Xp=Pool(7,7)

(H,W)→(H',W')
(Xs)                                                         (4) 

Q=Fproj
Q

(Xp),K=Fproj
K (Xp),V=Fproj

V (Xp)                                             (5) 

Xattn=Attn(Q,K,V)=Softmax (
QKT

√C
)V                                              (6) 

PCSA(Xs)=Xc=Xs×σ (Pool
(H',W')

(H',W')→(1,1)
(Xattn))                                      (7) 
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where:  𝑃𝑜𝑜𝑙(𝑘,𝑘)
(𝐻,𝑊)→(𝐻′,𝑊′)

(∙) denotes a pooling operation with kernel size 𝑘×𝑘 that resizes the resolution 

from (H,W) to (H',W'). 𝐹𝑝𝑟𝑜𝑗(⋅) denotes the linear projections for generating query, key, and value. 

 SMSA effectively captures multi-semantic spatial information of seedlings in complex field 

environments through multi-scale convolution, while PCSA enhances feature consistency and suppresses 

redundancy through progressive channel interaction. The SCSA module significantly improves the model's 

representation ability of fine seedling features and their spatial row distribution while maintaining low 

computational overhead, providing more robust feature input for subsequent segmentation tasks. 

2.3.3 A2C2f_SAConv module 

 To address the limitation of standard convolution with a fixed receptive field that cannot adaptively 

match features at different scales, the A2C2f module in the network was replaced with an improved module 

incorporating Switchable Atrous Convolution (SAConv) (Qiao et al.,2021), named A2C2f with Switchable 

Atrous Convolution (A2C2f_SAConv). Its structure is shown in Fig. 6b. SAConv dynamically adjusts the dilation 

rate and incorporates a context-aware mechanism, enabling the network to optimize multi-scale feature fusion. 

 The core idea of SAConv is to extend the traditional static atrous convolution into a dynamic, spatially 

adaptive feature extraction mechanism. Its structure is shown in Fig. 6a. It employs multiple convolution 

branches with different dilation rates in parallel and dynamically fuses the outputs of each branch through a 

lightweight, pixel-wise learned switch function, allowing each spatial position to autonomously select the most 

suitable receptive field based on local context. In addition, SAConv integrates global context preprocessing 

and postprocessing modules, which perform global average pooling and convolution to calibrate features 

globally, further improving feature consistency and discriminability. The calculation formulas are shown in (8) 

and (9). 

S(x)=σ (Conv1×1 (AvgPool
5×5

(x)))                                                  (8) 

y=S(x)∙Conv(x,w,1)+(1-S(x))∙Conv(x,w+∆w,r)                                       (9) 

where: 

 The switch function S(x) is generated by a 5×5 average pooling layer followed by a 1×1 convolutional 

layer and normalized by the activation function 𝜎. Conv(x,w,r) denotes the convolution operation with weight 

w, hyperparameter r, and trainable weight ∆𝑤. 

 
Fig. 6 - Structure of the SAConv module 

(a) SAConv structure; (b) Difference between the A2C2f module and the A2C2f_SAConv module. 
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2.4 Crop row centreline fitting 

 In the crop row centreline fitting process, contour detection is a key factor affecting the accuracy of the 

fitted centreline. In this study, the segmentation results were used to extract the ROI region, and the skeleton 

feature points were extracted from the binary image of crops within the ROI region. Finally, PCA was used to 

determine the main direction, and LSM was used to fit these skeleton feature points to obtain the centrelines 

of maize seedling rows. 

2.4.1 Crop row skeleton feature point extraction 

 The improved SA-YOLO model was used to infer the positions of maize seedling rows through 

instance segmentation. Masks were generated from the inferred segmentation regions, and bitwise operations 

were performed with the original image to extract the ROI region (Luz et al.,2024), which eliminated a large 

amount of interference information and saved computational cost. The extraction process is shown in Fig. 7. 

After the ROI region was extracted, grayscale processing was applied to the image (Rodríguez et al., 2021). 

