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Abstract: Field crops are usually planted in rows, and accurate identification and extraction of
crop row centerline is the key to realize autonomous navigation and safe operation of agricultural
machinery. However, the diversity of crop species and morphology, as well as field noise such as
weeds and light, often lead to poor crop detection in complex farming environments. In addition, the
curvature of crop rows also poses a challenge to the safety of farm machinery during travel. In this
study, a combined multi-crop row centerline extraction algorithm is proposed based on improved
YOLOv8 (You Only Look Once-v8) model, threshold DBSCAN (Density-Based Spatial Clustering of
Applications with Noise) clustering, least squares method, and B-spline curves. For the detection of
multiple crops, a DCGA-YOLOv8 model is developed by introducing deformable convolution and
global attention mechanism (GAM) on the original YOLOv8 model. The introduction of deformable
convolution can obtain more fine-grained spatial information and adapt to crops of different sizes and
shapes, while the combination of GAM can pay more attention to the important feature areas of crops.
The experimental results shown that the F1-score and mAP value of the DCGA-YOLOv8 model for
Cabbage, Kohlrabi, and Rice are 96.4%, 97.1%, 95.9% and 98.9%, 99.2%, 99.1%, respectively, which has
good generalization and robustness. A threshold-DBSCAN algorithm was proposed to implement
clustering for each row of crops. The correct clustering rate for Cabbage, Kohlrabi and Rice reaches
98.9%, 97.9%, and 100%, respectively. And LSM and cubic B-spline curve methods were applied to fit
straight and curved crop rows, respectively. In addition, this study constructed a risk optimization
function for the wheel model to further improve the safety of agricultural machines operating between
crop rows. This indicates that the proposed method can effectively realize the accurate recognition
and extraction of navigation lines of different crops in complex farmland environment, and improve
the safety and stability of visual navigation and field operation of agricultural machines.

Keywords: crop row detection; DCGA-YOLOv8 network; threshold DBSCAN clustering; B-spline
curve method

1. Introduction

In recent years, with population growth and environmental degradation, the efficient
and safe production of food has become a topical issue in international agricultural de-
velopment [1]. Despite the technological advances in agriculture over the past decades,
there are still many tasks that depend on hard labor. The development of intelligent farm
equipment and agricultural robots can effectively alleviate labor demand and improve
production efficiency [2,3]. Safe and autonomous navigation of agricultural robots during
field operations is a key technology for realizing precision agriculture [4]. The navigation
system can safely guide the agricultural machinery along the desired path of its low price,
complete information acquisition, and wide detection information [5,6]. Since most field
crops are generally planted or cultivated in rows, the path of agricultural machines in the
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field follows an s-shaped curve along the crop rows, so the accurate identification and
extraction of the centerline of the crop rows is crucial for realizing the visual navigation
of agricultural machinery [7]. Accurate crop row detection and agricultural machinery
trajectory planning can reduce the fuel consumption and production cost of agricultural
machinery and improve the utilization rate and operation efficiency of farm machinery.
In addition, the optimized track of agricultural machinery can reduce crop losses during
agricultural operations and improve the sustainability of agricultural production.

At present, traditional methods and deep-learning-based methods are the two main re-
search directions in the field of crop row centerline recognition [8]. However, the traditional
crop line detection scheme is vulnerable to various environmental factors such as light and
shadow [9]. The application of deep learning algorithms can effectively overcome some
of the limitations of the traditional methods and can detect crop rows in the presence of
changing illumination, object size and position, weed shading, and background [10,11]. In
recent years, the combination of deep learning algorithms and vision sensors has received
widespread attention in the field of crop row detection. Crop row detection work based
on deep learning is mainly implemented by predicting crop row masks as binary images
through image segmentation methods [12]. UNet is a relatively common and simple seman-
tic segmentation network in the field of crop row detection [13]. Li et al. [14], Yang et al. [15],
De Silva et al. [12], and Diao et al. [16] respectively enhanced and optimized the traditional
UNet network in different aspects, to improve the segmentation accuracy of crop rows
and backgrounds, and reduce the training time. Aiming at the problem of inhomogeneous
contours of strawberry crop rows, Ponnambalam et al. [17] implemented the identification
of strawberry crop rows and the fitting of traversable area trajectories based on an improved
SegNet network and an adaptive multi-ROI algorithm. Considering the existence of sparse
and dense regions in crop rows, Pang et al. [18] developed an innovative instance seg-
mentation algorithm, MaxArea Mask Scoring RCNN, which specifically improve the mask
scoring of the traditional Mask RCNN network and could effectively segment crop rows in
different regions regardless of the topographic conditions. However, crop row detection
methods based on semantic segmentation are not obvious to crop boundary information,
and most of the studies converted the crop rows into a rough long rectangular bar for mask
prediction, ignoring the edge information of each crop [19]. On the other hand, semantic
segmentation-based crop row detection models have higher computational complexity and
require larger training datasets due to the need for pixel-level annotation [20]. In addition
to semantic segmentation-based approaches, the application of object detection techniques
emerges as a viable alternative for effectively detecting crop rows. The precise location of
crops in the image is the basis of accurate extraction of navigation lines. Khan et al. [21]
introduced the ResNet-101 network into the Faster RCNN model and optimized the anchor
point (pre-selected box) and feature extraction modules to achieve accurate detection of
pea and strawberry crops in a real agricultural environment. To address the effect of
random weed distribution on rice seedling row identification, Wang et al. [22] proposed
an improved PosiFocalLoss-Yolov5 (PFL-Yolov5) network to automatically identify rice
seedling locations, and then the sub-region growing and outlier removal algorithms were
used to fit the seedling row centerlines. Aiming at different growth periods and growing
environments of maize crops, Diao et al. [23] proposed a new spatial pyramid pooling
structure to improve the YOLOv8s network, which improves the detection accuracy of
maize plant cores, and enhances the adaptability of navigational line extraction in the
complex farmland environment.

