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HIGHLIGHTS

e An enhanced YOLOv8n-SS pedestrian
detection algorithm is developed.

e Integrate spatial pyramid dilated (SPD) with
convolution layers for SPD-Conv modules.

e Incorporate selective kernel attention
mechanisms to enable context-aware feature
selection and adaptive feature extraction.

e An efficient and robust intelligent monitoring
solution for agricultural mechanization.
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ABSTRACT

To address the dual challenges of excessive energy consumption and
operational inefficiency inherent in the reliance of current agricultural
machinery on direct supervision, this study developed an enhanced YOLOv8n-
SS pedestrian detection algorithm through architectural modifications to the
baseline YOLOv8n framework. The proposed method had superior
performance in dense agricultural contexts while improving detection
capabilities for pedestrian distribution patterns under complex farmland
conditions, including variable lighting and mechanical occlusions. The main
innovations were: (1) integration of spatial pyramid dilated (SPD) operations
with conventional convolution layers to construct SPD-Conv modules, which
effectively mitigated feature information loss while enhancing small-target
detection accuracy; (2) incorporation of selective kernel attention mechanisms
to enable context-aware feature selection and adaptive feature extraction.
Experimental validation revealed significant performance improvements over
the original YOLOv8n model. This enhanced architecture achieved 7.2% and
9.2% increases in mAP0.5 and mAP0.5:0.95 metrics respectively for dense
pedestrian detection, with corresponding improvements of 7.6% and 8.7%
observed in actual farmland working environments. The proposed method
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ultimately provides a computationally efficient and

robust intelligent

monitoring solution for agricultural mechanization, facilitating the transition
from conventional agricultural practices toward sustainable, low-carbon
production paradigms through algorithmic optimization.

© The Author(s) 2025. Published by Higher Education Press. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0)

1 Introduction

Smart agricultural equipment serves as a critical enabler for the

transition of modern agriculture toward ecological
sustainability, intelligent advancement and long-term viability.
With the increasing prevalence of advanced agricultural
technologies, such as automated farming machinery and Al-
driven tractors, in contemporary agricultural practices,
operational safety has emerged as a paramount concern. These
intelligent systems typically use sophisticated sensing
technologies, including computer vision systems and LiDAR
their

identification  and

sensors, to comprehensively perceive
Through

monitoring of personnel,

operational
environments. real-time
continuous pedestrians and
agricultural contexts, they effectively mitigate potential hazards
associated with farm machinery operations while maintaining
agricultural productivity. The accurate detection of dynamic
human presence within agricultural settings constitutes not
only the fundamental requirement for implementing machine-
human collision avoidance systems but also establishes the
essential foundation for developing more sophisticated human-

machine collaborative frameworks in precision agriculture.

An effective pedestrian detection system can identify, track or
avoid pedestrians in a timely manner, greatly improving the
safety
management. The recognition of objects in agriculture can

efficiency and intelligence level of production
involve both sparse objects and crowded objects, which
requires the establishment of a complete, universal and
accurate recognition system. Current pedestrian detection
algorithms often fail to meet the requirements of high accuracy
and real-time performance, especially in crowded and complex
environments[']. Therefore, how to achieve efficient and
accurate detection in dense pedestrian scenes is an important
question for contemporary research to address!’]. This not only
helps to improve the efficiency of urban safety management,
but also promotes the process of agricultural modernization
and provides a possible solution for achieving higher quality

agricultural production.

Optimize workflows, improve work efficiency, and even use
drones or robots to assist in monitoring and managing

farmland through intelligent monitoring of the agricultural
operating environment, to compensate for the lack of labor to a
certain extent. When using certain equipment, such as self-
driving tractors and harvesters, the pedestrian detection model
can identify and judge pedestrians in the surrounding
environment in real time, ensuring that the equipment
operation does not conflict with people. This is essential to
improve the safety of farm operations, especially in fields and
orchards, where workers or farmers may enter the work area to
follow harvesters to pick up missed produce. By installing
cameras or sensors, pedestrian detection models can identify
these pedestrians entering the area, warn them in time and
even automatically stop the machine to avoid collisions and
accidental injuries.