However, because the colour features of maize seedlings and ground soil are similar in grayscale images, 

direct binarization made it difficult to effectively segment maize. Pseudo-colour processing technology 

(Bayareh et al.,2021) significantly enhances image distinguishability by assigning different colour maps to 

different gray values; this method has been widely used in fields such as medical imaging and meteorological 

analysis. Among them, the Jet mapping, as a typical pseudo-colour algorithm, is often used to highlight detailed 

features in images due to its high colour contrast. After Jet mapping, the visual features of the maize seedling 

regions were significantly enhanced, creating favourable conditions for subsequent processing. After maize 

seedling feature enhancement, binarization was applied to the image (Surulivelu et al.,2026). Skeleton feature 

points were extracted from the binarized image. A morphological skeletonization method was used to 

iteratively delete edge pixels while preserving region connectivity, gradually thinning the crop rows into a 

single-pixel-wide topological skeleton. This process not only extracted the central feature points of the crop 

rows but also fully preserved their overall directional trend. The resulting skeleton feature point set was 

continuous, dense, and geometrically meaningful, faithfully reflecting the morphological characteristics of the 

crop rows. 

 
Fig. 7 - Flowchart of crop row centreline fitting 

 

2.4.2 Crop row centreline fitting 

 PCA robustly estimates the dominant direction of a point set, which corresponds to the eigenvector 

associated with the largest eigenvalue. However, because the fitted straight line is determined only by the 

direction of the first principal component without optimizing errors in specific directions, it remains sensitive to 

outliers. Using LSM alone, although it minimizes the error along a preset independent variable direction, if that 

direction does not match the actual deviation direction of interest, the resulting line fails to accurately reflect 

the geometric characteristics of the data. Moreover, its robustness to outliers is poor, and a few outliers can 

cause the fitting result to deviate significantly from the true trend.  
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 Therefore, this study proposed a collaborative PCA-LSM method. The skeleton feature points were 

used to fit a straight line that best represents the crop rows. First, PCA was used to determine the main 

direction of the point set. Then, based on the relative inclination angle between this main direction and the 

coordinate axes, an appropriate LSM form was selected. This method combines the directional robustness of 

PCA with the precise fitting capability of LSM, providing better tolerance to outliers and enabling extraction of 

crop row centrelines that conform to the overall distribution of the data. A schematic comparison of the three 

methods is shown in Fig. 8. 

 The calculation formula for the PCA principal direction is shown in Equation (10): 

C=
1

N-1
∑ (p

i
-p̅)(p

i
-p̅)

TN
i=1                                                             (10) 

where:  𝑃 is the centroid of the point set, 𝑃𝑖 = (𝑥𝑖 , 𝑦𝑖), and the principal direction vector is denoted as 𝑣 =

(𝑣𝑥 , 𝑣𝑦). 

 The method for selecting the appropriate least squares form is shown in Equation (11): 

S∈
2
={

min
k,b

∑ (xi-(ky
i
+b))

2
N
i=1 ,         if |vy|>|vx|

min
m,b

∑ (y
i
-(mxi+b))

2

,         if |vy|<|vx|
N
i=1

                                           (11) 

   

(a) (b) (c) 

Fig. 8 - Schematic diagrams of three methods 
(a) Schematic diagram of the PCA method; (b) Schematic diagram of the LSM method; (c) Schematic diagram of the PCA-LSM method. 

 

3. RESULTS AND DISCUSSION 

3.1 Training environment and evaluation metrics 

3.1.1 Parameter settings and model training 

 The model training platform in this experiment used an NVIDIA GeForce RTX 4050 GPU, a 13th Gen 

Intel(R) Core(TM) i7-13620H processor, 6 GB of video memory, and the Windows 11 operating system. The 

programming language was Python 3.12, the software platform was PyCharm 2023.2.4, the PyTorch 

framework version was 2.0.0, and the CUDA version was 11.8. Stochastic gradient descent was used for 

training. The image resolution was set to 640×640 pixels, the momentum was 0.937, and the weight decay 

coefficient was 0.0005. The initial learning rate was set to 0.01, and the number of training epochs was 100. 

3.1.2 Segmentation evaluation 

 To evaluate the performance of the improved network for maize seedling row segmentation in field 

scenes, metrics at the mask level, including Precision (P), Recall (R), Average Precision (AP50), and mask 

Intersection over Union (IoUmask), were adopted to assess model performance. Among them, AP50 is the area 

under the precision-recall curve, which comprehensively measures the model's detection capability for a single 

class and serves as the core metric for evaluating overall network performance. The calculation formulas for 

the specific parameters are shown in Equations (12)~(15). 