Existing deep-learning-based crop row detection methods mainly localize a single crop
or crop row individually, and do not consider a variety of crops in the field environment,
which has poor generalization ability. In addition, crops grow differently in the farmland,
and crops of the same type also differ in shape and size. Traditional target detection
networks have limitations in extracting features of crops with different morphologies,
which will affect the accuracy of crop detection. On the other hand, most of the current
research on crop row detection only focuses on straight crop rows, with little research on
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curved crop rows. Curved crop rows usually have irregular shapes, uncertain dimensional
variations, and crop rows may obscure and overlap each other, which affect the accuracy
and fitness of object detection [8,24].

In allusion to the above problems, this paper proposes a multi-crop navigation line
extraction method based on improved YOLO-v8 and threshold-DBSCAN algorithm under
complex agricultural environments. The detailed process and goals are as follows: (1) develop
an improved YOLOv8 model DCGA-YOLOv8 combined with deformable convolution and
global attention mechanism (GAM) to realize automatic and efficient detection of different
crop rows in complex environments; (2) apply a combined crop line fitting method based
on DBSCAN cluster analysis, LSM, and B-spline curve method to generate straight and
curved crop lines; (3) construct a risk optimization function of the wheel model on the basis
of the attitude of the agricultural machinery relative to the crop or the crop row.

2. Materials and Methods
2.1. Multi-Crop Data Collection and Annotation

In this study, the cabbage dataset and the kohlrabi dataset were collected in Nanjing,
Jiangsu Province, and each crop dataset contained 400 images. In each dataset, 200 images
were acquired from different angles using a handheld Sony IMX386 camera (Atsugi-shi,
Japan) and a DJI drone (Beijing, China), respectively. The angle view of cameras was
set between 30 and 45 degrees to provide crop images from multiple angles. In order
to further study the problem of multi-crop detection under complex field conditions, a
seeding dataset containing 400 seedling images was acquired from the Internet, collected
by [25]. Crops are grown in environments with varying weed densities, and the same crops
are also inconsistent in shape and size. The collected images were all saved in JPG format
with a resolution of 4032 × 3024 pixels, as shown in Figure 1.
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Figure 1. Representative multi-crop rows.

In order to avoid model overfitting, data augmentation methods such as cropping,
flipping, and translation were applied to various crop images, expanding the number of
datasets to three times the original number. The dataset is divided into a training set and a
test set with a 3:1 ratio, where there are 2700 images in the training set (cabbage, kohlrabi,
seedling: 900) and 900 images in the test set (cabbage, kohlrabi, seedling: 300). Each image
contains more than ten crops, so the number of crops used for training is more than 10,000.
LabelImg-v1.8.6 image annotation software was used to manually label the rectangular
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area of the crop image. The annotation files are saved in XML format and then converted
to TXT format.

2.2. YOLOv8 Detection Model

YOLO (You Only Look Once) series is a one-stage, real-time object detection model
based on convolutional neural Network (CNN) [26]. The popularity of YOLO is due to the
fact that it can fuse features more efficiently and output highly accurate detection results
while maintaining a lightweight network architecture. YOLOv8 is the latest version of
the YOLO detection model, which introduces new features and improvements over the
previous YOLO versions to further enhance detection performance and flexibility. The
YOLOv8 model is anchor-free, which reduces the number of box predictions, speeds up
non-maxima suppression, and improves detection efficiency. To meet the requirements
of various research, YOLOv8 provides five different scale models (n, s, m, l, x) based on
scale factors similar to those of YOLOv5. The YOLOv8 network mainly includes Backbone,
Neck, and Head modules, which are used for feature extraction, multi-feature fusion and
prediction output, respectively. The network structure is shown in Figure 2.

Agriculture 2024, 14, x FOR PEER REVIEW  4  of  21 
 

 

a test set with a 3:1 ratio, where there are 2700 images in the training set (cabbage, kohlrabi, 

seedling: 900) and 900 images in the test set (cabbage, kohlrabi, seedling: 300). Each image 

contains more than ten crops, so the number of crops used for training is more than 10,000. 

LabelImg-v1.8.6  image annotation software was used to manually  label the rectangular 

area of the crop image. The annotation files are saved in XML format and then converted 

to TXT format. 

