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Abstract: For the Yolov5 target detection algorithm, firstly, the DPFEM network is proposed to replace the original 
BottleneckCSP and C3 network structure for the problem of inadequate feature extraction for small targets, secondly, the 
MAFFEM module is proposed to alleviate the conflict of feature fusion due to the fusion conflicts brought by the different scales 
of the feature maps during the feature fusion, finally, the training The results show that the improved Yolov5 algorithm mAP0.5 
and mAP0.5:0.95 are improved by 2.2% and 1.7%, respectively, and have certain application potential. 
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1. Introductory 
Deep learning based target detection method through deep 

learning convolutional neural network and other technologies, 
so that the computer autonomously on the detection of the 
target feature extraction, autonomous learning to update the 
weight parameters, so as to realize the detection and 
classification. According to the algorithm steps are divided 
into two-stage algorithm and one-stage algorithm. 

1.Two-stage algorithm 
The two-stage algorithm, as the name suggests, divides the 

detection process into two stages, the first step is to screen the 
image information first, select the region containing the 
detection target, sieve out the redundant background 
information, and then the second step is to regress the position 
of the target in these selected regions and classify them. 
Therefore the two-stage algorithm is also known as candidate 
region (Region proposal) based target detection. It is the 
forerunner of deep learning based detection algorithms, 
represented by algorithms such as RCNN series and SPPNet. 

R-CNN algorithm[1] In 2014, Girshick R et al. proposed 
the RCNN algorithm inspired by the idea of ImageNet 
algorithm.The workflow of RCNN algorithm is to first obtain 
the input image, extract the candidate regions, and then scale 
the image of each candidate region to a fixed size of 224x224, 
input into the CNN network, and then input the results into 
the classifier for category determination.The CNN network 
task includes feature classification and edge regression. The 
CNN network tasks include feature classification and edge 
regression.The RCNN algorithm mainly has the following 
problems, for example, each candidate region needs to be 
repeated in the subsequent judgment, this step greatly wastes 
the arithmetic power, so the detection speed of this algorithm 
is very slow, and due to the fixed size of the output, the 
detection algorithm is often unsatisfactory for images with 
various types of targets. 

Aiming at the above problems of R-CNN, Fast R-CNN 
algorithm [2]proposed by Girshick R in 2015 has been 
improved in many aspects. For example, the backbone 
network adopts the VGG16 network to realize the lightweight 
calculation, and compared with R-CNN, the training speed of 
Fast R-CNN is 10 times faster than that of R-CNN, and the 
accuracy of the VOC2012 dataset can reach 68.4%. 

The Faster R-CNN algorithm[3]proposed by Ren S et al. in 

2016 was further improved by introducing an additional RPN 
structure and adding an Anchor, i.e., there will be some prior 
frames before learning, and the subsequent learning can go 
according to these prior frames, thus reducing the difficulty 
of learning. Fast R-CNN analyzes the region of interest after 
convolutional operation for classification and regression, but 
it contains a lot of useless operations, so the rate is low, while 
Faster R-CNN improves this problem, so that the speed of the 
operation is greatly improved, and the accuracy in the 
VOC2012 dataset reaches 70.4%. 

Many scholars in China have studied the RCNN series of 
algorithms, Wang Xinze, He Chao[4] and others have 
improved the Faster RCNN model, which integrates the 
advantages of the Transformer model by increasing the 
convolution kernel to increase the receptive field, replacing 
the ordinary convolution with the DW convolution to enhance 
the detection performance of the model and improving the 
loss parameter, which improves the model's ability of 
detecting objects at different scales. 

Zhou Shaohong, Fang Xinxin[5] et al. used ResNet50 
network instead of the original VGG16 network for feature 
extraction of the target and used the pre-trained weights as the 
initial weights to improve the training effect, and also 
increased the number of anchor frames of the original 
algorithm to obtain richer feature map information, and the 
improved Faster RCNN model improved the detection effect 
and stability. 

Du Yunyan[6]et al. proposed a Faster RCNN model for a 
small number of target samples in response to the problem of 
a small amount of model training samples, by incorporating 
the CBAM attention mechanism into the RPN module, 
screening out a portion of the candidate frames, and proposing 
a global and local relationship detector to obtain the 
relationship between a small number of labeled samples and 
features of the samples to be detected, which reduces the 
interference of useless information and improves the model 
detection accuracy. 

