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Abstract: When uncrewed agricultural machinery performs autonomous operations in the field, it
inevitably encounters obstacles such as persons, livestock, poles, and stones. Therefore, accurate
recognition of obstacles in the field environment is an essential function. To ensure the safety
and enhance the operational efficiency of autonomous farming equipment, this study proposes an
improved YOLOvS8-based field obstacle detection model, leveraging depth information obtained
from binocular cameras for precise obstacle localization. The improved model incorporates the
Large Separable Kernel Attention (LSKA) module to enhance the extraction of field obstacle features.
Additionally, the use of a Poly Kernel Inception (PKI) Block reduces model size while improving
obstacle detection across various scales. An auxiliary detection head is also added to improve accuracy.
Combining the improved model with binocular cameras allows for the detection of obstacles and their
three-dimensional coordinates. Experimental results demonstrate that the improved model achieves
a mean average precision (mAP) of 91.8%, representing a 3.4% improvement over the original model,
while reducing floating-point operations to 7.9 G (Giga). The improved model exhibits significant
advantages compared to other algorithms. In localization accuracy tests, the maximum average error
and relative error in the 2-10 m range for the distance between the camera and five types of obstacles
were 0.16 m and 2.26%. These findings confirm that the designed model meets the requirements for
obstacle detection and localization in field environments.

Keywords: YOLOVS; binocular vision; field obstacle; autonomous agricultural machinery;
detection; localization

1. Introduction

Agricultural machinery is a critical tool for implementing precision agriculture, sig-
nificantly enhancing labor efficiency and reducing labor intensity. With the advancement
of intelligent agricultural machinery, autonomous agricultural machines are increasingly
attracting the attention of researchers [1]. However, the real-world farmland environment
is complex and unstructured, with inevitable obstacles such as humans, utility poles, and
stones present during task execution by intelligent agricultural machinery. To ensure the
safety and accuracy of autonomous operations in the field, it is crucial to detect surrounding
obstacles swiftly and accurately. In recent years, sensor technology has been applied to
autonomous farming operations, enabling the precise identification and localization of
typical obstacles in the field.

Currently, the detection of field obstacles primarily relies on radar and visual sensors.
Radar typically employs 2D /3D LiDAR for data acquisition, determining obstacle positions
through LiDAR point cloud processing [2,3]. Considering the cost and the complexity of
the farmland environment, visual sensors are more suitable for field obstacle detection than
radar. Visual sensors offer the advantage of providing rich information about obstacles,
including classification, shape, and texture [4]. Common visual sensors include monocular
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and binocular cameras. Monocular cameras estimate target depth using image data from a
single viewpoint. In contrast, binocular cameras leverage parallax and matching features
from different viewpoints to obtain three-dimensional spatial information, enabling the
precise localization of targets [5,6].

Object detection is a fundamental task in computer vision, primarily aimed at locating
and identifying targets of interest in images or videos [7]. With the significant advances in
feature extraction and object detection achieved by deep learning methods, issues related
to the low accuracy and poor generalization capability of image-based methods have been
addressed, along with improvements in detection speed. Currently, mainstream object
detection algorithms are categorized into two-stage and one-stage methods [8]. R-CNN [9]
was the first popular two-stage detection algorithm, decomposing the detection task into
two phases: generating candidate regions and then classifying these regions with bounding
box regression. Classic two-stage models also include Fast R-CNN [10], Faster R-CNN [11],
and Cascade R-CNN [12]. While two-stage models offer commendable detection perfor-
mance, they are characterized by high complexity, significant computational demands, and
a large number of parameters, resulting in slower target detection speeds. These limitations
hinder the ability to effectively balance detection speed and accuracy. In contrast, one-stage
object detection algorithms simultaneously generate candidate boxes and perform classifica-
tion and bounding box regression, as exemplified by the YOLO (You Only Look Once) [13]
series, SSD (Single Shot MultiBox Detector) [14] model, and RetinaNet [15] model. The
SSD model employs convolutional neural networks (CNNs) to extract image features and
perform detection across multiple feature layers. This approach allows it to predict bound-
ing boxes and classes on feature maps of different scales, enabling robust object detection.
RetinaNet introduces a novel loss function, Focal Loss, to address the class imbalance issue.
Focal Loss enhances detection accuracy by reducing the focus on easily classified samples
and increasing the emphasis on hard-to-classify ones. In recent studies, Liu [16] utilized
the SSD algorithm for pedestrian detection in orchards. Peng [17] leveraged a multi-scale
feature fusion-based RetinaNet network to detect fruits in complex field environments.
These studies demonstrate the advantages of the SSD and RetinaNet algorithms in object
detection, though they still exhibit certain drawbacks in terms of speed and small object
detection. The YOLO series, including the classic YOLOv3 [18], YOLOV5 [19], and the
subsequent YOLOvV6 [20], YOLOv7 [21], and YOLOVS [22] models, are known for their high
computational efficiency, enabling high-precision real-time performance, and are widely
used in agriculture. For instance, Li [23] utilized YOLOvV3-tiny as the base framework,
integrating its shallow features with the second prediction layer features to create a small
target detection layer for the third prediction layer. This approach, using a hybrid SEAM
and CBAM attention mechanism module, enhanced background interference resistance
and improved the average accuracy of the model by 11%. Xue [4] proposed an improved
method based on the YOLOvb5s algorithm, employing the K-Means clustering algorithm to
generate anchor box scales to cover all scales as much as possible, and using the CloU loss
function, combining three geometric measures—overlap area, center distance, and aspect
ratio—to reduce missed and false detections, thus improving detection accuracy.