P=
TP

TP+FP
                                                                           (12) 

R=
TP

TP+FN
                                                                          (13) 

APi=∫ Pi(Ri)dRi

1

0
                                                                 (14) 

IoUmask=
Area(Maskpredicted∩Maskground_truth)

Area(Maskpredicted∪Maskground_truth)
                                                 (15) 

where:  
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 TP (True Positive), FP (False Positive), and FN (False Negative) in Equations (12)~(14) are defined 

at the instance level: TP is the number of correctly segmented maize seedling row instances, FP is the number 

of incorrectly segmented instances, and FN is the number of missed instances. Equation (15) computes the 

pixel-level mask IoU for a single matched instance using mask areas. 

 

3.1.3 Centreline extraction evaluation 

 To quantify the accuracy of the extracted crop row centrelines, evaluation metrics based on the lateral 

error and angle error between the predicted centreline and the ground truth centreline were constructed. The 

test image set was defined as 𝑆𝑖𝑚𝑎𝑔𝑒𝑠, the total number of images was 𝑘 = |𝑆𝑖𝑚𝑎𝑔𝑒𝑠|, i=1, 2, …, k. The mean 

normalized lateral error (𝐿𝑚𝑒𝑎𝑛
𝑛𝑜𝑟𝑚 ), the standard deviation of lateral error (𝐿𝑠𝑡𝑑

𝑛𝑜𝑟𝑚), the mean angle error (𝐴𝑚𝑒𝑎𝑛), 

and the standard deviation of angle error (𝐴𝑠𝑡𝑑) were used to reflect the average deviation level of the predicted 

navigation line relative to the ground truth centerline across all images. Smaller values indicate higher overall 

fitting accuracy. The calculation principle of this method is shown in Fig. 9. The formulas for comprehensive 

evaluation of navigation line accuracy and stability are shown in Equations (16)~(19). 

Lmean
norm=

1

k
∑ Ls

norm
s∈Simages

                                                              (16) 

Lstd
norm=√

1

k
∑ (LS

norm-Lmean
norm)2

s∈Simages
                                                    (17) 

Amean=
1

k
∑ θi

k
i=1                                                                       (18) 

Astd=√
1

k-1
∑ (θi-Amean)2k

i=1                                                            (19) 

 
Fig. 9 - Schematic diagram of centreline extraction accuracy evaluation 

 
 

3.2 Comparison of different segmentation models 

 To validate the performance of the SA-YOLO model, comparative experiments were conducted against 

YOLOv5n-seg, YOLOv8n-seg, YOLOv11n-seg, and the baseline YOLOv12n-seg in a complex maize field 

environment at the seedling stage. The results are shown in Table 1. The SA-YOLO model achieved the best 

segmentation accuracy, with an AP50 of 99.1% and an IoUmask of 83.8%, which was 1.5% higher than the 

suboptimal YOLOv8n-seg model. It also maintained leading performance in both precision and recall, 

indicating that the model can more completely and accurately identify maize row regions. From a lightweight 

perspective, although YOLOv5n-seg had the smallest number of parameters, its AP50 was relatively low. The 

YOLOv11n-seg model achieves the same P and AP50 as the SA-YOLO model, but its IoUmask is 2.0 percentage 

points lower. Under a lightweight configuration with only 3.72 M parameters and 8.9 Giga Floating Point 

Operations (GFLOPs) of computation, SA-YOLO achieved an inference speed of 161.29 Frames Per Second 

(FPS), which was an improvement over the baseline YOLOv12n-seg's 153.85 FPS. Compared with the 

baseline YOLOv12n-seg, SA-YOLO increased AP50 by 0.3 percentage points and IoUmask by 5.0 percentage 

points, validating the effectiveness of the proposed improved modules in enhancing feature extraction 

capability and segmentation accuracy.  
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Table 1 

Comparison of detection performance of different network models 

Model 
P  

(%) 

R  

(%) 

AP50  

(%) 

AP50-95  

(%) 

IoUmask  

(%) 
FPS 

Inference Times 

(ms) 

Parameters 

(M) 
GFLOPs 

Model size 

(MB) 

