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In the field of security, intelligent surveillance tasks often involve a large number of dense and small
objects, with severe occlusion between them, making detection particularly challenging. To address this
significant challenge, Dense and Small YOLO (DS-YOLO), a dense small object detection algorithm based
on YOLOVSs, is proposed in this paper. Firstly, to enhance the dense small objects’ feature extraction
capability of backbone network, the paper proposes a lightweight backbone. The improved C2fUIB

Keywords: is employed to create a lightweight model and expand the receptive field, enabling the capture of
Dense objects detection richer contextual information and reducing the impact of occlusion on detection accuracy. Secondly,
LFS-PAFPN to enhance the feature fusion capability of model, a multi-scale feature fusion network, Light-weight
DOConv Full Scale PAFPN (LFS-PAFPN), combined with the DO-C2f module, is introduced. The new module
%{%ES successfully reduces the miss rate of dense small objects while ensuring the accuracy of detecting

large objects. Finally, to minimize feature loss of dense objects during network transmission, a dynamic
upsampling module, DySample, is implemented. DS-YOLO was trained and tested on the CrowdHuman
and VisDrone2019 datasets, which contain a large number of densely populated pedestrians, vehicles
and other objects. Experimental evaluations demonstrated that DS-YOLO has advantages in dense
small object detection tasks. Compared with YOLOvSs, the Recall and mAP@0.5 are increased by 4.9%
and 4.2% on CrowdHuman dataset, 4.6% and 5% on VisDrone2019, respectively. Simultaneously, DS-
YOLO does not introduce a substantial amount of computing overhead, maintaining low hardware

requirements.
© 2024 The Author(s). Published by Elsevier B.V. on behalf of Shandong University. This is an open access
article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction In recent years, with the development of science and tech-

nology, deep learning-based object detection algorithms have

Object detection plays a vital role in the field of computer
vision, with applications spanning various domains such as rob-
otics, autonomous driving systems, and industrial production line
monitoring. In the realm of intelligent security, object detec-
tion can intelligently monitor and capture various information
of interest objects, playing a crucial role in tasks such as traffic
monitoring and hazard prediction. However, these scenarios often
involve a large number of dense and small objects, with severe
occlusion between them, leading to issues such as low accuracy
for small objects, high false detecting rate, and significant miss
rate for dense objects. Therefore, in-depth research and continu-
ous innovation in dense small objects detection technology hold
significant practical importance and long-term value.
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become increasingly mature. YOLO series algorithms [1-3] are ex-
tremely outstanding one-stage object detection algorithms based
on Convolutional Neural Network (CNN). They have attracted
significant attention from researchers due to their high accu-
racy, fast speed and high practical application value. YOLO treats
detection as a regression task, dividing the entire image into
an SxS grid, with each grid responsible for detecting objects
within it. It uses bounding box localization, conditional proba-
bility, confidence, etc., to complete predictions in one go [4]. To
date, the mainstream version of the algorithm has been updated
to YOLOv10 [5].

In addition to the YOLO series, there are other algorithms
such as two-stage algorithms based on CNN [6-8] and algorithms
based on Transformer [9,10]. These algorithms generally have
higher accuracy, while have more complex network structure and
higher hardware requirement. The YOLO series algorithms, on
the other hand, have relatively simpler structures, lower model
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parameter counts, and lower computational complexity, making
them less demanding on hardware and more broadly compatible.

As the “eyes” of the Internet of Everything era, video surveil-
lance holds immense application value and has garnered exten-
sive attention from researchers. Deepak Kumar Jain et al. [11]
addressed the issue of low pedestrian detection accuracy in
video surveillance systems by proposing the Robust Multi-modal
Pedestrian Detection using a Deep Convolutional Neural Network
with an Ensemble Learning (RMPD-DCNN-EL) model. This model
combined ensemble learning with computer vision methods to
produce more accurate results. It used the SimAM EfficientNet
model for feature extraction and employed three deep learn-
ing models for ensemble classification: Nested Long Short-Term
Memory (NLSTM), Deep Belief Networks (DBN), and Extreme
Learning Machine (ELM). Experimental results demonstrated that
this model outperforms other deep learning methods, achiev-
ing robust pedestrian detection even when pedestrian positions
and postures change. However, the model performed poorly in
scenarios with occlusion and dense crowds. Xu et al. [12], ad-
dressing the need for real-time pedestrian detection in intelligent
surveillance systems, proposed an efficient real-time pedestrian
detection model based on an improved ShuffleNet and YOLOv3.
This model aimed to solve real-time pedestrian detection with
high accuracy. By lightweighting the YOLOv3 backbone, it re-
duced 67.5% of floating-point operations per second (FLOP) and
65.1% of parameters. Experiments showed that the proposed
method can achieve an FPS of 180, meeting the requirements
for implementing end-to-end object detection algorithms. How-
ever, the performance of the lightweight model declined, and
its detection effectiveness for small objects was insufficient. Hsu
et al. [13] tackled the challenge of poor pedestrian detection in
low-resolution (LR) images by proposing an end-to-end Multi-
scale Structure-Enhanced Super-Resolution (MsSE-SR) method.
This method used super-resolution technology to upscale LR
images to high-resolution (HR) images and then detected pedes-
trians using YOLOvA4. This algorithm effectively addressed the low
performance of pedestrian detection in LR images but did not
adequately solve the issue of high occlusion among pedestrians.