The YOLOVS architecture, a variant of the YOLO series object detection models, em-
ploys deep neural networks for object recognition and localization. Khow [24] introduced
CA and Wise-IoU into the YOLOvVS network, resulting in the YOLOv8-CAW model, which
not only enhances detection accuracy but also accurately estimates the distance of target
objects. Lan [25] aimed to improve the detection accuracy of uncrewed tractors for inclined
obstacles in farmland by optimizing the YOLOv8 model. Their enhancements included
embedding the SE attention mechanism to improve detection accuracy and utilizing Mo-
bileNetv2 and BiFPN to reduce computational load. The improved model achieved a
mean average precision (mAP) as high as 98.84%. Although these modified YOLOVS8
models have demonstrated excellent performance in object detection tasks, the complex
field environment and the limited computational capacity of onboard equipment in un-
crewed agricultural machinery make obstacle detection a challenging task. Moreover, the
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diverse and variable shapes of field obstacles render YOLOVS less robust to changes in
target shapes, often resulting in inaccurate localization. Additionally, YOLOv8 encounters
difficulties in detecting small targets, leading to false negatives and false positives. Field
obstacles are often occluded by crops, further contributing to false negatives or positives.
To address these issues, this study proposes a novel LPA-YOLOv8n model for the real-time
detection of field obstacles, aiming to enhance the accuracy and real-time performance of
obstacle detection in agricultural settings.
The main contributions of this paper are as follows:

(1) Introduction of LSKA in the SPPF Module: By incorporating the LSKA module, the
network’s focus on important features is enhanced, improving the model’s capability
to extract features in complex field environments. This effectively addresses the issue
of robustness to shape variations of various field obstacles.

(2) Replacement of the Bottleneck Block with PKI Block in the Backbone’s C2f Section:
This substitution serves as the primary gradient flow branch, allowing for a more
comprehensive consideration of targets at different scales and enhancing the model’s
ability to detect small or hard-to-detect objects.

(3) Addition of an Auxiliary Detection Head: By adding an auxiliary detection head
to the original detection head, the model gains additional information and feature
processing, improving the detection accuracy of occluded targets in agricultural
environments.

(4) Fusion of Detected Object Frame Information with Binocular Matching Algorithm:
This integration enables accurate identification and precise distance measurement of
typical obstacles in complex field environments.

The rest of the paper is structured as follows: Section 2 provides an overview of the
YOLOv8 model and details the proposed improvements and network architecture. Section 3
introduces the experimental setup and the design of the obstacle detection and localization
system. Section 4 presents and analyzes the experimental results, followed by a discussion
in Section 5. Finally, Section 6 concludes this paper by summarizing its contributions.

2. Proposed Improvement Methods
2.1. The YOLOuS8 Algorithm

This section first provides an overview of the YOLOvVS8 algorithm structure, laying
the foundation for the design of the improved algorithm. The YOLOv8 network structure
consists of three main components: the backbone, neck, and head. The overall structure of
YOLOVS is illustrated in Figure 1. The following detailed explanation focuses on each of
the three components of YOLOvS.

ﬂckbone \ Neck \ ﬂead \
YOLOv8 YOLOVBPAFPN YOLOv8HeadModules e N

CSPDarknet
(P5)

i
i i
-—{ Decoupled Head i----“:— i
i !
:] H :
Decoupled Head : Cls. BCE ;
J P3 ]

Conv | conv J—{ convad }—{ Bbox Loss |
[ Decoupled Head
Conv. ]—v[ Conv }—»[ Conv2d ]—-[ Cls. Loss ]

Bottleneck

vﬁ structure Bottleneck J&Deooupled head structure

Figure 1. The overall structure of YOLOv8. “C” denotes the concat operation, “U” denotes the
upsampling operation, and “S” denotes the split operation.
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Backbone: The backbone of YOLOvVS8 draws on the principles of CSPDarkNet (Cross
Stage Partial DarkNet) [26] and is primarily composed of three modules: Conv (convolu-
tion), C2f (CSPNet with 2 fused layers), and SPPF (Spatial Pyramid Pooling Fusion). The
Conv module consists of Conv2d, BN (BatchNorm2d), and the SiLU (Sigmoid Linear Unit).
Inspired by the ELAN (Efficient Layer Aggregation Network) design of YOLOvV7, the C2f
module offers fewer parameters and superior feature extraction capabilities compared
to the C3 (CSP Bottleneck with 3 convolutions) module in YOLOvV5, and C2f is shown
in Figure 1. The SPPF module employs a cascade of small pooling kernels, which more
effectively extracts image features.

Neck: The neck of YOLOVS integrates concepts from FPNs (Feature Pyramid Net-
works) [27] and PANs (Path Aggregation Networks) [28]. FPNs convey strong semantic
features top-down, facilitating feature extraction from images at various scales. PANs intro-
duce a bottom-up pyramid following the FPN, enhancing multi-scale feature representation
capabilities by combining the strengths of both FPN and PAN structures.