For this detection task, there have been multidirectional studies
at home and abroad, such as YOLOvV5 network improvement
for traffic sign detection, and the efficiency and accuracy of
YOLOV5 have been highly recognized’); The small-world
Hopfield neural network of fuzzy synapses is used for digital
recognition, which focuses on digital recognition tasks, where
the targets are usually static and structured, but lacks the ability
to adapt to complex scenes in pedestrian detection tasks['l. The
vehicle-mounted adaptive traffic sign detector focuses on the
traffic sign detection task and is more optimized for the special
needs of the vehicle-mounted environment, such as dynamic
background, lighting change and motion blur, but it lacks
versatility in the pedestrian detection task and is difficult to
directly migrate to the pedestrian the detection taskl’l.
Compared with the above methods, the main advantages of the
improved YOLOV8 in the pedestrian detection task are high
precision, real-time, multiscale processing, strong adaptability
and improved performance in dynamic target detection.

The main challenge of pedestrian detection technology is that
the increase in pedestrian density leads to an increase in
occlusion and overlap, which makes many existing detection
algorithms face greater difficulties. Although deep learning
technology has made significant progress in recent years!‘],
target detection models such as YOLO!"] (you only look
once), SSDI*!'] (single shot multiBox detector) have performed
well in many standard data sets. have excellent performance,
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but they still have certain limitations when dealing with dense
scenes. For example, the accuracy of the YOLO series models
may be affected by the mismatch between the detection frame
and the actual shape of the pedestrian. Especially in the case of
small and dense targets, missed detections or false detections
often occur.

To solve these problems, research in recent years has gradually
tilted toward more complex network architecture and technical
means. New researchers have introduced techniques such as
multiscale feature fusion, attention mechanism, and adaptive

anchor framel ] to improve the performance of the model
in complex scenarios. These methods aim to enhance the
ability of the model to capture different small targets and dense
objects, to improve the accuracy and robustness of detection.
In addition, the wide application of data augmentation
technology also provides more diverse samples for training
models, so that the models can more effectively adapt to
complex environments in practical applications. In recent
years, Xie et al.l'’l proposed the PSC-Net (pointwise spatial
convolution network) method, which includes a dedicated
module to explicitly capture inter- and intra-part co-
occurrence information of different body parts of pedestrians
through graphical convolutional networks. Chen et al.l'’]
introduced the spatial attention module on the basis of YOLO
and added it to the backend of the backbone network Darknet-
53 to realize the weight amplification of important feature
information in the spatial dimension. For dense scenes, Li
et all’’l used the aggregation-distribution mechanism to
reconstruct the neck structure of YOLOvV8 on the basis of
YOLOVS, so that multilevel information could be fused, more
efficient information exchange was achieved, and the detection
ability of the model was enhanced. Wang et al.l'”] proposed to
use dense blocks instead of residual blocks to reduce the
number of network structure parameters and avoid
unnecessary calculations. Gong et al.l'’l proposed a multi-
sensor module that uses multi-amplification convolution to
sample feature images, which avoids information loss caused
by repeated sampling, to improve the feature extraction and
object detection performance of the algorithm. In 2023, the
Ultralytics group!'”] proposed the YOLOVS algorithm, which
has five models: n, s, m, | and x, and the main differences
between them are the size of the model, the number of
parameters, the computing resource requirements and the
performance. Although YOLOv8n is slightly lacking in
accuracy, it has significant advantages in speed and resource
efficiency, and is suitable for targeted improvements in

pedestrian detection.

Based on the research on the YOLO model, this study used the

YOLOv8n model, and the detection accuracy was improved
through optimization measures, which included two aspects.
(1) For the occlusion problem, because the network will miss
the key features of the labeled pedestrians in the learning
process, this study introduced the SK attention mechanism
module into the C2f (cross stage partial two fusion) module of
YOLOV8n, and selects and fuses the feature information of
different receptive fields through network learning(*’l. In a
weakly supervised way, the network is adaptively guided to give
more attention to the visible parts of occluded pedestrians, that
is, different channels in the feature map, and the passages of
occluded pedestrians are given higher weights, to help the
backbone network focus on key features and suppress non-
critical features, to improve the accuracy of the model in
detecting occluded objects. (2) For small and low-resolution
targets, because convolution will lead to the loss of some fine-
grained information in the process of downsampling and
pooling, and the small target will not be able to obtain enough
effective feature learning in the training process, this study
replaced the partial convolutional neural network (CNN) Conv
with the SPD-Conv
convolution) module in the network structure, to replace the

(space-to-depth and  pointwise

downsampling and pooling process, so that the model can

reduce the loss of fine-grained information and improve the
segmentation accuracy of small objects in the imagel”'].

2 Related work

2.1 YOLOvS

Object detection occupies an important position in the field of
computer vision, and the YOLO series models have received
considerable attention because of their real-time and high
efficiency. Since the advent of YOLO v1 in 2016, the YOLO
series has continued to evolve, with each release of the
algorithm, which is composed of three main components: the
backbone network, the neck network and the detection
head!™’].