The development of dense small object detection algorithms
currently faces many significant challenges, with occlusion being
the primary issue. In practical applications, objects are often
occluded by surrounding objects such as trees, railings, and vehi-
cles. These occlusions make it difficult for traditional data-driven
detectors to accurately detect the key features of objects. Sec-
ondly, scale variation is another important problem. The scale
of objects in images changes with the distance from the camera,
angle, etc., resulting in significant differences between large and
small objects, which increases the difficulty of detection. Addi-
tionally, there are many small objects in images, and enhancing
the model’s ability to detect small objects while maintaining
low computational overhead and reducing miss rate is an urgent
problem to be solved.

Based on the above questions, this paper proposes a more
powerful model, DS-YOLO, to address the issue of missed detec-
tion and low accuracy caused by occlusions in intelligent surveil-
lance scenarios with a large number of dense small objects. The
main contributions are as follows:

e To enhance the backbone’s ability to extract features of
small objects while maintaining computational efficiency,
the backbone’s structure and channel numbers of each layer
were redesigned. To address the issue of occlusion among
objects affecting detection performance, the improved
C2fUIB module was introduced into the backbone. This al-
lows the network to achieve a larger receptive field, further
improving its ability to capture contextual information and
reducing the impact of occlusion on detection.
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e To address the suboptimal feature fusion capability of the
PAFPN used in Neck of YOLOvS8s, a new Neck, LFS-PAFPN,
was designed to replace. It better captures and fuses spatial
and semantic information, improving the accuracy of both
large and small objects. To lightweight the neck structure,
the DO-C2f module, which integrates DOConv, was used.

e To mitigate the loss of dense object features during the
upsampling process, a more efficient upsampling module,
DySample, was employed.

In summary, given that intelligent surveillance tasks in the
security field often involve a large number of dense and small
objects with significant occlusion, this paper proposed DS-YOLO
to reduce the issue of missed detections.

2. YOLOvS

YOLOv8 [3] is the latest generation algorithm released by
Ultralytics. The YOLO series of algorithms are renowned for their
balance of accuracy and speed, and YOLOvVS is the culmination of
these advancements. YOLOVSs is one of the smaller models(n, s,
m, 1), with fewer parameters and lower computational complex-
ity, making it easier to deploy on various devices. Therefore, this
paper selects YOLOv8s as the benchmark model. Its structure is
shown in Fig. 1.

YOLOVS is designed based on YOLOvV5, incorporating advanced
concepts from other excellent YOLO series algorithms such as
YOLOv7 and YOLOX. It adopts an Anchor-Free approach, sig-
nificantly enhancing the algorithm’s generalization performance
across various scenarios and making it more adaptable to multi-
scale object detection tasks. The network mainly consists of three
parts: the Backbone, the Neck, and the Head. The C2f structure,
based on C3 and ELAN designs, has a stronger feature extraction
capability. Mainly due to the recursive design of the Bottleneck
allows for the acquisition of more gradient flow information. The
Neck still employs a multi-scale feature fusion structure, FPN +
PAN, which integrates the rich spatial information from shal-
low layers with the rich semantic information from deep layers,
mitigating the information loss problem during network propa-
gation. The detection head uses a decoupled design, separating
the classification and regression operations.

The series of designs in YOLOv8 have enabled it to achieve
state-of-the-art (SOTA) performance. However, YOLOvVS primarily
targets conventional multi-scale objects and performs poorly in
detecting small objects. The YOLOv8-P2 places more emphasis
on detecting small objects, while deepening the network brings
better performance, it also increases a large number of computa-
tional burden.