2.2. YOLOv8 Detection Model 

YOLO (You Only Look Once) series is a one-stage, real-time object detection model 

based on convolutional neural Network (CNN) [26]. The popularity of YOLO is due to the 

fact that it can fuse features more efficiently and output highly accurate detection results 

while maintaining a lightweight network architecture. YOLOv8 is the latest version of the 

YOLO detection model, which introduces new features and improvements over the pre-

vious  YOLO  versions  to  further  enhance  detection  performance  and  flexibility.  The 

YOLOv8 model is anchor-free, which reduces the number of box predictions, speeds up 

non-maxima suppression, and improves detection efficiency. To meet the requirements of 

various research, YOLOv8 provides five different scale models (n, s, m, l, x) based on scale 

factors  similar  to  those of YOLOv5. The YOLOv8 network mainly  includes Backbone, 

Neck, and Head modules, which are used for feature extraction, multi-feature fusion and 

prediction output, respectively. The network structure is shown in Figure 2. 

 

Figure 2. The network structure of YOLOv8. 

Backbone module: Same as the YOLOv5 architecture, YOLOv8 also uses the Spatial 

Pyramid Pooling Fusion (SPPF) module, which effectively avoids problems such as image 

distortion caused by cropping and scaling operations on the  image regions and signifi-

cantly enhances the generalization ability of the model [27]. Referring to the design con-

cept of ELAN (Efficient Layer Aggregation Network), YOLOv8 replaces the C3 structure 

Figure 2. The network structure of YOLOv8.

Backbone module: Same as the YOLOv5 architecture, YOLOv8 also uses the Spatial
Pyramid Pooling Fusion (SPPF) module, which effectively avoids problems such as image
distortion caused by cropping and scaling operations on the image regions and significantly
enhances the generalization ability of the model [27]. Referring to the design concept of
ELAN (Efficient Layer Aggregation Network), YOLOv8 replaces the C3 structure in the
backbone network of YOLOv5 with a C2f structure [28]. The C2f module integrates two
parallel gradient flow branches and reduces a convolutional layer on the basis of the
original C3 module, enabling the YOLOv8 model to extract richer and more robust gradient
flow information while maintaining its lightweight characteristics.
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Neck module: This module adopts the feature fusion model of PAN (Path Aggregation
Network) [29] and FPN (Feature Pyramid Network) principle [30]. By bi-directional fusion
of high-level features and low-level features, low-level features with smaller receptive
fields can be enhanced to improve the detection performance of objects at different scales.
Compared with its predecessor YOLOv5 network, YOLOv8 removes the convolutional
structure in the up-sampling stage of FPN, and strategically replaces the C3 module with
the C2f module.

Head module: YOLOv8 introduces a mainstream Decoupled Head structure to reduce
the coupling between different tasks related to target detection and separates the classifica-
tion and detection heads to extract target location and category information respectively.
The fusion is carried out after learning by different network branches, which alleviates
the additional delay overhead associated with convolution in the decoupling head and
enhances the generalization ability and robustness of the model.

2.3. The DCGA-YOLOv8 Detection Model

In a complex field environment, crops are diverse, and crops of the same type also
differ in shape and size. The traditional YOLOv8 network has limited feature extraction
capability for variable crops. In this study, an improved model of YOLOv8, called DCGA-
YOLOv8, is proposed based on deformable convolution and global attention mechanism
(GAM). The improved model improves the detection accuracy of crops by adding the global
attention to capture important features and introducing deformable convolution in the
detection process to obtain more fine-grained spatial information. The network structure of
DCGA-YOLOv8 is illustrated in Figure 3.
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2.3.1. C2f-DCN2 Module

In the original YOLOv8 model, the convolution operation of the traditional convolu-
tional layer is performed using a fixed size and shape convolution kernel, which has poor
generalization ability and cannot capture the complex spatial variations of objects in the
image [31,32]. In a complex farmland environment, crops of the same type also differ in
shape and size. The fixed-size convolution kernel will have an impact on the ability to
extract crop features. To address the limitations of traditional convolutional neural net-
works, the DC (deformable convolution) module is introduced [33]. The detailed structure
of DC is presented in Figure 4. In DC module, a learnable sampling grid is utilized instead
of the conventional sampling grid, and position-offset and shape-change parameters are
introduced. Compared with ordinary convolutional networks, DC allows the position and
shape of the convolution kernel to be dynamically adjusted to some extent to better accom-
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modate irregular target shapes and locations. The introduction of DC enables the model to
capture more fine-grained spatial features and improve the image recognition accuracy.
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Figure 4. The detailed structure of DC.

DCNv2 is an improved version of the deformable convolution technique, which
introduces a more concise and efficient transform branch of DC, reducing computational
complexity and irrelevant information [34,35]. Compared with the first generation of
deformable convolutional networks (DCNv1), DCNv2 is optimized in terms of offset
learning, multi-channel expansion, pooling, and convolutional kernel sampling strategy,
which further improves the adaptability and computational efficiency of the model to
different geometric transformations. The calculation formula of DCNv2 is expressed as
Equation (1).

y(p) = ∑K
k=1 wk·x(p + pk +△pk)· △ mk (1)

where, x and y are the input feature map and the output feature mapping map, respectively,
p is the actual position of the pixel in the feature map, and Pk is the sampling point of the
convolution kernel; wk denotes the weight of the kth position; △pk and △mk respectively
denote the learnable offset and modulation parameter at the kth position, △pk can be an
arbitrary value, △mk ∈ [0, 1]. Since the offset ∆pk is generated by convolving the input
feature map with another convolutional layer, it is usually expressed as a decimal.