YOLOv5n-

seg 
96.5 94.7 98.5 65.2 82.2 117.65 8.5 1.88 6.7 4.1 

YOLOv8n-

seg 
96.6 98.0 98.9 66.8 82.3 232.56 4.3 3.26 12.0 6.8 

YOLOv11n-

seg 
96.5 98.4 99.1 65.2 81.8 185.19 5.4 2.83 10.2 6.0 

YOLOv12n-

seg 
95.6 97.4 98.8 64.2 78.8 153.85 6.5 2.81 10.2 6.1 

SA-YOLO 96.5 98.0 99.1 64.0 83.8 161.29 6.2 3.72 8.9 7.8 

 

 Maize seedling row images from different scenes, including mild weed interference, severe weed 

interference, and sparse planting, were randomly selected from the dataset for recognition experiments. As 

shown in Fig. 10, under the mild weed interference scene, the SA-YOLO model successfully segments 9 rows 

of maize seedlings, while other models all suffered from missed segmentation. Under the severe weed 

interference scene, YOLOv8n-seg had incomplete segmentation boundaries within the yellow box, affecting 

row continuity, and YOLOv12n-seg had false detection of weeds as maize rows within the red box. Under the 

sparse planting scene, the models exhibited blurred boundaries. YOLOv8n-seg and SA-YOLO showed some 

adhesion between rows within the white box. Across the three scenes, SA-YOLO successfully segmented the 

most rows of maize seedlings. 

Original image 

   

YOLOv5n-seg 

   

YOLOv8n-seg 

   

YOLOv11n-seg 
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YOLOv12n-seg 

   

SA-YOLO 

   

 (a) (b) (c) 

Fig. 10 - Segmentation results of five models under different scenes 
(a) Segmentation results in mild weed interference scene; (b) Segmentation results in severe weed interference scene;  
(c) Segmentation results in sparse planting scene. The yellow boxes indicate incomplete segmentation regions, the white 

boxes indicate inter-row adhesion regions, and the red boxes indicate false segmentation of weeds. 
 

 Based on the above data, the improved SA-YOLO model in this study can accurately segment maize 

seedling rows in the above scenes, demonstrating that the introduction of the SCSA attention mechanism and 

the designed A2C2f_SAConv module can achieve better maize row segmentation accuracy in complex field 

environments, providing theoretical and technical support for the application of agricultural navigation systems 

(Lopes et al., 2025). 

3.3 Ablation experiments 

 To validate the effectiveness of each improved module, ablation experiments were conducted by 

sequentially introducing A2C2f_SAConv, SCSA and CBAM modules into the YOLOv12n-seg baseline model. 

The results are shown in Table 2. The baseline model achieved AP₅₀, AP₅₀₋₉₅, and IoUmask of 98.8%, 64.2%, 

and 78.8%, respectively, on the test set. After introducing only the A2C2f_SAConv module, AP₅₀ increased to 

99.1%, IoUmask increased by 5.0 percentage points to 83.8%, and the parameter count increased by only 0.91 

M, indicating that this module effectively enhances multi-scale feature extraction capability through switchable 

atrous convolution while maintaining lightweight advantages (Hu et al., 2025). Adding only the SCSA attention 

module achieved an AP₅₀ of 98.9% and an IoUmask of 81.6% with no increase in parameter count, validating 

the effectiveness of the SCSA spatial and channel synergistic attention mechanism. In contrast, introducing 

only the Convolutional Block Attention Module (CBAM) module gave an AP₅₀ of 98.9% and an IoUmask of 82.5%, 

with a slight increase in parameters (Arthur et al., 2025; Guo et al., 2023). 

Table 2 

Ablation experiment results of YOLOv12n-seg 

A2C2f_SA
Conv 

SCSA CBAM 
P  

(%) 
R  

(%) 
AP50  
(%) 

AP50-95 

(%) 
IoUmask  

(%) 
FPS 

Inference 
Times 
(ms) 

Parameters 
(M) 

GFLOPs 
Model 

size (MB) 

× × × 95.6 97.4 98.8 64.2 78.8 153.85 6.5 2.81 10.2 6.1 

√ × × 96.3 98.3 99.1 64.6 83.8 178.57 5.6 3.72 8.9 7.7 

× √ × 95.9 98.1 98.9 64.6 81.6 163.93 6.1 2.81 10.2 6.1 

× × √ 95.6 98.0 98.9 65.4 82.5 196.08 5.1 2.83 9.6 6.1 

√ √ × 96.5 98.0 99.1 64.0 83.8 161.29 6.2 3.72 8.9 7.8 

√ × √ 97.2 96.8 99.0 64.9 83.5 181.82 5.5 3.73 8.3 7.8 
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 Although optimization with a single module can improve model performance, more significant 

breakthroughs rely on synergy and combination among modules (Liu et al.,2022; Shao et al., 2026; Gao et al., 

