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Abstract. UAV object detection task is a highly popular computer
vision task, where algorithms can be deployed on unmanned aerial vehi-
cles (UAVs) for real-time object detection. However, YOLOv5’s per-
formance for UAV object detection is not entirely satisfactory due
to the small size of the detected objects and the problem of occlu-
sion. To address these two issues in the YOLOv5 algorithm, we pro-
pose the YOLOv5-LW algorithm model. Building upon YOLOv5, we
replace the FPN-PAN network structure with the FPN-PANS struc-
ture. This modification helps mitigate the issue of feature disappear-
ance for small objects during the training process while reducing the
model parameters and computational complexity. Additionally, within
the FPN-PANS structure, we employ a multistage feature fusion app-
roach instead of the original feature fusion module. This approach effec-
tively corrects the erroneous information generated during the upsam-
pling stage for certain objects. Finally, we replace the SPPF module with
the SPPF-W module to further increase the receptive field while main-
taining almost unchanged parameters. We conducted multiple experi-
ments and demonstrate that YOLOv5-LW performs exceptionally well
in lightweight small object detection tasks using the VisDrone dataset.
Compared to YOLOv5, YOLOv5-LW achieves a 4.7% improvement in
mean average precision (mAP), reduces the model size by 40%, and
decreases the parameters by 40%.
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1 Introduction

UAV object detection tasks have been widely applied in various scenarios, such as
plant protection [1,2], wildlife conservation [3,4], and EU regulation monitoring
[5,6]. However, our focus lies more on the development of lightweight real-time
object detection.

In recent years, significant progress has been made in object detection tasks
using deep convolutional neural networks [7–10]. Benchmark datasets like MS
COCO [11] and PASCAL VOC [12] have played a crucial role in promoting
the advancement of object detection applications. However, most previous deep
convolutional neural network works were designed for natural scene images, and
directly applying these models to handle object detection tasks in UAV-captured
scenes presents challenges. Some examples in Fig. 1 illustrate this point. Firstly,
the scale of objects varies significantly due to different flight altitudes, causing
drastic changes in object sizes. Secondly, images captured by UAVs contain dense
objects, leading to object occlusion. Lastly, UAV-captured images often contain
a large amount of confusing background due to coverage. These three issues
make object detection in UAV-captured images highly challenging.

The YOLO [13–17] series of one-stage detectors plays a crucial role in object
detection. In this paper, we propose a new lightweight detection model called
YOLOv5-LW based on YOLOv5. The proposed model addresses the problem of
feature loss for small objects during feature fusion and the generation of erro-
neous information due to the disappearance of certain object features during the
upsampling process. Additionally, we increase the receptive field of the network
and reduce the algorithm parameters and model size. Compared to YOLOv5,
our algorithm achieves higher accuracy with fewer parameters and model size
(as shown in Fig. 1).

Our contributions are as follows:

– We propose the FPN-PANS network structure, which not only reduces the
model parameters but also enhances detection accuracy with multiple detec-
tion heads.

– We introduce a multistage feature fusion module that effectively reduces infor-
mation loss during convolution and upsampling processes.

– We propose the SPPF-W module, which increases the field of view compared
to the original SPPF module while keeping the parameters unchanged.

– We conduct extensive and effective experiments to demonstrate the superior-
ity of our algorithm compared to related algorithms.

2 Related Work

2.1 Object Detection Algorithm

Object detection algorithm is an important research direction in the field of com-
puter vision. With the development of deep learning technology, object detection
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Fig. 1. As shown in the figure, due to the far-distance top-down shooting under dif-
ferent lighting conditions in the VisDrone [5] dataset, it differs from other datasets in
terms of shooting angles. Moreover, the objects are small and densely packed, signifi-
cantly increasing the difficulty of detection.

algorithms have also made significant progress. This article will introduce the
development of object detection algorithms and the classification of object detec-
tion algorithms.

The development of object detection algorithms can be divided into two
stages. The first stage is traditional object detection algorithms, which mainly
include template matching, edge detection, color features, and other methods.
These methods have limitations in terms of accuracy and robustness. The second
stage is the application of deep learning technology, mainly including object
detection algorithms based on convolutional neural networks, such as RCNN
[18], Fast RCNN [19], Faster RCNN [20], YOLO, etc. These algorithms have
greatly improved in terms of accuracy and speed.