In order to fully extract the edge features of different crops and improve the compu-
tational efficiency of the original C2f module, this study designed a C2f-DCN2 module
through combining the C2f module and the DCNv2 module, as shown in Figure 5. Each
C2f-DCN2 module consists of two DCNv2 and n Bottleneck modules. In the network
structure of YOLOv8, some nodes in the network structure are adjusted, and C2f modules
in layers 6 and 8 of the backbone network structure and C2f modules in layers 15, 18, and
21 of the Neck network were replaced with C2f-DCN2 modules.

2.3.2. GAM Module

Recently, attention mechanism has become a research hotspot for network design
in NLP and CV and has been widely applied [36–38]. The attention mechanism allows
the network to dynamically focus on the target region of the image, highlighting useful
information and suppressing attention to other information, which enhances the feature
extraction ability and improves the target localization performance. At present, the atten-
tion mechanisms in the visual domain mainly include two categories: channel attention
and spatial attention mechanisms [39]. The channel attention mechanism generally adds
weights to feature channels that contain semantic information of components, while the
spatial attention mechanism assigns more weights to feature points in a single-channel
feature map that contain target features [40].
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In complex agricultural environments, understanding the global contextual informa-
tion of the entire farmland or vegetation area is crucial for accurate crop detection. In this
study, a global attention mechanism (GAM) that combines the advantages of spatial and
channel attention mechanisms is used to improve the detection accuracy and adaptability
of the YOLOv8 network [41]. The overall structure of GAM is shown in Figure 6.
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In the spatial attention sub-module, GAM uses two 7 × 7 convolutional layers for
spatial feature information fusion, which enhances the global information interaction ability.
Moreover, GAM eliminates the pooling operation and adopts the grouped convolution with
channel shuffling to reduce information dispersion and the number of parameters, improv-
ing the relevance of the model to the target region. In the channel attention sub-module, a
3D alignment is used to preserve the three-dimensional information, and then a two-layer
multi-layer perceptron (MLP) is exploited to magnify the channel-spatial dependencies
across dimensions. The expression of GAM is followed by Equations (2) and (3). Given the
input feature map F1 ∈ RC∗H∗W, the intermediate state F2 and the output state F3 can be
defined as follows:

F2 = MC(F1)⊗ F1 (2)

F3 = MS(F2)⊗ F2 (3)

where MC and MS respectively denote the channel attention and spatial attention feature
maps; ⊗ denotes the pixel-wise multiplication operation.
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In order to make the YOLOv8 model better understand the farmland environment
in the global scope of the image, including the relationship between cabbage, kohlrabi,
seedlings, weeds, soil, and other elements, the GAM module was added to the Backbone
network in this study. By adding GAM at appropriate locations in the Backbone network,
the YOLOv8 can retain spatial and channel information, better capture global context
information, and improve the detection accuracy of crops. The Backbone network of the
improved YOLOv8 is shown in Figure 3. First, channel number augmentation and feature
extraction are achieved by convolving the feature map in the first layer. Next, the fusion
operation is accomplished by the convolutional normalized activation function, where the
C2f and C2f-DCN2 modules learn the residual features. Finally, multiple pooling kernels of
various sizes in the SPPF module are cascaded to merge the feature maps of each perceptual
region, and GAM modules extract the weighted features.

2.3.3. Model Performance Evaluation

In this study, five quantitative metrics including Precision, Recall, F1-score, and mean
average precision (mAP) are used to evaluate the detection performance and robustness
of different models. The higher the F1-score and mAP, the more robust the model. The
expressions of the evaluation metrics are as follows (Equations (4)–(8)).

Precision =
TP

TP + FP
(4)

Recall =
TP

TP + FN
1 (5)

F1 =
2 × Precision × Recall

Precision + Recall
(6)

AP =
∫ 1

0
Precision(Recall)dR (7)

mAP =
1
n∑n

i=0 APi (8)

where, n is the number of sample categories in the dataset, TP is the number of targets
correctly identified using the model, FP is the number of targets incorrectly labeled by the
model as background regions or other non-target regions, and FN is the number of targets
that the model failed to detect.