3. The improved model DS-YOLO

To further enhance the detection effectiveness for dense small
objects, this paper proposes an improved model based on
YOLOvVS8s, named the DS-YOLO. The structure is shown in Fig. 2.

Firstly, in order to enhance the feature extraction capability
of the model’s backbone for the objects, DS-YOLO adopted a
redesigned backbone network, which strengthened the model’s
utilization of the shallow layer rich in object features, making
it more adaptable to the task scenarios of dense small objects.
The new backbone reconstructed the structure and number of
channels of each layer to avoid creating a large computational
burden. By introducing DO-C2f and C2fUIB as the main modules
for feature extraction of the model, performance was improved
while ensuring low parameter volume and computational bur-
den. Secondly, to better utilize the obtained multi-scale features,
DS-YOLO introduced a new LFS-PAFPN to enhance the model’s
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Fig. 2. The structure of DS-YOLO.

multi-scale feature fusion capability. Dense small objects con-
tain more information including various details of the object in
the shallow high-resolution feature map, and more positional,
category information in the deep low-resolution feature map.
A more efficient multi-scale feature fusion network could more
completely aggregate the captured information of various kinds,

thereby improving detection accuracy and reducing the rate of
missed detections. Finally, to reduce the problem of feature loss of
the object during the up-sampling process, DySample was intro-
duced. In dense scenes, the feature information of the object was
highly overlapping, and DySample’s adaptive sampling position
and weight generation mechanism could retain more complete
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detail information in the feature maps at all levels. The following
sections would detail the specific design ideas of each module of
DS-YOLO.

3.1. DO-C2f based on DOConv

CNNs have achieved tremendous success in image process-
ing and computer vision tasks. However, standard convolution
operations face bottlenecks in terms of parameters and computa-
tional load, especially in scenarios requiring high model expres-
siveness and limited computational resources. Depthwise Over-
parameterized Convolution (DOConv) [14] was introduced to ad-
dress this issue by incorporating parameter redundancy in the
depth direction, thereby enhancing the representational capac-
ity of convolutional kernels while maintaining computational
efficiency.

DOConv can be implemented in two mathematically equiv-
alent ways: feature composition and kernel composition. The
feature composition method involves first applying a depthwise
convolution kernel D to the input feature map P, resulting in the
transformed feature P’.

PP=DOP (1)

Then, a conventional convolution kernel is applied to, resulting in
the output feature O.

O=W =P (2)

Kernel composition method: First, the conventional convolution
kernel W is transformed by the depthwise convolution kernel DT,
resulting in the composite convolution kernel W’.

w=D"ow (3)

Then, W’ is applied to the input feature map P, resulting in the
output feature O.

0O=W'%P (4)

This paper proposes DO-C2f to enhance the network’s feature
extraction capability and reduce computational burden. DOConv
significantly improves the representation and feature extraction
capabilities of convolutional kernels by introducing parameter
redundancy in the depth direction, solving the bottleneck prob-
lem of traditional convolutional operations under high perfor-
mance requirements and limited computing resources. Its adap-
tive design not only enhances the model’s expressive power

but also maintains high computational efficiency, making it an
effective solution for improving model performance in various
image processing and computer vision tasks, especially on mobile
and embedded devices.

3.2. Lightweight backbone network with C2fUIB

The Inverted Residual module was first proposed in Mobil-
eNetV2 [15], as shown in Fig. 3(b). Its key feature is to first expand
the channels, then perform depthwise separable convolution, and
finally compress the channels. It is a flexible modeling module
suitable for efficient network design, which can adapt to var-
ious optimization objectives without causing a drastic increase
in computational complexity. This is exactly the opposite of the
channel design of the traditional residual module [16] (Normal
Residual), as shown in Fig. 3(a).

MobileNetV4 [17] proposed the Universal Inverted Residual
structure. Based on this efficient module, this paper designs a new
bottleneck structure Depthwise Over-parameterized
Universal Inverted Bottleneck (DO-UIB), which expands the re-
ceptive field of this layer structure while lightening the network,
enabling the network to capture more multi-scale contextual
information. The specific structure is shown in Fig. 3(c).

The DO-UIB module introduces DOConv into the Universal
Inverted Bottleneck block, enhancing the feature representation
ability while lightening the network.

C2fUIB, based on DOC2f, embeds DO-UIB as a Bottleneck,
greatly reducing computational complexity and the number of
parameters. To avoid a significant drop in performance and to
enhance the feature extraction ability of small objects, the back-
bone network structure and the number of channels have been
redesigned. The new backbone better utilizes the rich small ob-
ject information from the shallow layers and does not increase
the computational load compared to the original structure. The
specific structure is shown in Fig. 4.