2024; Meng et al., 2024). When both A2C2f_SAConv and SCSA were introduced, the model achieved the 

best performance, with AP50 of 99.1%, IoUmask of 83.8%, P and R of 96.5% and 98.0%, respectively, and an 

inference speed of 161.29 FPS. However, introducing both A2C2f_SAConv and CBAM did not bring gains and 

reduced recall by 1.2 percentage points. Fig. 11 shows the performance curves of the ablation experiments, 

intuitively demonstrating the improvement in segmentation performance before and after the improvements. 

   
(a) (b) (c) 

Fig. 11 - Performance curve comparison of improved algorithms 
(a) Comparison of average precision curves of YOLOv12; (b) Comparison of precision curves of YOLOv12;  

(c) Comparison of recall curves of YOLOv12. YOLO refers to the YOLOv12n-seg model,  

and YOLO-AS refers to YOLOv12n-seg with the A2C2f_SAConv module. 

 

 To further visually compare and evaluate segmentation accuracy and understand the model's decision 

basis, heatmaps of maize seedling row image detection were used, as shown in Fig. 12. It can be seen that 

the heatmap of the SA-YOLO model is closer to the actual maize seedling row regions. In Fig. 12a, the 

boundaries indicated by the two straight lines are the boundaries that the model should accurately segment. 

Fig. 12b shows the heatmap of the YOLOv12n-seg baseline model, where the soil regions between adjacent 

crop rows exhibited weak boundary discrimination ability, leading to blurred boundaries between rows and 

incomplete segmentation at farther distances. Fig. 12c and Fig. 12d are heatmaps of the models with the 

A2C2f_SAConv convolution module and the SCSA attention mechanism module, respectively. The 

introduction of the A2C2f_SAConv module provided more complete activation of long maize seedling rows by 

expanding the receptive field, and the heatmap values at the far right were higher than those of the baseline 

model. The introduction of the SCSA attention mechanism module helped the model better distinguish the 

difference between maize seedling rows and the background, resulting in higher heatmap values at the maize 

seedling rows and clearer differentiation at the boundaries. Fig.12e shows the heatmap of the SA-YOLO 

model. Compared with the YOLOv12n-seg baseline model, the boundaries are clearer and the activation of 

maize seedling rows is more complete. 

 
Fig. 12 - Heatmaps of maize seedling row image detection 

The red regions represent the areas of greatest focus for the model, the yellow regions represent areas of secondary importance, and 

the blue regions represent areas with the least influence, typically representing redundant information. 
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3.4 Crop row centreline detection experiments 

3.4.1 Crop row centreline detection using different methods 

 From a test dataset of 189 maize seedling row images, crop row centrelines were extracted using PCA 

(Zhang et al.,2024a), LSM (Ju et al.,2024), and the proposed PCA-LSM method, and were also compared with 

the traditional HT method (Chen et al.,2025) and the RANSAC method (Zhang et al.,2024b). The quantitative 

results are shown in Table 3. As shown in the table, the PCA method achieved a 𝐴𝑚𝑒𝑎𝑛 of 0.613°, a 𝐿𝑚𝑒𝑎𝑛
𝑛𝑜𝑟𝑚  of 

0.359%, and a mean pixel lateral error of 6.90 pixels. The LSM method achieved a 𝐴𝑚𝑒𝑎𝑛 of 0.590°, a 𝐿𝑚𝑒𝑎𝑛
𝑛𝑜𝑟𝑚  

of 0.357%, and a mean pixel lateral error of 6.85 pixels. The results of the PCA-LSM method were exactly the 

same as those of the LSM method, with all metrics identical. The reason for this is that the maize rows in the 

test images were approximately vertical, causing PCA-LSM to always select the vertical fitting form, which is 

mathematically equivalent to LSM. Although PCA was slightly better in stability, LSM had a slight advantage 

in mean values. Overall, all three methods could effectively extract crop row centrelines, with angle errors all 

below 0.7° and pixel errors below 7 pixels, meeting the basic accuracy requirements for visual navigation of 

agricultural robots. The PCA-LSM method automatically degenerated to LSM on the vertical row dataset, 

verifying the correctness of its adaptive selection.  