2.4. Extraction of the Center Lines of the Crop Rows
2.4.1. Crop Position Calculation

After accurately detecting the crop objects using the DCGA-YOLOv8 network, further
calculations are required to obtain the crop center position coordinates. Considering that
the annotation object in this study is a single crop rather than a crop row segment, the crop
can be simplified into a single point by calculating the coordinates of the center point of the
bounding box to represent its position. The coordinates of the top-left and bottom-right
corner points of the bounding box are PL (xl, yl) and PR (xr, yr), respectively. The crop
location (x, y) is defined as follows:

x = xl +
xr − xl

2
(9)

y = yr +
yl − yr

2
1 (10)

The positioning of the center point of crops are shown in Figure 7a.
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2.4.2. Crop Position Cluster Analysis

After obtaining the crop location points, the next step is to group them into different
crop rows. Cluster analysis is a common method to determine the true crop rows based
on the distance relationship between coordinate points and estimated crop rows [42,43].
Given that the crop rows extend in the positive x-direction, computing clustering using
only the y-values allows the points to be grouped into different rows. DBSCAN (Density-
Based Spatial Clustering of Applications with Noise) algorithm is an efficient density-based
clustering algorithm for finding sets of data points with high density in the data and
classifying them into different clusters [44]. The DBSCAN algorithm is insensitive to the
order of the initial points and does not require the number of clusters to be pre-specified,
making it robust to noise and outliers. In this study, the number of crop rows in various
crop images is uncertain, so the use of DBSCAN clustering algorithm can effectively cope
with crop clusters of different shapes, sizes, and densities. The principle of DBSCAN is to
classify the data points into core points, boundary points, and noise points according to the
selected key parameters: Eps (neighborhood radius) and Min_pts (minimum number of
points). In the process of crop row clustering, DBSCAN recursively expands and merges
the neighborhood of the core point starting from a core point and assigns core points with
common neighbors to the same crop row. Boundary points will be assigned to the same
crop row as their core points. The clustering process stops when there are no more core
points to connect. Figure 7b shows the clustering process of different crop rows.

2.4.3. Crop Rows Fitting

In the last step, the corresponding crop rows are fitted by different crop positions.
In the field environment, due to the irregularity of crop growth, in addition to straight
crop rows, curved crop rows may also sometimes appear. To cope with irregular crop
rows, a combined crop line fitting method based on LSM and B-spline curve method was
proposed to generate relatively smooth visual navigation lines for agricultural machines.
Straight crop rows were fitted using LSM while curved crop rows were fitted using cubic
B-spline curve.
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• Fitting of straight crop rows

Currently, most methods for identifying crop rows apply the least squares method,
Hough transform, and variants of straight-line fitting for linear fitting [45,46]. LSM has
good accuracy and small calculation and can be well adapted to crop rows in complex envi-
ronments [25]. In this study, LSM was used to fit the crop straight line. Since the set of crop
coordinate points exists approximately near a vertical straight line, this study exchanges
the coordinate system and establishes the equation of the straight line as f(y) = a1y + b1.
The sum of squared distances between the coordinate points and the fitting line is E(x),
which is defined as follows:

E(x) =
1
2∑n

i=1[f(y)− x]2 (11)

where n is the number of points on the line.
The principle of LSM is to find a1, b1 such that the value of the objective function E(x)

is minimized. The partial derivatives of the parameters a1 and b1 are calculated as follows:
∂E
∂a1

= ∑n
i=1 (f(y)− x)y = 0

∂E
∂b1

= ∑n
i=1 (f(y)− x) = 0

(12)

Which, when solved, gives  b1 = ∑n
i=1 xiyi−nxy

∑n
i=1 y2

i −ny2

a1 = x − by
(13)

It is worth noting that the absence of crops has little effect on the fitting of the straight
line. When there are broken rows in some of the crop rows, a straight line can still be fitted
based on the relationship between the neighbors of the other centroids. The results of the
straight-line fitting are shown in Figure 7c.

• Fitting of curved crop rows

Traditional methods can only detect straight crop rows and are not applicable to
curved crop rows in field environments. If the linear fitting method is still applied, a
larger fitting error or fitting failure may occur. B-spline curves can be flexibly adapted
to these irregular shapes by using different numbers of control points on different curve
segments. Moreover, it is important to maintain the smoothness of the operation path in
agricultural machinery operations. Overly abrupt bends or discontinuous operation paths
may lead to vibration or instability of mechanical equipment, thus affecting the operation
efficiency and quality. The smoothness feature of the B-spline curve can ensure that the
farm machinery maintains smooth motion during operation and reduces unnecessary
vibration and impact [47]. In this study, a cubic b-spline curve was used to fit the crop rows
that were not arranged neatly. A cubic B-spline curve can be obtained from four adjacent
control vertices. For cubic B-spline interpolation, the cubic spline basis function Ni,4(t) at
each node is as follows: 

N1,4(t) =
(
−t3 − 3t2 − 3t + 1

)
/6

N2,4(t) =
(
−3t3 − 6t2 + 4

)
/6

N3,4(t) =
(
−3t3 − 3t2 + 3t + 1

)
/6

N4,4(t) = t3/6

(14)

where i is the index of the basis function or the node, and t denotes the curve parameter.
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Based on the basis function Ni,4(t) and the four known vertices Pi (i = 1, 2, 3, 4), the
interpolation curve C(t) can be expressed as:

Ci,4(t) = ∑4
i=1 [Pi × Ni,4(t)] =

1
6


t3

t2

t
1


T

−1 3 −3 1
3 −6 3 0
−3 0 3 0
1 4 1 0




P0
P1
P2
P3

 (15)

Based on the above equations, the curved crop rows can be generated by fitting
multiple segments of cubic B-spline curves. In addition, in order to avoid large turning of
agricultural machinery, the deflection angle of the fitted curve line should be as small as
possible. The results of the curved-line fitting are shown in Figure 7d.