3.3. Multi-scale feature fusion network LFS-PAFPN

The main role of the neck network is feature extraction and
feature fusion. As the network deepens, the resolution of the
feature map gradually decreases, and the semantic features of the
object such as category and contour gradually enrich. At the same
time, the rich spatial information of the shallow network is gradu-
ally lost. The feature fusion ability of the Neck allows the network
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to combine the rich spatial information of the shallow layers with
the rich semantic information of the deep layers, to some extent
solving the problem of information loss and degradation.

The FPN + PAN structure used in YOLOVS, in order to balance
multi-scale objects under ordinary scenes, chose 20x 20, 40 x40,
and 80 x 80 feature maps for detection. But in tasks like pedes-
trian detection, due to issues such as shooting distance and angle,
there are many objects with too few pixels. At this time, the
detection effect of the original network cannot meet the require-
ments, and the phenomenon of missed detection is serious.

In response to the problems of feature fusion and poor small
object detection ability in the Neck, this paper proposes a new
neck feature fusion network, LFS-PAFPN. The specific structure is
shown in Fig. 5.

As can be seen, a full connection operation between each
feature map is designed before the feature map inputs to the
detection head. This operation can fully fuse the spatial and
semantic information contained in each layer, improving the de-
tection accuracy of the algorithm. Specifically, in order to increase
the ability to capture dense small object features, the main neck
network is constructed using the high-resolution feature maps P2,
P3, and P4 of the backbone. The P5 feature map of the backbone is
also used to further fuse with the P4 feature map that has fused
multi-scale information, ensuring the detection performance of
large objects. LFS-PAFPN not only better detects small objects but
also ensures the detection effect of large objects, while reducing
the redundant computational burden for large objects.

3.4. DySample

In image processing tasks, fixed sampling methods (such as
nearest neighbor interpolation and bilinear interpolation) are
computationally simple, but their static characteristics cannot be
adaptively adjusted according to the complexity of input fea-
tures. This static sampling often cannot retain enough detail
information when facing complex scenes, leading to feature loss
and model performance degradation. To solve this problem, Liu
et al. [18] proposed DySample, a dynamic sampling strategy.
DySample adjusts the sampling position and weight dynami-
cally, allowing the sampling process to adaptively handle differ-
ent input features, thereby retaining more useful information in
the feature transformation and downsampling process. The main
calculation process is shown in algorithm 1:

Algorithm 1 Algorithm of DySample

Input: A feature map X (b, c, h, w), upsampling scale s, offset
function:fyge: (usually a neural network), static or dynamic
range constraint factor: .

Output: Upsampled feature map: X (b, ¢, s *x h, s x w).

1: S = Initialize Sampling Positions (X, s); // Initialization of
sampling positions (depends on nearest neighbor or bilinear)

2: Offset AP = fyge:(X); /| Offset calculation

3: o = dynamic_factor = sigmoid (linear1 (X) ) x 0.5; // Using
a dynamic range constraint factor, first calculate the dynamic
factor

4: AP’ =a x AP; || Constrained offset

: §" =S+ AP’; || Adjusted sampling positions

6: Feature resampling; // Resampling using bilinear interpolation
or other methods according to S’ to obtain the upsampled
feature map X’

7: Return: X’ ; // Output upsampling results

w

By introducing a dynamic sampling strategy, DySample has
solved the limitations of traditional fixed sampling methods in
dealing with complex features. Its adaptive sampling position and
weight generation mechanism allow the model to retain more
useful information in the feature transformation and downsam-
pling process, significantly improving the overall performance
of the model. Compared with traditional methods, DySample
has shown significant advantages in detail preservation, model
performance, and computational efficiency.

4. Experimental verification and result analysis
4.1. Dataset analysis

The DS-YOLO validation experiments used the public datasets
CrowdHuman and VisDrone2019. CrowdHuman dataset contains
three classes: head, full body, and visible body. The dataset in-
cludes 150,00 images and over 1.2 million annotated human
instances for train, 4370 images for valid and 5018 images for
test. The images in the dataset come from a variety of scenes and
environments, including streets, shopping malls, and parks, and
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Fig. 6. P-R curves of YOLOv8s(left) and DS-YOLO(right) on CrowdHuman dataset.