Head: YOLOVS8 adopts a decoupled head structure, separating classification and
detection heads, as illustrated in Figure 1. Additionally, it transitions from anchor-based to
anchor-free bounding boxes, improving detection speed and accuracy.

2.2. LPA-YOLQOw8 Detection Model

The objective of field obstacle detection is to recognize and locate various classic
obstacles (examples include persons, livestock, agricultural machinery, poles, and stones)
in agricultural fields. This study proposes an LPA-YOLOv8n detection model based on
YOLOVS. The LPA-YOLOv8n model improves the SPPF module in the backbone, and the
Bottleneck module in C2f, and introduces an auxiliary detection head in the head section.
The modified model’s network architecture is illustrated in Figure 2.

Neck Y Head

Aux Head
Conv Aux Head |
Conv Aux Head

Detect

Conv

Concat

C2f_PKI

Conv

C2f_PKI

Conv Upsample

Detect

(_ Concat

Figure 2. Improved YOLOVS8 network model architecture. We incorporated the LSKA module into

IR 1At faal

the SPPF, replaced the Bottleneck component in the C2f with the PKI module, and employed an
auxiliary detection head.
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2.2.1. SPPF-LSKA

The Vision Attention Network (VAN) [29] with the LKA module has demonstrated
exceptional performance across various vision-based tasks. The original LKA module does
not utilize dilated depth convolutions but instead employs large convolution kernels in 2D
depth convolutions, as illustrated in Figure 3a. To mitigate the high computational cost
associated with large kernel sizes in depth convolutions, the large-kernel depth convolu-
tions are decomposed into smaller-kernel depth convolutions, effectively using dilated
depth convolutions with relatively large kernel sizes, as shown in Figure 3b. Despite
these significant improvements, issues with computational complexity and memory usage
persist. Consequently, Lau et al. [30] proposed a novel Large Separable Kernel Attention
(LSKA) module, which fundamentally decomposes the 2D convolution kernels of depth
convolution layers into cascaded horizontal and vertical 1-D convolution kernels, as de-
picted in Figure 3c. Specifically, the first two layers of LKA are decomposed into four layers,
each consisting of two 1-D convolution layers, as demonstrated in Figure 3d. Compared
to the standard LKA design, the LSKA module maintains comparable performance while
offering higher computational efficiency and reduced memory usage.

— 1x1

1% (2d— 1) Conv
DWConv

MaxPool2d

(2d—1)x1

DWConv

MaxPool2d

B

1x (2d — 1) (2d - 1)x(2d - 1) 1% [k/d]
DWConv DWConv DW-D-Conv
1 1 1 MaxPool2d

| k% k | (2d— 1) x1 ‘ Ik/d] x [k/d] [k/d] x 1
DWConv DWConv DW-D-Conv DW-D-Conv
1 l LSKA

1x1 1x1 1x1 1x1
Conv Conv Conv Conv

#—%—%7%:7

(@) (0) (c) (e)

Figure 3. (a) LKA-trivial; (b) LSKA-trivial; (c) LKA; (d) LSKA; and (e) SPPF-LSKA.

The forward propagation process of the LSKA module primarily involves the following
steps: Initially, two convolution layers independently extract features from the input feature
map in the horizontal and vertical directions, allowing for a more detailed handling of
image features. Subsequently, LSKA employs spatial expansion convolutions with different
dilation rates to further extract features. Finally, after a series of convolution operations,
a1l x 1 convolution fuses the extracted features to generate the final attention map. This
attention map is then multiplied element-wise with the original input feature map to
enhance the network’s focus on important features.

In this study, we integrate the LSKA module into the SPPF module, positioning it after
all max-pooling operations and before the second convolutional layer, as shown in Figure 3e.
This placement is strategic to leverage large kernel convolutions and spatial expansion
convolutions at critical points of feature extraction and fusion, thereby maximizing feature
representation capability while controlling the computational load and complexity of
the model.

In summary, the LSKA module enhances the model’s robustness against variations in
the shapes of different field obstacles by capturing extensive contextual information using
large separable convolutional kernels and spatially dilated convolutions. By performing
operations in both horizontal and vertical directions, LSKA allows for more detailed pro-
cessing of image features. The attention maps generated through a series of convolutional
operations are then used to weight the original features, thereby increasing the network’s
focus on critical elements. This approach effectively mitigates potential issues related to
the model’s robustness in dealing with diverse shapes of field obstacles.
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2.2.2. C2f-PKI

In the previous subsection, we introduced the LSKA module, which, while expanding
the receptive field, introduces significant background noise and overly sparse feature
representations. These issues adversely affect the accurate detection of small targets. To
address these concerns, we replace the Bottleneck module in the backbone’s C2f module
with the PKI (Poly Kernel Inception) Block from PKINet [31]. This substitution effectively
resolves the aforementioned problems while enhancing multi-scale feature extraction
capabilities, emphasizing important features, and ensuring that small target features are
not overlooked, thereby improving detection performance. Modifying the backbone allows
us to leverage the PKI Block’s multi-scale feature learning ability during the initial extraction
phase, enhancing the quality of the foundational features.