2.5. Wheel Optimal Position Calculation

In practical applications, accurate crop detection and navigation line fitting cannot
fully guarantee the safe movement of agricultural machinery in row-crop fields. The tilt
of the crop and the unsafe distance between the crop rows may cause damage to the crop
caused by farm machinery. A combination of factors such as crop row shape, corner control,
and crushing risk are often necessary to be considered in order to maximize the safety of
machinery operations. This can be regarded as an optimization problem, which minimize
the risk of crushing the crop by finding the safe distance and other parameters. The risk
optimization function of the wheel is expressed as follows in Equation (16).

Risk = max(0, min(D1, D2)−
W
2

− |x − Dlat| × cosθ− r) (16)

S.t.
{

D1 + D2 = D
Dlat ≤ D/4

where, D is the vertical distance between the two crop rows, D1 and D2 respectively
represent the distance between the vehicle and the two crop rows, W is the width of the
crop row, x is the lateral position coordinate of the wheel, θ and Dlat respectively represent
the steering angle and lateral offset of the agricultural machinery. The schematic diagram
of the relationship between the crop row and the motion wheel of the farm machine is
shown in Figure 8.
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The main idea of the objective function is to ensure that the distance between the
wheel and the crop line is always not less than the safe distance. The lateral position x of
the wheel is used to determine whether the safety conditions are met to ensure that the
farm machinery does not intrude into the crop row space while traveling. If the lateral
position x of the wheel is close to the crop rows on either side or the radius of the wheel is
too large, then the risk will be greater than zero, indicating that the agricultural machinery
may run over the crop row, and the position or angle of the wheel needs to be adjusted in
time to ensure safety.

2.6. The Overall Multi-Crop Row Detection Framework

In this paper, a multi-crop row detection strategy in complex environment was studied
by combining improved YOLOV8 model, threshold DBSCAN clustering, least square
method and B-spline curve methods. The framework of the proposed multi-crop row
detection method is shown in Figure 9.
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3. Results
3.1. Experimental Configuration and Model Deployment

The hardware environment used for image processing and model training in this
study included Intel (R) Core (TM) i7-13400KF CPU@ 3.2 GHZ, NVIDIA RTX 3090 GPU,
and 24 GB RAM. This experiment was conducted in a system environment consisting of
Ubuntu 20.04, Python 3.8.18, CUDA-11.8, cuDNN-8.6.2, and PyTorch 1.20.2.

The resolution of input crop image is set to 640 × 640 by cropping the original image.
For different object detection networks, the training number is uniformly set to 100 epochs,
the optimizer is SGD, the batch size is set to 32, and the initial and end learning rates
are 1 × 10−3 and 1 × 10−4, respectively. In the training process, the optimal parame-
ters of different networks are continuously adjusted and determined according to the
pre-training results.

3.2. Multi-Crop Detection Using DCGA-YOLOv8

In this study, an improved Yolov8 model DCGA-YOLOv8 was utilized to detect a
variety of crops in the agricultural environment. In order to verify the superiority of DCGA-
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YOLOv8, comparative experiments are conducted on different crop datasets using current
mainstream target detection models, including the original YOLO-v8, YOLO-v5, Faster
R-CNN, and SSD models. The changes in loss and performance metrics during training are
shown in Figure 10. For a network model with better performance, the loss function values
and performance metrics converge faster. It can be seen that the DCGA-YOLOv8 model
reaches stability in the training loss and map values at around the 8th epoch, while other
models have intermittent oscillations during the training process.
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The overall detection results of the different models on the test set are shown in
Table 1. The precision, F1-score, and mAP@0.5 of DCGA-YOLOv8 model are 97.1%, 96.5%,
and 99.1%, respectively, which are 2.9%, 1.6%, and 1.3% higher than those of the original
YOLOv8 model. In addition, it can be seen that the overall performance of the YOLO series
network is better than the that of the other three models, which may be that the anchor
size in the YOLO network is obtained by clustering the training data, while the size and
shape of the anchor box in SSD, Faster and R-CNN model are fixed, which affects the
generalization ability of the model.

Table 1. The overall crop detection results of different models.