With the continuous evolution of the YOLO series, the

research requirement for object detection is also
increasingl’*~"°], and compared with the previous version of

YOLO, YOLOVS8 has made the following optimizations.

(1) Optimization of network structure. Compared with the v7
version, YOLOvV8 uses the C2f module to replace the
commonly used C3 (cross-stage-partial bottleneck with three
convolutions) module, which further reduced the amount of
computation and improves the calculation speed. In addition,
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YOLOVS also introduced the SPPF (spatial pyramid pooling
fast) module, which can extract features on different receptive
fields, so that the network can more effectively capture the
spatial information of the target, so that the model can
effectively process targets of different sizes, thereby enhancing
the object detection ability.

(2) Improvement of the loss function. While the standard
YOLO models usually use GIoU (generalized intersection over
union) as the loss function of the bounding box, YOLOvVS
introduces a new type of comprehensive loss function, which
effectively integrates classification loss, regression loss and
confidence loss. Categorical loss (usually using cross-entropy
loss), confidence loss (usually based on binary cross-entropy),
regression loss DIoU (distance intersection over union)”’1 and
CIoU (complete intersection over union)l’’] are substitutes.
This integration method can effectively balance the influence of
various losses in training, not only considering the overlapping
area of the target bounding box, but also introducing the
difference in the distance between the center points of the
bounding box and the aspect ratio, to make the model more
accurate when locating the target and improve the overall
performance of the model.

(3) Enhancement of multiscale detection. In the YOLO series
models, multiscale detection is one of the key technologies to
improve the detection accuracy. YOLOVS further improved the
expression of multiscale features by using a combination of
FPN (feature pyramid network)”’l and PANet (path
aggregation network)l'’l. FPN can propagate high-level
semantic information through a top-down path, while PANet
aggregates low-level detail information through a bottom-up
path, so that features of different scales can be more effectively
fused, thereby improving the accuracy of detecting small and
large targets.

(4) Improvement of training strategies. YOLOv8 adopts mixed
precision training and multi-task learning. The former is
achieved by dynamically adjusting the calculation accuracy
during the training process to reduce the memory footprint
and speed up the training speed. The latter improves the
overall performance of the model by optimizing both object
detection and classification tasks. In addition, compared to the
v5 version, YOLOVS also uses an improved anchor mechanism,
moving from the anchor-based approach of YOLOvV5 to no
anchor points, that is, by automatically selecting the best
anchor point, making the model more flexible and efficient
when dealing with targets of different shapes and sizes.

shows the YOLOv8 model structure incorporating the

improvements made in this study. The Conv and C2f modules
are briefly described as follows. Conv consists of a Conv2d (i.e.,
2 dimensional) layer, a BatchNorm2d layer and a Conv2d layer
for convolution operations and the results are summed to
generate a feature map, and the BatchNorm2d layer is batch
normalization to improve the stability and convergence speed
of the model.

C2f ( ) is one of the main modules of YOLOvS8, which
works by first passing the input through the first convolutional
layer, and then dividing the output into two parts. One part is
passed directly to the output, and the other part is processed by
multiple bottleneck modules. Finally, the results of the two
parts are stitched together in the channel dimension and
passed through the second convolutional layer to obtain the
final output.

2.2 Improved YOLOv8n model

In this study, the Conv module in the YOLOv8n model was
improved with the SK (selective kernel) attention mechanism
was added to the neck network part to solve the problem of low
accuracy in complex scenes and small targets.

2.2.1 SPD-Conv

The standard CNN does not perform well when dealing with
low-resolution images or small objects because there are some
flaws in the existing CNN architecture, that is, the use of step
convolution and pooling layers, which will lead to the loss of
fine-grained information and the degradation of feature
representation capabilities. For this study, we adopted a new
convolution method, SPD-Conv, to extract image features in
two steps through the spatial depth (SPD) module and non-
stepping convolution, to reduce information loss and
ultimately optimize the problem of low-resolution and small-

task objectives.