Table 1

Model training hyperparameters.
Items Version
Epoch 100
Batch 8
Image_size 640
Optimizer SGD
Learning rate 0.01-0.0001
Learning rate scheduling strategy Linear

exhibit high diversity. A notable characteristic of CrowdHuman
is that the images contain a large number of crowded people
and include people of different sizes, from small, distant figures
to large, close-up figures. The target in Visdrone2019 contains
10 categories, it has a total of 7016 images in the training and
validation sets. Most of the objects in the two datasets are small
and dense, which brings great challenges to the detection task.

4.2. Experimental environment

The model experiments were based on the PyTorch (Ver-
sion: 2.1.2) framework. The experiments were conducted using
an Nvidia RTX 3090 (24.0 GB) GPU, CUDA version 12.1, Python
version 3.10.8, and the Ubuntu operating system. No pre-trained
weights were used during model training, and the hyperparame-
ter settings are shown in Table 1.

4.3. Evaluation metrics

The main evaluation metrics used for experimental validation
were precision (P), recall (R), mean average precision at threshold
0.5 (mAP@0.5), parameter count (Params), and floating-point op-
erations (GFLOPs). The calculation formulas for P, R, and mAP@0.5
are shown in Egs. (5), (6), and (7), respectively.

L. TP
Precision = (5)
TP + FP
P
Recall = —— (6)
TP + FN
1 ¢ !
mAP = — ) "AP;, AP = / PRdr (7)
nis 0

4.4. Experimental results of the DS-YOLO on CrowdHuman dataset

Fig. 6 shows the P-R curves of YOLOv8s and DS-YOLO on
CrowdHuman. It can be seen that DS-YOLO’s accuracy improved

across all categories. This is mainly due to the structural improve-
ment of DS-YOLO, which greatly enhances the feature extraction
and feature fusion capabilities of the model. In the monitoring
scenario, the dense small target feature information is captured
more completely. As shown in Fig. 6, DS-YOLO improves accuracy
on “Head” by 5.7%, “Full body” by 2.5%, and “Visible body” by
5.2% than those of YOLOvS8s. Overall, the detection accuracy of
DS-YOLO reaches 82.3% in the mAP@0.5 indicator, which is 4.5%
higher than that of YOLOvS8s.

To evaluate the superiority of DS-YOLO, a number of com-
parative experiments were conducted for verification. Table 2
shows the comparison between DS-YOLO and other models on
CrowdHuman dataset. The selection criteria for the compari-
son algorithms are that the parameter count and computation
complexity should be within a reasonable range.

As shown in Table 2, compared with the baseline models
YOLOv8s and YOLOv8m, DS-YOLO has higher performance, with
Recall improved by 4.9% and 2.1%, and mAP@0.5 improved by
4.2% and 1.6%, respectively. Compared with YOLOv8s, DS-YOLO's
parameter count decreases by about 2M, while the computation
complexity increases by 2.3 GFLOPs. But Recall and average pre-
cision are significantly improved, even higher than those of the
larger model, YOLOv8m. Compared with YOLOv8-P2, both Recall
and mAP@0.5 are improved by 0.6%, and DS-YOLO’s parameter
count and computation complexity are reduced by nearly 13% and
16%, respectively. Compared with other models, like YOLOv5m,
YOLOV9s, YOLOv10s, the Recall is improved by 4.8%, 5.6%, 3.9%,
and the mAP@O0.5 is improved by 6%, 5.2%, 3.7%, respectively.
Compared with RT-DETR, DS-YOLO’s parameter count and com-
putation complexity are both reduced by nearly 50%, and the
Recall is only 1.7% lower. Compared with HF-YOLO [19], the Recall
is improved by 1.4% and the mAP@0.5 is improved by 0.7%.

The improvement of DS-YOLO backbone structure and the
introduction of LFS-PAFPN, DOConv, C2fUIB and other modules
together improve the detection accuracy and reduce the missed
detection rate. At the same time, DS-YOLO does not create an
excessive increase in computing burden, ensuring its wide scal-
ability. The application of the model in the intelligent security
scenario is more advantageous.

Table 3 shows the reasoning time of DS-YOLO and the other
three models with the highest detection accuracy. On the test
set of CrowdHuman dataset, the average detection time of DS-
YOLO is 20.1 ms. Compared with YOLOv8s-P2 and YOLOv8m,
the time is longer by 6 ms and 5.5 ms, respectively. But the
detection accuracy of DS-YOLO is higher and the miss rate is
lower. Moreover, the DS-YOLO is 2.9 ms faster than the RT-DETR.
In the case of similar detection accuracy, DS-YOLO has faster
detection speed and less computational overhead.
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Experimental comparison between DS-YOLO and other models on CrowdHuman dataset.