Network Precision (%) Recall (%) F1-Score (%) mAP@0.5 (%)

DCGA-YOLOv8 97.1 95.9 96.5 99.1
YOLO-v8 94.2 95.7 94.9 97.8
YOLO-v5 94.0 95.4 94.7 97.6

SSD 82.9 90.4 87.0 93.1
Faster R-CNN 73.1 98.5 84.0 93.6

In order to further analyze the effectiveness of the DCGA-YOLOv8 model in multi-
crop detection under the different agricultural environments, the detection accuracy of
DCGA-YOLOv8 and YOLOv8 models in Cabbage, Kohlrabi, and Rice were tested and
compared respectively, and the results are shown in Table 2 and Figure 11. As presented in
Table 2 and Figure 11, the detection performance of the DCGA-YOLOv8 model is superior
to that of the original YOLOv8 model on different crops. Especially for the detection of
Kohlrabi, the F1-score value and mAP of DCGA-YOLOv8 are 97.1% and 99.2%, which are
improved by 2.9% and 1.7%, respectively, compared with the original YOLOv8 model. This
may be due to the fact that the collected Kohlrabi crops are too inconsistent in morphology
and size, and Kohlrabi and Cabbage also have a certain similarity in shape, which causes
great interference to the detection performance of the model.
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Table 2. Detection results of models on different crops.

Model Index Cabbage Kohlrabi Rice

YOLO-v8

Precision (%) 96.1 91.6 95.0
Recall (%) 94.6 97.0 95.4

F1-score (%) 95.3 94.2 95.2
mAP@0.5 (%) 97.9 97.5 98

DCGA-YOLOv8

Precision (%) 98.2 97.6 95.3
Recall (%) 94.6 96.5 96.5

F1-score (%) 96.4 97.1 95.9
mAP@0.5 (%) 98.9 99.2 99.1
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Figures 12 and 13 respectively depict a visual comparison of the detection heatmaps
and results of YOLOV8 and DCGA-YOLOv8. It can be seen from figures that both YOLOv8
and DCGA-YOLOv8 models can identify crops in the image, but the original YOLOv8
algorithm still has partial omissions, while the DCGA-YOLOv8 model can indicate the
position of crops more clearly and effectively identify crops with unobvious features. This
further indicates that the DCGA-YOLOv8 model has good robustness and generalization
for multi-crop detection.

3.3. Crop Clustering Using Threshold-DBSCAN Algorithm

Based on the bounding box detected using the DAGA-YOLOv8 model, the center
coordinates of crops are obtained and clustered into groups. As shown in Figure 13, the
number of crop rows in each image is uncertain, with two, three, and multiple rows, due
to the inconsistent density of crop distribution in farmland and the camera angle. The
DBSCAN method can be well utilized to automatically identify and group crop rows in
complex farmland environments without predetermining the number or shape of crop
rows. According to the characteristics of farmland environment, the main parameters of
DBSCAN algorithm were selected, the neighborhood distance threshold is set to 0.01 m,
and the minimum number of points in the core point domain was set to 8. It is worth
noting that there will be some interfering crops or edge crops in the image that cannot
form separate rows and may be clustered into adjacent crop rows, which will affect the
accurate clustering of crop rows. Therefore, this study introduces a distance threshold
detection before DBSCAN clustering, and the detected points that exceed this threshold are
considered as interference points and excluded from clustering.
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In order to evaluate the clustering effect of DBSCAN algorithm on multiple crops in the
complex farmland environment, ten images of each crop are selected in the DCGA-YOLOv8
test set, which contain different numbers of rows. A total of 538 crops were detected using
DCGA-YOLOv8 (Cabbage: 205, Klohrabi: 214, Rice: 119), including 67 interfering crops
and 471 effective crops. The clustering results are shown in Figure 14 and Table 3, where
the correct grouping rate for Cabbage, Kohlrabi, and Rice reaches 98.9%, 97.9%, and 100%,
respectively. As shown in Figure 13, all interfering crops and weeds are marked with white
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boxes and do not participate in the subsequent clustering. The results indicated that the
DBSCAN clustering algorithm combined with threshold detection proposed in this study is
able to effectively recognize the spatial relationship between crops in different rows, which
provided strong support for the subsequent shape fitting of different crop rows.
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Table 3. Clustering results of different crop rows based on threshold-DBSCAN algorithm.

Crops Number Interference
Points

Number of
Correct Clusters Accuracy

Cabbage 205 21 182 98.9%
kohlrabi 214 23 187 97.9%

Rice 119 13 106 100%

3.4. Linear and Curve Fitting for Different Crops

Finally, based on the clustering results of the threshold DBSCAN algorithm, LSM and
cubic B-spline curves were used to fit straight lines and curve crop rows, respectively. In
this study, straight crop rows and curved crop rows were distinguished by calculating the
average angle change between crop center points. Considering that there are more crops in
straight rows in the dataset, a small angle (12◦) was used as the initial threshold. It was
adjusted continuously according to the experimental results, and finally 17◦ was selected
as the threshold value. The average angle between crop centers is less than 17 degrees
as straight crop rows, otherwise as curved crop rows. In order to evaluate the fitting
effect of the proposed combined fitting method on different crop rows in a complex field
environment, 10 images of each crop are also selected, where Cabbage, Kohlrabi, and Rice
crop rows have 32 rows, 34 rows, and 23 rows, respectively. Figure 15 illustrates the fitting
results of LSM and cubic B-spline curves for different crop rows. According to mechanized
sowing, most of the planted crop rows are straight lines, and LSM uses the square of the
offset distance to fit the center of the straight crop row. As can be seen from Figure 15, all
crops in each row basically fall on the line generated by the algorithm. As shown in the
Kohlrabi crop in Figure 14, the row with broken crops can also be well fitted to the crop line
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through the adjacent crop points. This shows that the LSM algorithm has a better fitting
effect on straight crop rows.
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In the field environment, due to the irregularity of crop growth, in addition to straight
crop rows, sometimes curved crop rows may appear. Considering that the data points used
to fit the B-spline curve in the image are relatively small, 3–4 control points were added
during the fitting process to obtain a more accurate and smoother curve. As shown in the
third column of Figure 14, the arrangement of crops appears to be not neat enough, and
the fitting effect using LSM is not good. In contrast, the use of B-splines was able to better
keep all crops on the curve with much better effects. This also further demonstrates that
the grouped crop row fitting method proposed in this study can be well adapted to the
complex agricultural environment.