SPD-Conv (
Conv layer, and the SPD layer is vital for the downsampling of

) is composed of SPD layer and non-step

the feature map within CNN and across feature maps, which
can be rearranged through the downsampling operation to
transform the spatial information into depth information. The
SPD module extracts a sequence of sub-feature graphs f;, by
scale factor sampling for the feature map X;; with size
S X8 xCy, and the number of sub-features in this sequence is
scale’. Given that the sub-feature map f., is sliced by the
feature map X; ;, i+x and y + j can satisfy the divisibility scale,
and each sub-feature map is the size (sc_zszle’sc_lee’ scale*C),

x+y = scale*. The spatial dimension is reduced by scale and
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Fig. 2 C2F structure diagram.

the channel dimension is increased by scale. The calculation

process of sub-feature mapping f., is described as follows:
Joo=X[0:S :scale,0:S : scale],
Sfio=X[1:S :scale,0:S : scale],...,

Sscate—10 = X[scale—1: S : scale,0: S : scale];

Jo1=X[0:S :scale,1:8S : scale], fi;....,

Sscate—11 = X[scale—1:S : scale,1:S : scale];

()

2

Joscaie-1 = X[0: S : scale,scale—1:S : scalel, fi scate-15---»
Jicate—1.scate—1 = X[scale—1:8 : scale—1,scale—1: S : scale].
3)
After the SPD layer operation, a non-stepping convolutional

layer is added in step sizes of 1, which has G, filters, where C, <

scale? C,.

In the experiment, in order to improve the detection of small
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Fig. 3 The structure of SPD-Conv module.

targets and low-resolution targets, the Conv module was
), the SPD-Conv module
used the SPD module to collect feature maps and then the first
convolutional layer in the C2f module in YOLOV8 was
converted into two parts, which are merged after different

improved in the network model (

convolutional layers and then pass through the second
convolutional layer. Finally, the SPD-Conv operation was
completed by non-compiled convolution, so that the model can
fully learn the feature information of the selected region.

2.2.2 SKattention mechanism

SKNet (selective kernel network) captures multiscale features
at different levels by selectively applying convolutional kernels
at different scales. To achieve this, a selection module was
introduced that adaptively decides which scales of convolution
kernels to use on each channel. This selective multiscale
convolutional kernel helps to improve the ability of feature

3 x 3 Conv
B U,
FKP
h x Split AR
) (+) U
” TS
c S
F, 1
Ui - - o
Fuse
5 x5 Conv

representation, making the network more adaptable and
generalizable. In the SK attention mechanism, there are three
key operations on the input feature map: split, fuse and select

( )-

The segmentation operation performs multi-branch separation
convolution of the feature map, and input 3 x 3 and 5 x 5 size
convolution kernels to extract the features of the input feature
map, assuming that the branch is n, the dimension of the
feature map is transformed from (c, i, w) to (n, ¢, h, w). The
fusion operation is to add a plurality of feature extraction
results, that is, U; and U, are summed to obtain U, the feature
dimension is changed from (n, ¢, h, w) to (¢, h, w), and then
through the global average pooling layer Fg, the feature
dimension (c, h, w) is transformed into (c, 1, 1), Ff is a two-
layer fully connected layer, the process is to first reduce the
dimension, then increase the dimension and finally the feature
map dimension is # (¢, 1, 1), and the output is the matrices a

a

7
Softmax Select )

Fig. 4 The working principle of the SK attention mechanism.
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and b, where the matrix b is a redundant matrix; The selection
operation is to multiply the multiple feature vectors processed
by the softmax function with the feature map extracted by
multiple branches in the first step, that is, U; and U, are
weighted by using two weight matrices of a and b, and finally
the n feature maps are summed to obtain vector V.

The c-element s is calculated by the spatial dimensions H x W
shrinkage U:

UG )

w
j=

M-

1
o= Fo(U) = ——
se=Fop(Ud = 73y

i=

Z is a compact eigenvector that compresses the dimension for
greater efficiency:

Z = Fyc(s) = 6(B(Ws)) ®)

where, § is the activation function of ReLU and B is batch

normalization.

In this study, the most information-rich feature map of the
original model and the detection head are fused. The feature
map processed by the attention module is fused between the
multiscale feature network and the detection head, and the
target weight is reserved for the feature map with the most
abundant information, which improves the detection accuracy.

2.2.3 YOLOv8n-SS

By adding the SK attention mechanism block and the SPD-
Conv module, this study proposes the YOLOv8n-SS model
( ), which is used to solve the problems of complex
environments and small detection objects. In this study, the
SPD module is added before the backbone network C2f module
in the YOLOv8n model to solve the influence of low-resolution
images on the detection results. It progresses the subsequent
Conv modules to form the SPD-Conv module, but the
intensive sampling of the SPD-Conv module may make it

Conv

.