A PKI Block consists of a PKI module and a CAA module, as shown in Figure 4a. The
PKI module utilizes a non-dilated Inception-style depth convolution structure, depicted in
Figure 4b. It first employs a small kernel convolution to capture local information, followed
by a series of parallel depth convolutions to extract multi-scale texture features at different
receptive fields. Finally, a 1 x 1 convolution integrates features with varying receptive
field sizes.

3x3 \\\ i
DWConv \\ H

1x(11+2xn)
I 1 ( Pt Module | ( cAA Modue | DWConv
33 | | 5x5 | | 7x7 || 9x9 I | 111 | [ } (T+2xn)x1
DWConv DWConv DWConv DWConv DWConv i ~
| | / g
/ D i
E? / ¥ \
i Conv g igmoi )

!
(b) (@) ©

Figure 4. (a) PKI Block; (b) PKI module; (c) CAA module.

The CAA module aims to establish dependencies between distant pixels, as shown
in Figure 4c. It first applies average pooling followed by a 1 x 1 convolution to capture
local region features. Next, it fuses the feature maps generated by two depthwise separable
convolutions with the original feature map. Finally, the CAA module produces an attention
weight to enhance important features by weighting the feature maps at each scale.

In summary, the PKI module focuses on extracting multi-scale local contextual informa-
tion, while the CAA module captures long-range contextual information. The collaboration
of these two components enhances the model’s capability to extract feature information in
complex field environments and improves the detection of small or hard-to-detect targets.

2.2.3. Aux Head

An Aux head is an auxiliary head added to the intermediate layers before the feature
output, as shown in Figure 5a. Its primary purpose is to enable the intermediate layers to
learn more information, providing richer gradient information to aid training [32]. In the
YOLOv8 model, the Lead head focuses on global features, but it may struggle to effectively
handle partially visible features of occluded targets. The Aux head, by performing detection
at shallower layers, captures more detailed and local information, enhancing the recognition
of occluded targets and compensating for the Lead head’s limitations.

During loss computation, the Lead head generates the primary detection results and
independently calculates its loss. Meanwhile, the Aux head also contributes to the loss
function calculation and assists in backpropagation, updating preceding parameters. The
Aux head uses the positive samples matched by the Lead head as its own positive samples
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to calculate the corresponding loss. Finally, the losses from the Lead head and Aux head
are weighted and combined to form the total loss function, as illustrated in Figure 5b.

4 AuxHead
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Figure 5. (a) Model with auxiliary head; (b) coarse-to-fine Lead head-guided assigner.

8 x Lead Head

16 x Lead Head

32 x

200

3. Experimental Setup
3.1. Dataset

For field operations, it is crucial that the training data used for obstacle detection
accurately reflect the real-world perspectives encountered by agricultural machinery in the
field, ensuring appropriate realism and feasibility. Our dataset comprises images from two
sources. The first set of images was captured using an Intel Realsense D435i RGB-D camera
(Intel Corporation, Santa Clara, CA, USA), with video sliced into frames using Python
scripts, allowing for the acquisition of images from various perspectives and scenes. These
images were collected in October 2023 from rice and wheat fields in Huishan District, Wuxi,
Jiangsu Province, China, at multiple times during the day, including early morning, noon,
and dusk, ensuring a diversity of lighting conditions. The second part of the dataset was
assembled using images of various types of obstacles sourced from search engines such as
Google and Baidu. These images come from a wide range of backgrounds, resolutions, and
shooting angles, thereby increasing the dataset’s diversity. Combining these two sources,
we assembled a raw dataset of 2378 images, each with a resolution of 640 x 480 pixels.
Every image contains at least one target object, ensuring that the model can reliably learn
and validate across different datasets. The dataset primarily includes five types of typical
field obstacles: person, livestock, agricultural machinery, pole, and stone. Sample images
from the dataset are shown in Figure 6a. The raw dataset was randomly split into training,
validation, and test sets in an 8:1:1 ratio.

3.2. Data Augmentation

The obstacles were categorized into five types: agricultural machinery, person, live-
stock, stone, and pole. Using the labeling tool, obstacles in the images were annotated
by type, and the resulting txt files were used to store the data label information for each
category. Table 1 shows the dataset quantities and label counts for the five categories. Before
training the model, we performed image processing on the training set to enhance the
model’s generalization and robustness. We added weather and environmental effects such
as fog, rain, glare, and darkening. Some processed images are shown in Figure 6b. Simu-
lating image processing under various weather conditions enables the model to maintain
high detection performance in adverse environments. For example, under low visibil-
ity conditions such as dense fog or heavy rain, the model remains capable of effectively
identifying field obstacles, thereby ensuring the safe operation of agricultural machinery.
Furthermore, the model’s adaptability to different lighting conditions, including shadows
and reflections, enhances its robustness across various times of day and weather conditions.
The classification quantities of the preprocessed dataset are detailed in Table 2.



Agriculture 2024, 14, 1493 80of 18

Class names Processed image

Original image

Person

Livestock

Agricultural machinery

Pole
Stone
(b)
Figure 6. (a) Five typical obstacles in rice-wheat fields; (b) added conditions of fogging, raining,
sunlight, and darkening to images.
Table 1. The number of images and labels for the five categories.
Instance
Class Image .
Person Livestock Agrlcu.ltural Pole Stone All
Machinery
train 1904 1501 1383 641 627 546 4698
val 237 200 205 67 84 59 615
test 237 182 87 75 116 48 508
all 2378 1883 1675 783 827 653 5821

Table 2. The classification quantities of the preprocessed dataset.