Model P (%) R (%) mAP@0.5 (%) mAP@0.5-0.95 (%) Params (M) FLOPS (G)
YOLOv5m 84.0 68.3 76.3 457 20.897 482
YOLOvSs 85.1 68.2 78.1 50.4 11.137 28.7
YOLOVS8s-P2 85.4 72.5 81.7 53.3 10.638 37.0
YOLOv8m 86.1 71.0 80.7 53.9 25.858 79.1
YOLOV9s 84.8 675 77.1 505 9.600 38.7
YOLOv10s 83.9 69.2 78.6 50.6 8.037 24.5
HE-YOLO [19] 86.3 717 81.6 - - -
RT-DETR 85.8 74.8 82.3 54.1 20.086 58.3
DS-YOLO 85.5 73.1 82.3 54.3 8.288 31.0
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Fig. 7. MAP@O0.5-Params (left) and mAP@0.5-GFLOPs (right) scatter diagram of models on CrowdHuman dataset.
Table 3 Table 4
Comparison of inference speed of different models on test set. Experimental comparison between DS-YOLO and other models on VisDrone2019
Datasets Models Speed (ms) datdaset.
CrownHuman YOLOVSs-P2 141 Model P (%) R (%) TAP@O.S mAP@oO.S— Params FLOPS
YOLOV8m 146 *) 095 (%) (M) (S)
RT-DETR 23.0 YOLOv5m 449 365 355 19.9 20.907 48.0
DS-YOLO 20.1 YOLOVSs 50.3 37.0 38.1 227 11.129 285
YOLOV8s-P2 526 410 417 24.3 10.629 37.0
YOLOv8m 52.4 40.4 415 252 25.846 79.1
YOLOV9s 51.0 365 38.1 23.1 9.605 38.8
Fig. 7 shows the models’ mAP@0.5 in relation to the number YOLOvV10s 486 370 373 223 8.024 245
of parameters and the computational complexity. The better the DS-YOLO 524 416 431 26.0 9.330 30.7
model is in the upper left corner of the scatter plot. DS-YOLO
struck a better balance between precision and the number of Table 5
parameters and computational complexity. DS-YOLO achieved a Comparison of inference speed of different models on test set.
higher mAP@O.S and lov_ver parameter count and computational Datasets Models Speed (ms)
complexity compared with other models. VisDrone2019 YOLOV8s-P2 3538
YOLOv8m 33.1
4.5. Experimental results of the DS-YOLO on VisDrone2019 dataset YOLOV9s 49.6
DS-YOLO 37.9

In order to verify the detection effect of DS-YOLO on other
objects, VisDrone2019 dataset, with richer object categories, was
selected for further experimental comparison. As shown in Fig. 8,
compared with YOLOv8s, the DS-YOLO’s average detection preci-
sion of all categories have improved by around 4%. In addition,
the detection precision of the DS-YOLO has improved by 4.9%.

The VisDrone2019 dataset contains many dense and small
vehicle objects in addition to pedestrians. As shown in Table 4,
DS-YOLO also achieves higher average precision accuracy and re-
call rates. Compared with YOLOv8s, DS-YOLO increases mAP@0.5
and Recall by 5%, 4.6%, respectively. Compared with the larger
model YOLOv8m, mAP@0.5 and Recall are increased by 1.6%,
1.2%, respectively. Compared with other models, like YOLOv5m,
YOLOV9s, YOLOv10s, DS-YOLO has a great improvement in detec-
tion accuracy and recall rate. Moreover, DS-YOLO keeps the num-
ber of model parameters and computational complexity within a
certain range, 9.330M and 30.7 G, without introducing a lot of
computational overhead.

Table 5 shows the average inference time of the models.
To be specific, on the VisDrone2019 dataset test set, the av-
erage detection time of DS-YOLO is 37.9 ms. Compared with
YOLOv8s-P2 and YOLOv8m, the time is 2.1 ms and 4.8 ms longer,
respectively. Compared to YOLOv9s, DS-YOLO’s detection speed is
11.7 ms faster. Compared with other models, DS-YOLO has higher
detection precision, and the detection speed can also meet the
requirements of real-time.