Conv

e

SPD l » Detect
v
- v
Conv C2f SPD
: - ¥
SR Concat { Concat
v /l—’ :
cor I
v Upsample C2f
SPD
d T Conv
Caf » Concat —
v # SPD
Conv
Upsample i
SPD T Concat
; !
c2f

Caf » Detect

v

SPPF

Fig. 5 YOLOv8n-SS network architecture.
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difficult for the YOLOv8n model to locate the target region.
Therefore, the SK attention mechanism module was added to
the network structure of the YOLOv8n model to solve this
problem. Finally, a YOLOv8n-SS model was obtained, which
can deal with the above problems well (detection of pedestrians
in environments with small targets and complex presence).

shows the configuration of the YOLOv8n-SS model,
with the backbone network on the left and the head network on
the right. From left to right, the source, the number of
repetitions, the module and the parameters are displayed.

The backbone is responsible for feature extraction. The
modifications included the SPD (space-to-depth) module
additional

preserving

having, after certain convolutional layers,

downsample feature maps while spatial
information. The C2f Module, a custom module used for
feature extraction, was repeated multiple times at different
stages and the SPPF was used at the end of the backbone to

aggregate features at different scales.

The head network is responsible for detecting objects using the
features extracted by the backbone. The modifications
included: upsampling used to increase the resolution of feature
maps; Concat used to combine feature maps from different
stages of the backbone; SK attention: function added to
enhance feature representation by dynamically selecting kernel
sizes based on attention mechanisms; and SPD modules were

used in the head to downsample feature maps.
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3 Experiment and analysis

3.1 Datasets

3.1.1 CrowdHuman data set
The CrowdHuman data set!
Queungshi for the public to do pedestrian detection research,

l'is a public data set released by

with a huge amount of data, most of the pictures contain dense
crowds, diverse crowd environments and complex human
postures. At present, it has 15,000 training sets, 5000 test sets
totaling more than 470,000
pedestrians, which are mainly used for human detection and

and 4370 verification sets,

human pose estimation tasks and are suitable for various
application scenarios. For this study, 15,000 images of the
training set were selected for experimentation, and the training
set and the verification set were divided into 8:2, with the first
12,000 images as the training set and the last 3000 images as the
verification set.

3.1.2 Farmland pedestrian data set

The farmland pedestrian data set was obtained from the video
interception of agricultural machinery and equipment
operating environment in six farmland contexts, and a total of
4800 images were obtained. A total of more than 26,000
pedestrians were imaged, and the pedestrians in the images
were labeled using the Labellmg tool, of which 60% of the
pedestrians were small targets and occluded pedestrians in
agricultural production. For this study, the data set was divided

into a 5:1 training set and a validation set.

n.Upsample, [None, 2
, Concat, [1]]
[512]1]

, nn.Upsample, [None, 2
, 1, Concat, [1]]
c2f, [256]]

, SKAttention,

[256]]

, Conv,

1, Conv, [512, 3
[1]1]
, Concat, [1]]
[1024]]

- [[20, 25, 29], 1, Detect, [ncl

Fig. 6 YOLOv8n-SS model structure configuration.
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3.2 Introduction to the experimental environment

The operating system of the experimental platform was
Windowsl11, the CPU is Intel Core i7-12650H @2.3GHz, the
memory was 16 GB, the graphics card is Nvidia GeForce RTX
4060, and the video memory is 8GB. The CUDA version used
by Torchvision was 11.6, the deep learning framework was
Pytorch-GPU 1.13.1 + cull7, the deep neural network GPU
acceleration library was cuDNN8.4.0, and the image size used
in the data set was 640 x 640. All models were trained using the
default optimizer SGD, with a training batch (batch-size) of
eight, a training count of 200 and an initial learning rate of
0.01.

3.3 Evaluation indicators

The accuracy (P), recall rate (R) and average accuracy (mAP)
were the main evaluation indexes of the model. For this study,
mAP was used as a reference, and the higher its value, the
improve the ability to detect the effect of the model. The
calculation formula is as follows:

Precision = _TIr (6)
TP+FP

where, TP (true positive) is the number of pedestrians
predicted by the classifier and the actual result, that is, the
number of samples correctly identified, FP (false positive) is the
predicted result of the classifier is pedestrians, but the actual
result is not pedestrians, that is, the number of incorrectly
identified samples, and TP + FP is the sum of the number of

pedestrians samples.

TP
Recall = TP FN @)
where, Recall is the recall rate, FN (false negative) is the
classifier predicts that the result is not a pedestrian, the actual
result is a pedestrian, that is, the number of missing
recognition samples, TP + FN is the actual result is the sum of
the number of pedestrian samples, and the larger the Recall, the

less it is missed.