Processing Method Original Fogging Raining Sunlight Darkening
Image 878 375 375 375 375

3.3. Obstacle Detection and Localization System
3.3.1. System Framework

Using a binocular camera system to detect and locate obstacles in agricultural fields
involves the following specific operational steps: Firstly, RGB images and depth maps of the
agricultural field environment ahead of the agricultural machinery operation are captured
separately using the RGB camera and two infrared cameras (left and right). Subsequently,
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the improved LPA-YOLOvS8n detection algorithm is applied to the RGB images to detect
obstacles and obtain pixel coordinates of their location points. Using depth information,
the three-dimensional coordinates of the obstacle’s location points in the camera coordinate
system are calculated. These coordinates are then transformed to obtain the absolute
coordinates of the obstacles in the world coordinate system, facilitating the detection and
localization of typical field obstacles during agricultural machinery operations. A Block
diagram of the field obstacle detection and localization system is shown in Figure 7.

| Intel RealSense D435i

RGB camera | Left infrared camera Right infrared camera

T
'

Disparity calculation

Improved YOLOVS obstacle
detection algorithm l
Depth information

l

Pixel coordinates of obstacle Position of obstacles in camera
anchor points coordinate system

I

Position of obstacles in world
coordinate system

3D Coordinates of Obstacle
Localization Points

Figure 7. A Block diagram of the field obstacle detection and localization system.

3.3.2. Localization Principle

In the process of distance measurement, the accuracy may vary due to differences in
the specifications of binocular cameras. The binocular camera used in this experiment is
the Intel RealSense D435i, which measures depth by calculating the distance based on the
disparity generated on the imaging planes of the left and right infrared cameras [28]. The
principle of disparity is illustrated in Figure 8, where the imaging points of the obstacle’s
center P(x_,y., ZC) in the left and right cameras are Pj(x;, y;) and P;(X;, y,). Since the left
and right cameras are on the same horizontal plane, the Y-coordinates in the horizontal
direction are identical, Y| = Y = Y; f denotes the focal length of the cameras, and B
represents the baseline, which is the distance between the origins of the two cameras.
According to the principles of triangulation, we derive the equation below.

Xi=f 1)

X, = p L=t @
_ Y

Y*f; (©)

Disparity is defined as the deviation of the same point in the X-direction between the
left and right cameras. To obtain the disparity information D = X; — X, the position of
point P in the coordinate system of the left camera can be expressed as follows:

B-X
xe = —5° (4)

B-Y
Ye = D 5)
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The transformation from the camera coordinate system to the world coordinate system
is a rigid body transformation, achieved through rotation and translation. The transforma-
tion formula is as follows:

Zc

Xw Xc

Yw _ R T - Ye (7)
Zyw 0 1 Zc
1 1

where R is the product of the rotation matrices in the X, Y, and Z directions, and T is the
translation matrix. In summary, for any point in space, if its imaging points can be found
in two cameras, its three-dimensional coordinates and thus the distance to the obstacle can
be computed.

Figure 8. Distance measurement principle.

4. Experimental Results and Analysis
4.1. Implementation Details

This study employed Python 3.8 with PyTorch 1.12.1 as the deep learning framework,
utilizing Python as the programming language platform. The experiments were conducted
on a desktop computer equipped with an Intel(R) Xeon(R) Gold 5218R CPU @ 2.10GHz
(Intel Corporation, Santa Clara, CA, USA) and NVIDIA RTX A4000 (NVIDIA Corporation,
Santa Clara, CA, USA), running Windows 11. CUDA 11.3 and CUDNN 8.2.1 were installed
for parallel computing and deep neural network libraries, respectively. Hyperparameters
were configured with a Batch Size of 32, training epochs set to 300, and a Learning Rate set
to 0.001. These settings were chosen to ensure efficient training and validation of the model,
aiming to maximize performance and accuracy. It is noteworthy that to prevent overfitting
during training, an early stopping mechanism was implemented. Training ceases if the
accuracy of the validation set does not improve after a specified number of training epochs.

4.2. Evaluation Metrics

To evaluate the performance of our LPA-YOLOvV8 model in detecting field obstacles,
we employed three common metrics used in object detection tasks: Recall (R), Precision (P),
and mean Average Precision (mAP).

Recall measures the proportion of actual positive samples correctly predicted as
positive by the model among all positive samples. Precision indicates the proportion of
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samples predicted as positive by the model that are actually positive. Their respective
formulas are as follows:

TP

R= TP+ FN ®)
TP

P= TP+ FP ©)

In the formulas, TP (True Positive), FP (False Positive), and FN (False Negative), re-
spectively, denote the number of correctly predicted positive samples, incorrectly predicted
negative samples, and incorrectly predicted positive samples.