4. Discussion

The detection of multiple crops in agricultural environments often suffers from robust-
ness and generalization problems due to differences in the type, shape, and size of crops.
In this study, an improved YOLO-v8 and threshold-DBSCAN algorithm was proposed to
improve the performance of multi-crop detection and crop row fitting.

In terms of multi-crop detection, the DCGA-YOLOv8 model proposed in this study
shown superior detection accuracy and robustness, compared to other mainstream recog-
nition models. The DCGA-YOLOv8 model pays more attention to the important feature
areas of crops by adding global attention to suppress useless or invalid features and intro-
duces deformable convolution in the detection process to obtain more fine-grained spatial
information between crops, thereby improving the accuracy of crop detection. However,
the DCGA-YOLOv8 model still has some difficulties in crop detection at image boundaries.
The unclear boundaries of crops and the partial overlap between crops make it difficult
to accurately label the complete area of a single crop when performing manual labeling.
Therefore, the intersection ratio between the prediction box and the ground truth will be
relatively small in the detection process, which will lead to detection failure. Nevertheless,
DCGA-YOLOv8 has a very high recognition accuracy, and the centroid of the adjacent crop
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prediction box can still reflect the trend between crops, without affecting the fitting of the
subsequent crop row centerline.

For clustering of crops, the distance threshold detection was introduced to exclude
interfering crops before DBSCAN clustering. A high clustering accuracy was achieved for
each crop, especially for Rice, where the clustering accuracy was 100%. It is worth noting
that Cabbage and Kohlrabi still have crop clustering errors. This may be due to the fact
that there are fuzzy boundaries or overlaps between crops in some images, and it may be
difficult for the DBSCAN algorithm to accurately distinguish them. To solve this problem,
the change in angle between crop centroids is taken into account in the subsequent crop
row fitting. When the angle between the line connecting the crop and the previous crop
center point and the vertical plane is greater than 30 degrees, the crop point is also taken as
an interference point and is not involved in the crop row fitting.

It is worth noting that the datasets collected in this experiment are under low weed
pressure. In agricultural environments, weeds may obscure crops, especially in the early
stages of crop growth, and weeds may be very similar to crops, making it difficult for the
model to accurately discriminate between them. Follow-up research will further apply the
crop detection model proposed in this study to more complex environmental situations
such as different weed densities and early stages of crop growth. In general, the DCGA-
YOLOv8 model and threshold-DBSCAN proposed in this study can be well applied to
multi-crop detection and crop row fitting in agricultural environments.

5. Conclusions

Aiming at the poor generalization and robustness of the existing navigation line
extraction algorithm for multiple crops in complex farmland environment, this study
proposes a new method based on improved YOLOV8 model, threshold DBSCAN clustering,
least square method and B-spline curve was proposed to accurately detect multi-crops and
crop rows. The specific implementations of the paper were as follows:

(1) a DCGA-YOLOv8 model was developed by introducing deformable convolution
and GAM on the original YOLOv8 model for the detection of multiple crops. The F1-score
and mAP value of the DCGA-YOLOv8 model for Cabbage, Kohlrabi, and Rice were 96.4%,
97.1%, 95.9% and 98.9%, 99.2%, 99.1%, respectively. The comparative test results shown that
the DCGA-YOLOv8 model is superior to the original YOLOv8, YOLOv5, Faster R-CNN,
and SSD methods in multi-crop detection.

(2) a distance threshold detection method was introduced to the DBSCAN algorithm
to exclude some image edge points and interfering points in terms of accurate clustering
and grouping of crops in different rows. The correct clustering rate for Cabbage, Kohlrabi,
and Rice reached 98.9%, 97.9%, and 100%, respectively. LSM and cubic B-spline curve
method successfully fit straight and curvilinear crop rows in the farmland environment.

(3) a risk optimization function of the wheel model was constructed to further improve
the safety of the operation of the agricultural machinery between the crop rows.

In summary, the proposed method in this study effectively improves the safety and
stability of visual navigation and field operation of agricultural machinery and provides an
effective way for the accurate identification and extraction of navigation lines of various
crops in the complex farmland environment. Future research will focus on extending the
model to more crops to further improve the generalization ability and robustness of the
model to a variety of crops. On the other hand, data augmentation techniques, transfer
learning, model tuning, or other improvement strategies are applied to further improve the
adaptability of the model to complex agricultural scenarios.
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