Table 1 Detection accuracy of each model in CrowdHuman data set

AP=J:PUMr (®)

where, AP is the average accuracy and P(r) is the accuracy of
the recall rate r.

N
> AP,

AP = 2=
m N )

where, an A higher than mAP indicates that the model
performs more effectively overall across the entire data set.

3.4 Comparison with other algorithms

In this study, the improved model was compared with other
detection models on the same data set, including YOLOv5n,
YOLOv6n, YOLOvV8n, YOLOv8n-small (with a small object
detection layer) and YOLOv8n-CBAM. All models were

trained for 200 rounds and none of them used pre-training

weights. and give the training results of each
model.
In , compared with other models, the YOLOv8n-small

model was superior compared with YOLOv8n, with P,
mAP@0.5 and mAP@0.5:0.95 reaching 81.4%, 77.4% and
50.8%, respectively. Although the accuracy was not improved,
only 0.9% lower than that of the YOLOv8n model, the model
recall and average accuracy numerically higher but not
significantly. It is worth noting that the YOLOv8n-SS model
gave the best performance in accuracy, recall, mAP@0.5 and
mAP@0.5:0.95, with very significant improvements, reaching
83.1%, 73.8%, 83.6% and 58.7%, respectively. Compared to
YOLOV8n, the improved algorithm improved mAP@0.5 by
7.2% and mAP@0.5:0.95 by 9.2%, but with an increased
computational load.

In , compared with other models, the YOLOv8n-SS
model achieved the best performance in accuracy, recall,

Model P (%) R (%) mAP®@0.5 (%) mAP®@0.5:0.95 (%) Parameter (10°) GFLOPs
YOLOv5n 81.5 63.8 75.2 48.1 2.5 7.1
YOLOv6n 81.9 64.7 75.6 48.8 4.2 11.8
YOLOv8n 82.3 65.1 76.4 49.5 3.0 8.9
YOLOv8n-small 81.4 66.2 77.4 50.8 3.0 12.5
YOLOv8n-CBAM 82.4 64.9 76.2 49.4 3.1 8.2
YOLOV8n-SS 83.1 73.8 83.6 58.7 5.2 72.6
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Table 2 Detection accuracy of each model in farmland pedestrian data set

Model P (%) R (%) mAP@0.5 (%) mAP@0.5:0.95 (%) Parameter (10°) GFLOPs
YOLOv5n 78.6 61.0 71.1 41.0 2.5 7.1
YOLOv6n 78.3 61.6 70.7 41.4 42 11.8
YOLOvSn 79.1 61.6 71.4 41.6 3.0 8.9
YOLOV8n-SS 80.1 70.5 79.0 50.3 5.2 72.6

mAP@0.5 and mAP@0.5:0.95, with significant improvements
of 80.1%, 70.5%, 79.0% and 50.1%, respectively. Compared
with YOLOV8n, the improved algorithm improved by 7.6% on
mAP®@0.5 and 8.7% on mAP@0.5:0.95.

), YOLOv8n-SS
gave a significant improvement compared with other models in
Recall, mAP@0.5 and mAP@0.5:0.95, with a faster change
trend in the first seven rounds, obvious differences by round

According to these results ( and

60, and gradual stabilization from round 150.

To evaluate the effects of each augmentation module proposed
in the YOLOv8n-SS and to assess the extent of these effects, an

(a)

0.8
0.7
_ 061
8
Z 05
g ~ YOLOV5n
~ 04 YOLOv6n
— YOLOvSn
03 — YOLOv8n-CBAM
— YOLOv8n-small
0.21 — YOLOv8n-SS
0 25 50 75 100 125 150 175 200

Epochs

i
(=}
®
Z 04 — YOLOv5n
E YOLOv6n
0.3 — YOLOv8n
— YOLOv8n-CBAM
02 — YOLOv8n-small
- — YOLOVS8n-SS
0 25 50 75 100 125 150 175 200
Epochs

ablation study with consistent parameters and training
procedures was performed on the same data set. The results are
summarized in and , where the tick indicates

the use of the corresponding module.