Fig. 9 shows the models’ mAP@0.5 in relation to the number of
parameters and the computational complexity. As shown in the
figure, DS-YOLO is located in the upper left corner of the image.
This shows that the model can better balance the calculation
cost and detection accuracy. DS-YOLO is more suitable for inten-
sive small object detection tasks. And the required computing
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Fig. 8. P-R curves of YOLOv8s (left) and DS-YOLO (right) on VisDrone2019 dataset.
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Fig. 9. mAP@0.5-Params and mAP@0.5-GFLOPs scatter diagram on VisDrone2019 dataset.

overhead is smaller, and thus the hardware requirements are
lower.

4.6. Ablation experimental verification

To evaluate the extent to which each improvement contri-
buted to the overall performance of the algorithm, ablation ex-
periments were designed. The experimental results are shown in
Tables 6 and 7. YOLOv8s' represents the main body lightweight
design based on YOLOv8s and introduces C2fUIB, YOLOv8s? rep-
resents the introduction of the upsampling algorithm DySample
and DO-C2f on the basis of YOLOvSs! for dense objects, and DS-
YOLO further adopts a new neck design LFS-PAFPN and redesigns
the backbone structure.

It can be found that the computational complexity of YOLOvSs!
and YOLOv8s? decreases by around 11 GFLOPs, and the algo-
rithm performance also decreases. On the CrowdHuman dataset,
mAP@0.5 declined by 1.2% and Recall dropped by 1.8%. On the
VisDrone2019 dataset, mAP@0.5 decreased by 0.5% and Recall
fell by 0.3%. The performance deterioration of DS-YOLO is signif-
icantly less than FLOPS. This is mainly due to the introduction of
lightweight modules DO-C2f and C2fUIB in the original structure,
while reducing the model computation overhead and maintain
detection accuracy. But, after the introduction of an improved
backbone structure and LFS-PAFPN, the detection performance of
DS-YOLO has been greatly enhanced. Higher detection accuracy
is obtained while avoiding the introduction of a large amount of
computation overhead. After introducing a enhanced backbone
structure and LFS-PAFPN that are more friendly to small ob-
jects, the algorithm performance has been significantly improved.
On CrowdHuman and VisDrone2019, mAP@0.5 has increased
by 4.2% and 5%, and Recall has increased by 4.9% and 4.6%,
respectively. The number of parameters has been reduced by
more than 1M compared with the original algorithm. Moreover,

Table 6
Ablation experiment comparison of DS-YOLO on CrowdHuman dataset.
Model P (%) R (%) mAP@0.5 mAP@0.5- Params GFLOPs
(%) 0.95 (%) (M)
YOLOv8s  85.1 68.2 78.1 50.4 11.137 28.7
YOLOv8s' 845 66.4 76.9 49.1 10.036 17.7
YOLOv8s?  84.6 66.6 76.9 49.1 10.061 17.7
DS-YOLO 85.5 73.1 82.3 543 8.288 31.0
Table 7
Ablation experiment comparison of DS-YOLO on VisDrone2019 dataset.
Model P (%) R (%) mAP@0.5 mAP@0.5- Params GFLOPs
(%) 0.95 (%) (M)
YOLOv8s  50.3 37.0 38.1 22.7 11.129 28.5
YOLOv8s' 495 36.2 37.6 21.7 10.028 17.8
YOLOv8s?  49.8 36.3 37.8 22.0 10.018 17.7
DS-YOLO 524 41.6 43.1 26.0 9.330 30.7

the computational complexity has only increased by 2.3 GFLOPs.
Higher detection performance is obtained at the cost of a smaller
computational burden.

4.7. Visual experiment on datasets

Tables 8 and 9 provide a statistical count of the number of
categories on the test sets of CrowdHuman and VisDrone2019
datasets using the DS-YOLO and YOLOv8m, respectively. For in-
stance, when examining the CrowdHuman dataset, we can ob-
serve a difference in the detection capabilities of two object
detection models. Specifically, the statistical count for image 1
reveals that DS-YOLO outperforms YOLOv8m in terms of the
number of objects detected. DS-YOLO identifies a total of 14 ob-
jects, which includes 58 instances of “head”, 69 instances of “full
body”, and 67 instances of “visible body”. In contrast, YOLOv8m



H. Zhang, G. Li, D. Wan et al.

Image 2

Biomimetic Intelligence and Robotics 4 (2024) 100190

Image 3
50 L

5 Image 1 25
e YOLOV8M 69 67
mm DS-YOLO 63 61
60 5658 251
50t
20+
o 40+t o
2 8
[ g 15+
Z 30} Z
10+
20 +
5
10} ST
2
— 0
Head Full body Visible body Head

27 27 45

0
Full body Visible body Head

46

Number

Full body Visible body

Fig. 10. Detection results comparison between DS-YOLO and YOLOv8m on CrowdHuman dataset.
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Fig. 11. Detection results comparison between DS-YOLO and YOLOv8m on VisDrone2019 dataset.