Average Precision (AP) represents the average precision corresponding to the variation
of recall from 0 to 1. mAP is the mean of AP across all categories. mAP@0.5 denotes the
average precision across all categories when the IoU threshold is 0.5. The calculation
formulas are as follows:

1
AP = /0 P(R)dR (10)
1 <
mAP = %B:l AP, (11)

4.3. Ablation Experiment

To evaluate the effectiveness and feasibility of the improved YOLOvVS algorithm,
we conducted ablation experiments. This study introduced three improvements to the
baseline YOLOv8 model: Improvement A: integrating the LSKA into the SPPF module;
Improvement B: replacing the Bottleneck with the PKI Block; and Improvement C: adding
an Aux head to the head section. By incorporating each improvement module individually
into the baseline model, we could compare the impact of adding or replacing modules
in the original model. The experimental results are shown in Table 3. Due to the early
stopping mechanism, the baseline model stopped at 290 epochs, while the other models
completed 300 epochs of training.

Table 3. Comparison results of ablation experiments.

A B C P (%) R (%) mAP@0.5 (%) Params (M) FLOPs (G)
0.884 0.86 0.891 3.01 8.1

\/ 0.927 0.836 0.913 3.28 8.3

v N4 0.916 0.847 0.909 3.04 79

Vi v v 0918 0.86 0917 3.04 7.9

By integrating the LSKA into the SPPF module, precision increased by 4.3%, and
mAP@O.5 improved by 2.2%. The inclusion of an attention mechanism effectively enhanced
the network’s focus on crucial features while suppressing irrelevant information interfer-
ence. However, recall experienced a slight decrease, and the results for Params and FLOPs
indicated a slight increase in model complexity. Conversely, integrating the PKI Block
maintained detection accuracy without decline, reducing Params by 8% and FLOPs by 5%,
thereby effectively shrinking the model size. Additionally, incorporating the Aux head
increased mAP@0.5 by 2.6% without increasing parameter or computational load, and
recall improved to match the original model. Compared to the baseline YOLOvVS, while
the overall parameter count saw a slight increase, actual floating-point operations were
reduced. In summary, all three methods positively influenced the detection performance
of YOLOVS, validating these improvements through ablation experiments as shown in
Figure 9.
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Figure 9. mAP@0.5 convergence curves in ablation experiments.

4.4. Comparative Analysis with Other Models

To evaluate the improved algorithm, we compared the LPA-YOLOv8 model with state-
of-the-art object detection models including two-stage Faster R-CNN, Cascade R-CNN,
and one-stage RetinaNet, as well as YOLO series models (YOLOv5n, YOLOv6n, YOLOV?,
and YOLOvS8n). Experimentation and validation were conducted on a custom agricultural
obstacle dataset. The results are shown in Table 4, which compares these popular object
detection models in terms of average precision (mAP), Floating-Point Operations per
Second (FLOPs), and parameter count.

Table 4. Comparison with other popular models.

Model Backbone mAP Params FLOPs FPS

Two-stage Faster R-CNN ResNet50 0.636 41.37M 2119G 16.2
8 Cascade R-CNN ResNet50 0.72 69.21M 240.6 G 13.6
RetinaNet ResNet50 0.703 36.41M 2119 G 18.6

YOLOvV5n CSPDarknet53 0.831 250 M 71G 66.7

One-stage YOLOv6n CSPDarknet53 0.923 423 M 11.8G 69.3
YOLOv7 CSPDarknet53 0.888 37.22M 1052 G 52.1

YOLOv8n CSPDarknet53 0.884 3.01IM 8.1G 73.9

Ours LPA-YOLOvSn CSPDarknet53 0.918 3.04 M 79 G 71.5

From the table, it is evident that despite using the ResNet50 backbone network, two-
stage object detection algorithms such as Faster R-CNN and Cascade R-CNN did not
achieve high accuracy. Instead, they significantly increased the number of parameters
and floating-point operations. RetinaNet, a classic one-stage model utilizing the ResNet50
backbone, exhibits lower accuracy and higher parameter counts compared to YOLO series
models. Among commonly used lightweight algorithms, YOLOv5 demonstrates certain
advantages in model deployment but lacks prominent detection accuracy. Although
YOLOV7 shows relatively good detection accuracy, its large model size makes it less suitable
for deployment in perception systems. YOLOv6 manages to reduce model complexity
while maintaining good detection accuracy; however, its parameter count and floating-
point operations still exceed those of the YOLOv8 model. For an effective object detection
system, it is crucial to ensure both accuracy and speed. Therefore, our proposed LPA-
YOLOv8n model strikes a better balance between accuracy and model size compared to
the aforementioned types of detection models.
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To visually assess the performance of the improved algorithms in terms of detec-
tion accuracy and robustness, we evaluated lightweight models YOLOv5n, YOLOvén,
YOLOV8n, and LPA-YOLOvS8n on the test set of our dataset. The results of the evaluations
are presented in Figure 10.

(b) (c) (d)

Figure 10. Detection results of five types of field obstacles across different models. (a) YOLOv5n;
(b) YOLOvV6N; (¢) YOLOV8n; and (d) LPA-YOLOvS8n.