A series of ablation experiments were performed on the
benchmark model YOLOvV8n to evaluate the effect of adding
different modules on the performance of pedestrian detection
( ). The accuracy (P) of the initial benchmark model was
82.3%, (R) 65.1%, (mAP@0.5) 76.4% and (mAP@0.5:0.95)
49.5%, respectively. We added SK and SPD-Conv, respectively.
The results showed that P was 81.8%, R was 66.4%, mAP@0.5
was 77.0%, and mAP@0.5:0.95 was 50.3%, respectively, and the

(b)
0.61
0.5
G
7 0.4 — YOLOv5n
YOLOv6n
— YOLOv8n
0.31 — YOLOv8n-CBAM
— YOLOvS8n-small
o2l . —YOLOnSS
0 25 50 75 100 125 150 175 200
Epochs
(d)
0.51
0.4
&
S
2031
® — YOLOvSn
< 024 YOLOvé6n
& — YOLOvSn
— YOLOv8n-CBAM
0.1 — YOLOvS8n-small
— YOLOVS8n-SS
0 25 50 75 100 125 150 175 200

Epochs

Fig. 7 Comparison of detection performance of each models on Crowdhuman: (a) precision, (b) recall, (c) mAP@0.5, (d) mAP@0.5:0.95.
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Fig. 8 Comparison of detection performance of each models on farmland pedestrian: (a) precision, (b) recall, (c) mAP@0.5, (d) mAP@0.5:0.95.

Table 3 Module ablation experiment on Crowdhuman

Model SK SPD-Conv P (%) R (%) mAP@0.5 (%) mAP@0.5:0.95 (%) Parameters (10°) GFLOPs
YOLOvV8n 82.3 65.1 76.4 49.5 3.0 8.9
\ 81.8 66.4 77.0 50.3 4.8 16.9
v 82.9 73.0 83.0 57.9 3.5 50.9
V V 83.1 73.8 83.6 58.7 5.2 72.6
Table 4 Module ablation experiment on farmland pedestrian
Model SK SPD-Conv P (%) R (%) mAP@0.5 (%) mAP@0.5:0.95 (%) Parameters (10°) GFLOPs
YOLOv8n 79.1 61.6 71.4 41.6 3.0 8.9
V 79.4 62.3 72.6 429 4.8 16.9
\ 79.9 68.6 77.8 49.5 35 50.9
V V 80.1 70.5 79.0 50.3 52 72.6

accuracy of the model was slightly reduced, but the recall rate
and average accuracy improved. When only SPD-Conv was

added, the various items of the model increased significantly, P

reached by 82.9%, R reached 73.8%, and mAP@0.5 and
mAP@0.5:0.95 increased significantly, reaching 83.0% and

57.9%, respectively. After further combinatorial experiments,
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we observed that the model was superior in P, R, mnAP@0.5 and
mAP@0.5:0.95 compared to SPD-Conv alone.

As given in , the accuracy (P) of the initial benchmark
model was 79.1%, (R) 61.6%, (mAP@0.5) 71.4%, and
(mAP@0.5:0.95) 41.6%, respectively. We added SK and SPD-
Conv, respectively. The results showed that P was 79.4%, R was
62.3%, mAP@0.5 was 72.6% and mAP@0.5:0.95 was 42.9%,
and the accuracy, recall and average accuracy of the model
were improved. When SPD-Conv was added alone, all items of
the model increased significantly, P reached 79.9%, R reached
68.6%, and mAP@0.5 and mAP®@0.5:0.95
significantly, reaching 77.8% and 49.5%, respectively. After

increased

further combinatorial experiments, we observed that P, R,
mAP@0.5 and mAP@0.5:0.95 were significantly improved by
combination of modules compared to SPD-Conv alone.

3.5 Detect performance

To intuitively prove the superiority of the algorithm in
recognizing pedestrians in complex environments, we use
YOLOv8n and YOLOvV8n-SS pairs to detect the images of
dense data sets, which are roughly divided into three scenarios,
namely, dark light, dense crowds and serious occlusion. The

Fig. 9

i %espselson c16

detection performance is reflected from these three aspects,
and the detection performance is shown in -

-11 were modified based on photos, which are open
source in a benchmark data set, CrowdHuman by Shao
etal.l’l],

With dim light (
people and the detection results of YOLOv8n are inaccurate; it

), the original image has six standing

detects only five pedestrians and the pedestrians partially
blocked on the left side are not detected. YOLOv8n-SS detects
all six pedestrians and the ability to detect targets in dark places
is also greatly improved, and the confidence of the detection
frame is also high. Withs crowds ( ), the original image
has 43 people and the detection results of YOLOv8n include
some false detections. It detected 49 pedestrians, and
mistakenly detects the lower left luggage and distant objects as
YOLOvV8n-SS detected 45 pedestrians, which

effectively matches the detection of pedestrians compared with

pedestrians.