Table 3 Comparison of crop row centreline detection results using different methods 

Fitting method Scene 
Mean angle error 

(°) 
Mean normalized lateral 

error (%) 
Mean pixel lateral error 

(px) 

HT (Chen et 
al.,2025) 

Maize seedling 2.600 - 10.78 

RANSAC (Zhang et 
al.,2024b) 

Rice 
transplanting 

0.776 0.730 4.69 

PCA Maize seedling 0.613 0.359 6.90 

LSM Maize seedling 0.590 0.357 6.85 

This study Maize seedling 0.590 0.357 6.85 

 

 Compared with the RANSAC method, its 𝐴𝑚𝑒𝑎𝑛 of 0.776° and 𝐿𝑚𝑒𝑎𝑛
𝑛𝑜𝑟𝑚  of 0.730% were both higher than 

those of the proposed algorithm, while its mean pixel lateral error of 4.69 pixels was better than that of our 

method because of the different image resolutions. The image size in this study was 1920×1536 pixels, while 

the image size in that study was 1280×1024 pixels. Under the same maize seedling scene, the HT method 

achieved a 𝐴𝑚𝑒𝑎𝑛 of 2.600°, far higher than that of the PCA-LSM method used in this study. The reason for 

this is discussed as follows. Most fitting algorithms are based on object detection methods, using the center 

point or bottom midpoint of the detection box as feature points, which may introduce fitting errors due to 

discrete or missing plants. Alternatively, instance segmentation or semantic segmentation methods obtain 

feature points by calculating the centroids of connected regions or directly extract the skeleton of inter-row 

regions, both of which can cause overall deviation of the navigation line due to segmentation breaks or mis-

segmentation. Centreline extraction methods that directly act on the crop itself usually use corner detection 

algorithms such as FAST to extract feature points. The feature points extracted by such methods are mainly 

from the leaf regions of the crop rather than the main stem regions of the crop rows, ultimately resulting in 

fitted centrelines that deviate from the crop main stem and are unstable. Compared with existing mainstream 

methods, the row-unit instance segmentation annotation adopted in this study provides a more structurally 

consistent learning target for the model. Meanwhile, the skeleton feature point extraction method proposed in 

this study directly acts on the crop itself, using an image thinning algorithm to extract the topological midline 

of the crop. This method not only preserves the complete geometric orientation information of the crop rows 

but also has a natural ability to suppress noise at segmentation edges. Traditional methods require high 

segmentation accuracy, whereas this study only uses segmentation to extract the ROI region to reduce noise 

interference, avoiding overall deviation of the navigation line due to segmentation breaks or mis-segmentation, 

and providing a feature point set with more uniform spatial distribution and higher geometric fidelity for 

subsequent navigation line fitting. 

 

3.4.2 Crop row centreline detection of different models in complex scenes 

 To validate the effectiveness of the proposed SA-YOLO model in crop row centreline extraction, 

comparative experiments were conducted against the baseline YOLOv12n-seg model. The error statistics of 

the two models are shown in Table 4. 
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Table 4 

Comparison of crop row centreline detection results of different models 

Model 
Angle error (°) Normalized lateral error (%) 

Mean Std Mean Std 

YOLOv12n-seg 0.622 0.530 0.379 0.433 

SA-YOLO 0.590 0.498 0.357 0.428 

 

 The proposed SA-YOLO model outperformed the baseline YOLOv12n-seg model in all metrics. In terms 

of angle error, the mean of SA-YOLO decreased from 0.622° to 0.590°, a relative reduction of 5.1%; the 

standard deviation decreased from 0.530° to 0.498°, a relative reduction of 6.0%. This indicates that the row 

lines extracted by SA-YOLO are closer to the ground truth rows, with better stability across different scenes. 