From the comparative results shown in Figure 10, YOLOv5n exhibits relatively lower
accuracy in rainy or snowy weather conditions with low visibility. It also shows certain
instances of missed detections in livestock images where features are partially obscured.
YOLOv6n improves detection accuracy compared to YOLOvSn; however, it demonstrates
noticeable false detections in stone images, misidentifying tree trunks as poles. Moreover, it
shows errors in detecting agricultural machinery during rainy or snowy weather. YOLOVS,
overall, avoids false detections but still has instances of missed detections for obstacles
partially obscured. In contrast, the improved LPA-YOLOv8n model accurately detects
obstacles in dim lighting, rainy or snowy conditions, and environments with partially
obscured features, significantly enhancing precision.

4.5. Accuracy Experiment of Localization System

To further validate the accuracy and robustness of the localization model, we con-
ducted field tests in a real agricultural environment. The experiments were conducted at
the Innovation Experimental Base of Academician Zhang Hongcheng in Guangling District,
Yangzhou City, Jiangsu Province, China, on 1 June 2024, under partly cloudy to clear
weather conditions. During the experiments, the binocular camera lenses were oriented



Agriculture 2024, 14, 1493

14 of 18

towards the forward agricultural field to detect and locate obstacles within a distance range
of 2 to 10 m. Upon successful detection of obstacles, the three-dimensional coordinates of
the obstacle centers were recorded. Actual distances Z; were used as measurement data for
evaluation and analysis. A high-precision laser rangefinder was used to verify and read
the real distances Z,. Distances were varied continuously, with measurements taken at
intervals of 0.5 m within the 2 to 10 m range, and the above experiments were repeated and
recorded. Finally, absolute errors and relative errors for the five sets of data obtained were

analyzed, as shown in Table 5.

Table 5. Test results of locating accuracy of obstacles in field.

Z. Person Livestock Agricultural Machinery Pole Stone
Z; Ez Ez, Zy Ez Ez, Z Ez Ez, Z Ez Eg Z Ez Ez,
2.0 200 000 000 201 0.01 0.50 1.99 0.01 0.50 201 001 050 200 0.00 0.00
2.5 252 002 080 253 0.03 1.20 2.50 0.00 0.00 248 0.02 080 251 0.02 0.80
3.0 299 0.01 033 296 0.04 1.33 3.02 0.03 0.67 3.00 0.00 000 302 0.01 033
3.5 353 003 086 355 0.05 1.43 3.52 0.02 0.57 354 004 114 355 006 1.71
4.0 406 0.06 150 4.08 0.08 2.00 4.04 0.04 1.00 403 003 075 4.02 0.02 0.50
4.5 461 011 244 465 0.15 3.33 4.58 0.01 1.78 457 0.07 156 450 010 222
5.0 509 009 180 507 0.07 1.40 5.13 0.13 2.60 510 0.10 200 517 016 3.20
55 565 015 272 5.68 0.18 3.27 5.66 0.16 291 564 014 255 564 014 255
6.0 6.17 017 283 6.18 0.18 3.00 6.11 0.11 1.83 609 009 150 6.19 019 3.17
6.5 670 020 308 675 025 3.85 6.71 0.21 3.23 672 022 338 675 025 3.85
7.0 723 023 329 722 0.22 3.14 7.17 0.17 243 721 021 300 724 024 343
7.5 777 027 3.60 7.79 0.29 3.87 7.76 0.26 3.47 775 025 333 778 028 3.73
8.0 829 029 363 834 034 4.25 8.32 0.31 3.88 830 030 375 827 027 3.38
8.5 881 031 365 883 043 5.06 8.80 0.30 3.75 882 032 376 885 035 4.12
9.0 933 033 3.67 939 0.39 4.33 9.34 0.34 3.78 935 035 389 938 038 422
9.5 9.87 037 389 995 045 4.74 9.85 0.35 3.68 986 036 379 991 041 432
10.0 1039 039 390 1051 051 5.30 10.38 0.38 3.80 1041 041 410 1045 045 450
Mean value 0.18 247 0.22 3.06 0.17 2.35 0.17 234 020 271
Max value 0.39 3.90 0.53 5.30 0.38 3.88 041 4.10 045 4.50

Note: Z, is the actual distance; Z; is the test distance; Ez is the absolute error; and Ez, is the relative percentage
of error.

The experimental results were plotted to create comparative statistical graphs, as
shown in Figure 11. The results indicate that within the range of 2 to 10 m, the maximum
average absolute error and maximum average relative error in measured distances were
0.22 m and 3.06%, respectively. The maximum absolute error and maximum relative error
in measured distances were 0.53 m and 5.30%, respectively. Higher relative errors were
observed in the positioning of livestock and stones, primarily due to occlusion by crops
and the greater mobility of livestock. Additionally, Table 5 shows that measurement results
are relatively accurate at close to medium distances from obstacles, with errors increasing
gradually as the distance between obstacles and the camera increases.

Based on the field obstacle localization accuracy test results in Table 5, a comparative
statistical graph was plotted as shown in Figure 11. From Figure 11a, it is evident that the
test distances for the five types of obstacles fluctuate above the actual distances, and as the
distance between obstacles and the camera increases, measurement errors also increase.
This is primarily due to the limitations of camera resolution, which results in less precise
depth information capture of distant obstacles. Additionally, outdoor lighting conditions
affect the camera, leading to some background noise and partial loss of obstacle details,
thereby affecting ranging accuracy. As depicted in Figure 11b, the relative error is less than
3% within a range of 5 m and less than 4% within 8 m, indicating that overall measurement
errors meet real-time ranging requirements.
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Figure 11. Statistical comparison graph of localization experiment results. (a) Absolute error statistics;
(b) relative error statistics.