The classification of object detection algorithms can be divided into two cat-
egories: region-based object detection algorithms and one-stage object detection
algorithms. Region-based object detection algorithms mainly generate a series
of candidate regions in the image and then classify and regress each candidate
region. One-stage object detection algorithms directly classify and regress the
entire image. Among them, region-based object detection algorithms include
RCNN, Fast RCNN, Faster RCNN, etc.; one-stage object detection algorithms
include YOLO, SSD [21], etc.

2.2 Neck

In object detection, the role of the Neck layer is to fuse features from differ-
ent layers to improve the model’s performance. As the field of object detection
continues to evolve, there are now various types of Neck layers commonly used.
Here are a few examples:

1. Feature Pyramid Network (FPN) [22]: FPN is a widely-used feature pyramid
structure that aims to simultaneously capture features at different scales by
utilizing both top-down and bottom-up pathways for feature fusion, thereby
improving detection accuracy.
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2. Path Aggregation Network (PAN) [23]: PAN is another feature pyramid-
based Neck structure that focuses on information aggregation and expan-
sion between different feature pyramids, enabling better feature fusion and
improving detection accuracy.

3. Neural Architecture Search FPN (NAS-FPN) [24]: NAS-FPN is a feature
pyramid structure automatically designed using neural architecture search
algorithms, which outperforms traditional FPN structures in terms of perfor-
mance.

4. Bi-Directional Feature Pyramid Network (BiFPN) [25]: BiFPN is a bi-
directional feature pyramid structure that enables feature communication and
propagation in both top-down and bottom-up directions, facilitating better
information exchange and feature fusion.

In conclusion, with the advancement of deep learning techniques, object detec-
tion algorithms have made significant progress. Object detection algorithms can
be categorized into region-based and one-stage approaches. These algorithms
have wide-ranging applicability in various domains.

Fig. 2. The network structure of our algorithm consists of three parts: the main network
structure, FPN-PANs, and the Head, as shown in the figure above.
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3 YOLOv5-LW

3.1 Overview of YOLOv5

For YOLOv5, it includes multiple models such as YOLOv5s, YOLOv5m,
YOLOv5l, YOLOv5n, and YOLOv5x. These models only differ in terms of their
width and depth, while the overall model structure remains the same. Gener-
ally, YOLOv5 uses the architecture of CSPDarknet53 with an SPPF layer as the
backbone, PANet as the Neck, and YOLO detection head. In our experiments,
we conducted comparisons using models of different sizes, and the results showed
significant improvements in our algorithm across multiple models. Please note
that the translation might not capture the complete technical details accurately,
as it is a complex domain-specific topic.

3.2 YOLOv5-LW

The network architecture of YOLOv5-LW is shown in Fig. 2. We have made some
modifications to the YOLOv5 base model to make it more suitable for unmanned
aerial vehicle (UAV) object detection. We have also made some adjustments to
the parameters of the network structure to prioritize the extraction of shallow
features.

FPN-PANS Structure. For the VisDrone dataset, there are only a few large
objects present. We have visualized the output of each layer’s features as shown
in the figure. Through comparison, we have found that in the deep convolution
layers, the detection targets and the background are almost indistinguishable,
while more useful information is concentrated in the shallow convolution layers.
There is limited useful information in the deep convolution layers. Therefore,
in the FPN stage, we have decided to abandon the extraction of deep convolu-
tion features and focus on the fusion of shallower features. In the PANS stage,
however, we perform deeper convolutions and retain the original detection head
for large object detection to improve detection accuracy for those large objects.
Although there is an increase in computation and parameters in the PANS stage,
the overall computational cost and the number of parameters are greatly opti-
mized as we eliminate the significant overhead of deep convolution in the main
network stage. The specific network structure is illustrated in the figure.