Table 8
Comparison of the number of objects detected by YOLOv8m and DS-YOLO on
CrowdHuman dataset.

Input Model Speed (ms) Class Name
Head Full body  Visible body

Image 1 YOLOv8m 23.1 56 63 61

DS-YOLO 274 58 69 67
Image 2 YOLOv8m  23.8 2 27 3

DS-YOLO 26.4 5 27 13
Image 3 YOLOv8m 255 41 45 36

DS-YOLO 27.2 43 46 43

detects fewer objects. This comparison highlights the superior
performance of DS-YOLO in reducing the rate of missed detec-
tion. Figs. 10 and 11 provide a more intuitive representation
of the detection performance of DS-YOLO, which detected more
objects than YOLOv8m and effectively reduced the phenomenon
of missed detection.

It could be concluded from the statistical data in Tables 8 and 9
that DS-YOLO has superior detection performance and can detect
more objects in a dense and small object scenario. Figs. 12 and
13 show the detection effects of DS-YOLO in two scenarios. It is

relatively satisfactory. Although the detection time of DS-YOLO is
longer, the detection effect is better, and the detection speed can
still meet the needs of use.

4.8. Realistic environment visual experiment

In order to further reflect the detection effect of the algorithm,
a low-altitude campus video used to simulate the monitoring
scene was used for testing. The video is captured by the drone and
algorithm is run on its onboard computer. The specific detection
effect is shown in the Fig. 14. As shown in the figure, although the
image resolution is slightly lower and the objects in the image are
small and dense, a large number of objects are still detected.

5. Summary and prospect

In conclusion, this paper presented a more advanced dense
small object detection model for video surveillance in the security
field, DS-YOLO. It could effectively address the challenges related
to dense small object detection, including density, occlusion, and
scale variations. Compared to the baseline model YOLOvS8s, DS-
YOLO maintains a lower computational burden and parameter
count, and is equally efficient in the deployment of related edge
devices.
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Table 9
Comparison of the number of objects detected by YOLOv8m and DS-YOLO on VisDrone2019 dataset.
Input Model Speed (ms) Class Name
Pedestrian People Bicycle Car Van Truck Bus Motor
Image 1 YOLOvV8m 254 20 - - 124 7 - - -
DS-YOLO 30.1 26 1 - 123 9 - - -
Image 2 YOLOv8m 253 7 0 4 102 4 - - 4
DS-YOLO 30.1 12 1 0 117 2 - - 10
Image 3 YOLOv8m 255 - - - 44 1 3 2 -
DS-YOLO 30.0 1 0 0 49 4 6 - -

L g
rawbedsibje.body
visiblerteioy 087 | |
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+

Fig. 13. DS-YOLO detection visualization results on VisDrone2019 dataset.
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Fig. 14. DS-YOLO detection visualization results based on edge device of UAV.

Firstly, a backbone network with stronger dense small ob-
ject feature extraction capability was designed, strengthening the
utilization of shallow network information and avoiding a large
increase in computational burden by rearranging the number
of channels. At the same time, a lightweight C2fUIB module
with a larger receptive field was introduced to fully capture the
feature information of dense small objects. Secondly, LFS-PAFPN
allowed the network to effectively detect multi-scale objects,
and the performance of small object detection was greatly im-
proved. Finally, for densely populated scenes, a DySample based
on dynamic sampling strategy was introduced to reduce fea-
ture loss during the upsampling process. Considering the edge
device versatility of the algorithm, each module of DS-YOLO
had been lightweightly improved, so that the algorithm better
balances the speed and accuracy of detection. DS-YOLO outper-
formed the baseline models YOLOv8s and the deeper YOLOv8m,
with significant improvements in detection accuracy and overall
performance. The research results highlighted the potential of DS-
YOLO as an advanced dense and small object detection solution
and had more practical application value in real-world scenarios.

Despite the algorithm’s partial success in reducing missed
detections caused by crowd density and occlusion, the model in-
ference time remains lengthy, and the impact of various weather
and lighting conditions on detection has not yet been investi-
gated. In the future, efforts will continue to focus on designing
lightweight models and detecting dense small objects in chal-
lenging environments. Training on more datasets will enhance
model robustness. This aspect of work is also significant and will
be further explored in the next steps.
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