the original model. With severe occlusion ( ), the original
image has 33 standing people but YOLOv8n did not detect the
people in the back row with only heads visible and mistakenly
fails to detect the leftmost person. Although the number of
people detected was 33, there were false and missed detections.
YOLOV8n-SS detected 32 people and accurately detect the

In dim light: (a) YOLOV8 recognition, (b) YOLOv8n-SS recognition. Data from CrowdHuman by Shao et al.l**] under open access.

person 0. 67750ﬂ 0.47

i1 pew%o pgrsr gl
person 0.27,,,

Fig. 10 Crowded: (a) YOLOV8 recognition, (b) YOLOV8n-SS recognition. Data from CrowdHuman by Shao et al.l**] under open access.
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Fig. 11 Heavily occluded: (a) YOLOVS recognition, (b) YOLOV8n-SS recognition. Data from CrowdHuman by Shao et al.l*!] under open access.

occluded people. It greatly improved the detection of the
people in the back row who are severely occluded and also
maintains a high confidence level. YOLOvV8n-SS has a clear
advantage when dealing with complex scenes, such as dim
light, dense crowds and heavy occlusion. From this experiment,
in we present a comparison of the loss curves of the
YOLOvV8n and YOLOv8n-SS bounding boxes, and it evident

that the improved loss function converged faster.

2.64 YOLOv8n-SS

2.4
2.21 l
2.01
1.8
1.6
1.44
1.2

2.81 1 — YOLOv8n

Box_Loss

100 125 150 175 200

Epochs

0 25 50 75

Fig. 12 Loss of the border frame.

! erson 0,1
person 0,54 f ?

and provide a comparison of the pedestrian
detection effect of the original YOLOv8n and the improved
Crowd-YOLOvV8 proposed for

agricultural scene, where pedestrians work in the farmland, the

crowded scenes. In an
performance of the proposed model is again a significant
improvement on the original model for individuals in dim
light, occlusion by crowds or agricultural machinery and
equipment, and small targets. The superiority of the proposed
model in dense pedestrian detection was fully demonstrated.
) for the YOLOv8n and YOLOv8n-SS

bounding boxes converged faster in the improved model.

The loss curves (

4 Conclusions

In this study, an improved pedestrian detection model was
developed and tested, and is proposed, the main purpose of
which was to solve some problems existing in the existing
pedestrian detection object detection models in farmland
operation scenarios, especially the problems of occlusion and
small scale. From the perspective of low-resolution and small-
target optimization, the proposed YOLOv8n-SS model first
combines the Conv module with SPD to reduce information

loss and finally optimizes the low-resolution and small-task

Fig. 13 Dim light and small targets: (a) YOLOvS recognition, (b) YOLOv8n-SS recognition.
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-
PPN

Fig. 14 Heavy occlusion and small targets: (a) YOLOvS recognition, (b) YOLOv8n-SS recognition.

3:251 — YOLOv8n
— YOLOv8n-SS

100 125 150 175 200
Epochs

0 25 50 75

Fig. 15 Loss of the border frame.

target problems, which significantly improves the ability of the
network to extract pedestrian features. Secondly, for the
occlusion problem, the SKAttention function is introduced, the
feature map and the detection head are fused to solve the
influence of low-resolution images on the detection results, and
the features of different scales and levels are adaptively
extracted, and the most important features are selected. By
combining these methods, the model more effectively adapted
to pedestrian detection tasks in the farmland scenes, thereby
improving the detection performance of the whole model.

To evaluate the effectiveness of the model, an experimental
study was conducted using a widely recognized public data set
CrowdHuman, and the experimental results showed that
compared with YOLOv8n, the accuracy P increased by 0.8%,
mAP@0.5 and mAP®@0.5-0.95, respectively, by 7.2% and 9.2%,
respectively, which not only showed excellent performance in
identifying
improved the recall rate. In addition, the practicality of the
method was considered in this study. With the intensification
of agricultural labor shortage and the development of

crowded pedestrians, but also significantly

intelligent agricultural machinery technology, the demand for
pedestrian monitoring in complex farmland scenarios is
becoming increasingly prominent, and the YOLOvV8n-SS
model has good portability and detection efficiency, which can
meet the needs of pedestrian detection in complex scenarios, so
the model has a wide application prospect in agricultural
scenarios.

This research will continue introducing more advanced feature
fusion methods and enabling the integration of object tracking
and detection, further optimize the network structure, improve
the inference speed, reduce the consumption of computing
resources, deliver a lightweight model and combine the
efficient detection ability of YOLOv8 with advanced object
tracking technology to achieve long-term tracking and
behavior analysis of pedestrians.
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