SPPF-W Module. For SPP [26], RFB [27], SPPF, and SimSPPF, their main
purpose is to enhance the perception of the visual field. SPP modules have their
origins in spatial pyramid matching (SPM) [28] techniques. The original SPM
method divides the feature map into equally sized blocks with dimensions of d*d,
where d can take values such as 1, 2, 3, and so on. This division forms a spatial
pyramid, and then the bag-of-words features are extracted. In the YOLO series,
SPP (implemented in YOLOv3) consists of three parallel max-pooling outputs
with sizes of k× k, where k = 5, 9, and 13, respectively. SPPF (employed in
YOLOv4) consists of three max-pooling outputs with a fixed size of k× k, where
k = 5. SPPF provides the same field enhancement as SPP but with fewer struc-
tural parameters and faster computation. In YOLOv6, the SimSPPF module
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Fig. 3. In the FPN-PANs structure, we primarily focus on integrating shallow-level
information and adding a small object detection head. This design enables better per-
formance in unmanned object detection tasks.

simply replaces the SiLU activation function used in SPPF with the ReLU acti-
vation function. To further enhance the field of view, we modified the SPPF
module in YOLOv6 by setting k to 7 and observed significant improvements
in training performance. However, this modification also increased the model’s
parameter count (Fig. 3).

In this paper, a novel pooling module called SPPF-W is proposed (see Fig. 4).
The SPPF-W module is composed of three SPOOL modules, with each SPOOL
module consisting of three SP modules. Each SP module comprises a k× k max-
pooling operation and a SiLU activation function. For instance, if we assume the
input image size is 28 × 28 and apply a 5 × 5 pooling layer with a step size of
1, the resulting feature map size would be (28 − 5)/1 + 1 = 24. Similarly, using
a 77 pooling layer with a step size of 1, we would obtain a feature map size
of (28 − 7)/1 + 1 = 22. Finally, when three successive 3 × 3 pooling layers are
applied, the feature map sizes would be as follows: (28 − 3)/1 + 1 = 26 for the
first layer, (26−3)/1+1 = 24 for the second layer, and (24−3)/1+1 = 22 for the
third layer. It is noteworthy that the 7× 7 pooling layer provides a similar field
of view as the combination of three 3 × 3 pooling layers. In terms of parameter
count, the three 3 × 3 pooling layers have a total of 3 × (3 × 3) channels, the
5 × 5 pooling layer has 5 × 5 channels, and the 7 × 7 pooling layer has 7 × 7
channels. Therefore, the SPPF-W module achieves a larger perceptual field of
view with minimal parameter growth. Specifically, it has approximately 45%
fewer parameters compared to using a 7 × 7 pooling layer.

Multi Level Feature Fusion Module (MLF). In the original PAN net-
work architecture, only the relevant features in FPN are fused. However, we
found that for small object detection, a significant amount of valuable informa-
tion is lost during the convolution and upsampling processes. Even with fusion,
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Fig. 4. SPPF-W: We have adopted multiple small pooling layers instead of a larger
pooling layer to achieve the purpose of expanding the field of view and reducing param-
eters.

the fused features are often contaminated with a considerable amount of noise.
This is mainly because in deeper convolutions, the detection of the target and
background becomes indistinguishable, and upsampling alone is not effective
in restoring the features. To mitigate the impact of this noise on the model’s
accuracy, we propose the PANS network architecture, as shown in Fig. 1. In
the convolution process, we incorporate fusion with the features from the main
network, allowing a larger amount of valuable information to correct erroneous
information and improve the accuracy of the algorithm. Please refer to Fig. 1 for
the model structure

4 Experiments

4.1 Experimental Environment

Implementation Details In aerial object detection experiments, we used the
pytorch framework and the Ubuntu 22.04 operating system. The model parame-
ters are set as follows: lr = 0.01, epoch = 1000, batch size = 28. All experiments
were trained on the GTX3070 GPU.