In terms of normalized lateral error, the mean of SA-YOLO decreased from 0.379% to 0.357%, a relative 

reduction of 5.8%. The standard deviation remained essentially unchanged, indicating that SA-YOLO improved 

accuracy while maintaining stability. The introduction and design of the SCSA attention module and the 

A2C2f_SAConv module enriched contextual information and preserved shallow details, enabling the model to 

more accurately locate crop row centres. Fig. 13 shows the crop row centreline detection performance of 

YOLOv12n-seg and SA-YOLO in mild weed interference, severe weed interference, and sparse planting 

scenes, respectively. 

 

   

   

   

(a) (b) (c) 

Fig. 13 - Crop row centreline detection results under different scenes  

(a) Detection scenes; (b) Detection results of YOLOv12n-seg model; (c) Detection results of SA-YOLO model. 
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3.4.3 Comparison with related studies 

 To further evaluate the superiority of the proposed navigation method, our method was compared with 

other related studies. As shown in Table 5, under field crop environments, our method achieved lower mean 

angle error and mean normalized lateral error than other state-of-the-art deep learning methods. In addition, it 

is worth noting that the mean pixel errors of the navigation line generation methods using YOLOX-Nano and 

Faster R-CNN architectures in jujube orchard and kiwifruit orchard environments, respectively (Zheng et al., 

2023; Ma et al., 2021), were slightly lower than our mean lateral pixel error in the maize seedling field. This 

phenomenon can be explained by the fact that the field scene is more complex than orchards, with weaker 

illumination, more occlusion, and unstructured environments. The main reason is also the larger image width 

in this study compared with those studies. Compared with other advanced methods (Lai et al., 2026), the 

proposed method has stronger robustness and generalization ability and can meet the navigation requirements 

of maize seedling fields. 

Table 5 
Performance comparison of different crop row line extraction methods 

Reference Scene Network 
Mean angle 

error (°) 

Mean 
normalized 
lateral error 

(%) 

Mean pixel 
lateral error 

(px) 

(Kong et al., 2025) Heading rice SEU-Enet 1.910 - - 

(Lai et al., 2026) Multiple seedling crops YOLO-SSR - 0.720 - 

(Zheng et al., 2023) Jujube orchard YOLOX-Nano 2.550 0.700 4.49 

(Ma et al., 2021) Kiwifruit orchard Faster R-CNN 3.200 0.340 5.10 

This study Maize seedling SA-YOLO 0.590 0.357 6.85 

 

 Although the proposed method has clear advantages in accuracy, there are still some limitations. The 

parameter count of the model is 3.72 M, which is higher than that of the SEU-Enet model of Kong et al. (2025) 

(approximately 0.094 M), leaving room for optimization in extreme lightweight scenarios. This study mainly 

focused on the accuracy analysis of navigation line extraction and has not yet performed end-to-end real-time 

testing on actual agricultural machinery platforms. 

 

4. CONCLUSIONS 

 In this study, to address the problem of crop row centreline extraction for visual navigation of agricultural 

robots, the SA-YOLO model was constructed, and a crop-based skeleton feature point extraction method and 

a corresponding crop row centreline extraction method were designed. The model enhanced feature extraction 

capability by introducing the SCSA attention module and replacing the original A2C2f module with the designed 

A2C2f_SAConv module, achieving accurate segmentation of crop row regions. In the crop row centreline 

extraction stage, the constructed skeleton feature point extraction and PCA-LSM joint optimization method 

effectively improved the accuracy of crop row centrelines. The experimental results showed that the IoUmask, 

AP50, P, and R scores of the SA-YOLO model were 83.8%, 99.1%, 96.5%, and 98.0%, respectively. Compared 

with the other four models, it exhibited higher recognition accuracy while maintaining faster segmentation 

speed. Second, regarding the proposed algorithm, the 𝐴𝑚𝑒𝑎𝑛 is reduced to 0.590° and its 𝐴𝑠𝑡𝑑 to 0.498°, while 

the 𝐿𝑚𝑒𝑎𝑛
𝑛𝑜𝑟𝑚  is reduced to 0.357% and its 𝐿𝑠𝑡𝑑

𝑛𝑜𝑟𝑚  to 0.428%. All the above metrics satisfy the precision 

requirements of autonomous agricultural machinery. However, several aspects of the proposed model require 

further improvement. The validation of the model was mainly focused on the crop seedling stage, and its 

applicability in other growth stage scenes needs further verification. Therefore, future work will include more 

crop species, more growth stages, and more samples from complex environments to promote the practical 

application of the algorithm. 
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