5. Discussion

In this study, we developed the LPA-YOLOv8n model based on the YOLOvVS archi-
tecture. The improvements include incorporating the LSKA attention mechanism into the
SPPF module of the backbone, replacing the Bottleneck block in the C2f module with the
PKI Block, and introducing an auxiliary detection head in the head part. We also utilized
binocular cameras to obtain the position information of obstacles. The experimental results
demonstrate that compared to the baseline YOLOv8n model, LPA-YOLOv8n improved
the precision of obstacle detection in agricultural fields by 3.4%. The issues of missed
detections and false positives were effectively mitigated. Measured by mAP@0.5, the
model’s performance increased from 89.1% to 91.7%, indicating an improvement in the
recognition accuracy of five types of obstacles. Furthermore, in the obstacle localization
accuracy test, the average absolute error and average relative error for distances between 2
to 10 m were 0.22 m and 3.06%, respectively, confirming that the designed detection and
localization system can meet the requirements for detecting and locating common obstacles
in agricultural environments.

The LPA-YOLOv8n model presented in this paper demonstrates effective detection
and localization accuracy for field obstacles. However, there is still room for improvement
and refinement in the system’s performance. Currently, the main sources of potential errors
and limitations are as follows:

(1) Limited Interpretability. The black-box nature of convolutional neural networks
(CNNs) results in a lack of transparency in the model’s decision-making process,
making it difficult to explain misclassifications and omissions in specific scenarios.
This limitation hampers the precise identification of areas for model improvement.

(2) Model Complexity and Computational Resources. Although the model shows improve-
ments in detection accuracy, its high computational complexity may hinder efficient op-
eration on resource-constrained devices. This could impact the real-time performance
and deployment feasibility of the model, particularly in autonomous agricultural
machinery systems, where real-time obstacle avoidance might not be achievable.

(3) Insufficient Data Diversity. The dataset may lack sufficient diversity in lighting
conditions, weather, and seasons, leading to limited generalization ability of the
model under various environmental conditions. This can result in decreased detection
performance in certain specific environments, affecting the reliability of the model in
practical applications.

To address these issues and further enhance the performance and applicability of
LPA-YOLOVSn, future research directions include the following aspects:
(1) Enhancing the interpretability of the model. Convolutional neural networks (CNNs)
have limited interpretability; thus, heatmaps are utilized to evaluate the pros and cons
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of different positions in the field obstacle detection process, as shown in Figure 12. The
intensity of red in the heatmap indicates the extent of its impact on target localization.
Additionally, heatmaps can be used to analyze the specific impact of enhancement
modules on model performance.

(2) Model lightweighting. In the next step, we will deploy the algorithm in an au-
tonomous agricultural machinery system, providing a reference for future research on
autonomous obstacle avoidance in uncrewed agricultural vehicles. Thus, the model
requires lightweighting. The improved model in this study emphasizes enhanced
accuracy, but in resource-constrained environments, the model must be optimized
for computational efficiency and reduced memory usage while maintaining high
precision and real-time performance.

(3) Expanding dataset quantity. In real-world applications, LPA-YOLOv8n may encounter
missed detections, particularly in scenarios with multiple overlapping targets. In such
cases, occlusion between targets can prevent the model from accurately detecting and
recognizing all targets, thereby affecting detection precision and reliability. Therefore,
enriching and expanding the dataset is crucial.

agricultural machine

(b)

Figure 12. Heatmap: (a) livestock area visualization; (b) agricultural machinery area visualization;
and (c) pole area visualization.

6. Conclusions

This paper presents a field obstacle detection algorithm, LPA-YOLOvS8n, based on an
enhanced YOLOVS framework, tailored for detecting typical field obstacles in complex agri-
cultural environments. The algorithm integrates LSKA, PKI, and Aux head structures. The
results from model training and validation substantiate the effectiveness of the proposed ap-
proach. The improved model utilizes color images captured by RealSense D435i binocular
cameras to detect obstacles and obtain their three-dimensional coordinates in the field coor-
dinate system. Experimental findings demonstrate that the LPA-YOLOv8n model achieves
an optimal balance between parameter count, computational load, and detection accuracy.
It significantly enhances detection precision without increasing parameters, thus reducing
computational demands. Moreover, the improved model exhibits promising results in
localization accuracy tests, meeting real-time detection and positioning requirements for
typical field obstacles in challenging environments with limited computational resources.
The enhanced LPA-YOLOvV8 model developed in this study significantly improves the
autonomous obstacle avoidance capabilities of driverless agricultural machinery, reducing
the need for human intervention while increasing operational efficiency and safety. This
advancement facilitates the smart and modernized development of agricultural production.
The refined model can also be extended to applications in field environment monitoring,
such as pest and disease detection and crop growth monitoring, providing intelligent solu-
tions for agricultural management. Furthermore, the designed detection and localization
system not only achieves cost savings and efficiency improvements but also reduces the
complexity of operating driverless agricultural machinery for farmers. Additionally, it
offers valuable insights for obstacle detection and localization in other scenarios.
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