4.2 Experimental Data

We evaluated our model using the testing challenge and testing development
subsets of the Vis-Drone2021 dataset. We reported the mean Average Preci-
sion (mAP) across all 10 IoU thresholds ranging from 0.5 to 0.95, as well as
the mAP at IoU threshold 0.5 (mAP50). In this chapter, we conducted control
experiments, including different model sizes of the same algorithm, and ablation
experiments to validate the superiority of our algorithm.
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4.3 Comparisons with the State-of-the-Art

In this section, we trained and tested multiple YOLOv series models along with
our algorithm model on the VisDrone dataset (with images uniformly resized
to 512 × 512). The final results are shown in Table 1, which demonstrates the
superiority of our algorithm. From the data in the table, it can be observed
that our model outperforms most algorithm models in terms of accuracy and
has fewer parameters and a smaller model size. Although the YOLOv7 series
algorithm models achieve higher accuracy than our model, with a 0.3% higher
mAP0.5:0.95 and a 2.2% higher mAP0.5 for the S-sized model, our model only
has around 27% of the parameters and approximately 29% of the model size com-
pared to YOLOv7. In terms of model size, our model is slightly less accurate
than YOLOv7, with a 2.7% lower mAP0.5 and a 0.8% lower mAP0.5:0.95. How-
ever, our model’s parameters are only around 27% of YOLOv7, and the model
size is about 36% of YOLOv7. Compared with other algorithms, our algorithm
is not only more lightweight but also achieves higher accuracy. In conclusion,
our model demonstrates better advancement.

Table 1. During the training process, we use 512 × 512 images for training. The bold
font represents the best metrics.

VisDrone

Methods mAP0.5 mAP0.5:0.95 parameters model size

Yolov5s 0.286 0.152 7037095 14.4 MB

Yolov6s 0.327 0.191 – 38.0 MB

Yolov7s 0.398 0.214 9344734 19.0 MB

Yolov8s 0.354 0.208 11129454 22.5 MB

YOLO-LWs 0.376 0.211 2499348 5.5 MB

Yolov5n 0.242 0.119 1772695 3.8 MB

Yolov6n 0.275 0.156 – 6.2 MB

Yolov7n 0.33 0.165 2353014 5.0 MB

Yolov8n 0.301 0.172 3007598 6.2 MB

YOLO-LWn 0.303 0.157 634340 1.8 MB

4.4 Ablation Studies

In this section, we conducted ablation experiments on the VisDrone test dataset
to validate the effectiveness of each proposed module. We used the Yolov5 S
model for all experiments. The valuable data obtained from these experiments
are presented in Table 2.
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Effect of SPPF-W: After improving the FPN to FPNS in the model (using
Yolov5 S model as an example), there were no significant changes in compu-
tational complexity, parameters, or model size. However, the detection perfor-
mance of the model improved. The mAP at a IoU threshold of 0.5 increased by
0.8%, and the mAP at a IoU threshold of 0.5:0.95 increased by 0.3%. Overall,
compared to SPPF, SPPF-W is a superior choice.

Effect of FPN: After modifying the FPN module, the model parameters
decreased from over 7 million to just over 2 million. The number of model layers
decreased from 214 to 201, and the model size reduced from 14.4 MB to 5.3 MB.
However, there was a significant improvement in mAP at a IoU threshold of 0.5
and mAP at a IoU threshold of 0.5:0.95. The mAP at a IoU threshold of 0.5
increased by 7.4%, and the mAP at a IoU threshold of 0.5:0.95 increased by
5.1%. These results indicate that our FPN+ module is more efficient for UAV
object detection.

Effect of Multi-Level Fusion: After adding the multi-level fusion module to
our algorithm, there was only a slight increase in model parameters and compu-
tational complexity, while the model size remained the same. However, there was
a significant improvement in the detection results. The mAP at a IoU threshold
of 0.5 increased by 0.8%, and the mAP at a IoU threshold of 0.5:0.95 increased
by 0.5%.

Table 2. In the ablation experiments, we validate our proposed modules using the
S-sized model, and the results demonstrate the advanced performance of each module.

VisDrone

Methods mAP0.5 mAP0.5:0.95 parameters model size

Yolov5s 0.286 0.152 7037095 14.4 MB

Yolov5s+FPN-PANs 0.363 0.204 2401044 5.3 MB

Yolov5s+FPN-PANs+SPPF-W 0.368 0.206 2401044 5.3 MB

YOLO-LWs 0.376 0.211 2499348 5.5 MB

From the table, it can be observed that compared to Yolov5, our model is
more lightweight, and when applied to UAV detection tasks, it achieves higher
accuracy and has greater potential for industrial applications.
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