2. One-stage algorithm 
Single-stage algorithms directly input image through the 

convolutional neural network directly on the target detection, 
to achieve the detection of the target position regression and 
classification. The representative algorithms are Yolo series 
algorithm and SSD algorithm.In 2016, YOLO[7]proposed by 
Redmon et al. combines target recognition and determination 
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by segmenting a 448 × 448 image into grids at the same 
intervals, each of which predicts the position of the two 
candidate frames as well as the confidence of whether they 
contain an object or not, and then obtains detection results by 
Non-Maximum Suppression (NMS)[8]obtain the detection 
results, this approach makes YOLO detection of an image 
takes only 20ms, and the inference speed of the related 
lightweight model can reach 155fps. Although this approach 
leads to a slightly lower detection accuracy than the Faster R-
CNN, but it is still much higher than the traditional algorithms, 
and its high detection speed to better meet real-time demand. 
In the same year, SSD[9]was proposed to improve the 
generalization ability of YOLO, using different resolutions of 
feature maps to calculate the classification information and 
regression results, in order to optimize the scale-insensitive 
problem of YOLO.YOLO algorithms have also been 
followed up to address this problem, and multi-scale detectors 
have been added to improve the feature extraction ability of 
the network, which led to the derivation of YOLOv2[10]and 
YOLOv3[11]and algorithms. However, these improvements 
did not change the phenomenon that the detection accuracy of 
the single-stage algorithm is lower than that of the two-stage 
algorithm.Lin et al. argued that the single-stage algorithm is 
trained to learn the whole map, while the two-stage algorithm 
only needs to train the positive samples, and therefore there is 
a sample imbalance problem, to solve this problem, Lin et al. 
proposed Focal Loss, to improve the detector's learning for 
difficult samples, and used this to established the RetinaNet 
[12]algorithm to further improve the detection accuracy, thus 
narrowing the accuracy difference between the single-stage 
algorithm and the two-stage algorithm. 

The target detection algorithms proposed since then have 
focused more on the improvement of feature fusion, training 
techniques, and the improvement of the network 
infrastructure module. YOLOv4[13] proposed in 2020 was 
oriented in this direction, and listed the latest technologies and 
achievements at that time, and conducted a series of ablation 
experiments by permutation and combination, and selected 
the optimal combination of the YOLOv3 to form YOLOv4, 
which further improved the overall progress. In 2020, 
YOLOv5 code was open-sourced and upgraded in 
engineering applications, becoming the first choice for major 
projects. In recent years, YOLOv6, YOLOv7, and YOLOv8 
have been proposed to further develop the YOLO family. 

2. Introduction to the YOLOv5 
network 

YOLOv5 consists of four parts: input, backbone network, 
Neck network and Prediction. The network structure is shown 
in Figure 1. 

(1) Input 
The input side includes three parts: mosaic data 

enhancement, adaptive anchor frame calculation and adaptive 
image scaling. Mosaic data enhancement is done by 
enhancing the data of four randomly selected images and 
finally stitching and combining them. The advantage of this 
method is that it increases the amount of data, which makes 
the network more robust and reduces the burden of GPU 
computing. Adaptive anchor frame computation is based on 
the characteristics of different datasets and outputs predicted 
frames based on the initial anchor frames, and then compares 
them with the real frames to compute the differences between 
them. Adaptive Image ScalingFor images with different 

aspect ratios, adaptive scaling fills the image according to the 
standard size to meet the training requirements, reduce the 
amount of computation and improve the detection speed. 

(2) Backbone 
The Backbone network consists of three main structures: 

the CBS convolution module, the CSP feature extraction 
network, and the spatial pyramid pooling SPPF.The CBS 
consists of Convolution, Batch Normalization, and SiLU 
activation functions.The SPPF concatenates multiple 
MaxPool layers to achieve feature fusion at different scales. 
to achieve feature fusion at different scales. 

(3) Neck  
Neck feature fusion network is mainly composed of two 

parts: feature pyramid network and path aggregation 
network.FPN is up-sampling the high-level features from 
bottom to top, and enhances the semantic information by 
fusing the information with the low-level features.PAN adds 
top-to-bottom feature fusion on the basis of FPN, and adopts 
down-sampling method to transfer the low-level features to 
the high-level for information fusion, which strengthens the 
ability of bottom information localization. The The 
combination of the two enhances the sensitivity of the model 
to small targets. 

(4) Head 
The Head detection layer consists of three detection heads 

that detect feature maps of different sizes for final detection 
of the target. In order to make the prediction frame regression 
faster and more accurate, the loss function in YOLOv5 uses 
CIOU-Loss, and in order to prevent the repetition of similarly 
sized frames, the final prediction results are filtered by non-
maximum suppression method. 

 

 
Figure 1. YOLOv5 network architecture 

 
YOLOv5 contains a variety of models, such as YOLOv5s 

and YOLOv5m models, whose main difference lies in the fact 
that the depth and width of the network can be controlled to 
get different sizes of models. In order to speed up the 
detection and achieve real-time detection, this paper uses 
YOLOv5s as the benchmark model. 

3. Improvement of YOLOv5 Algorithm 

3.1. Convolutional Block Attention Module 
CBAM, as an effective convolutional attention module, can 

be seamlessly integrated into CNN architectures and trained 
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end-to-end with basic CNNs with high applicability.CBAM is 
divided into two independent sub-modules, Channel 
Attention Module and Spatial Attention Module, which 
perform attentional feature fusion in channel and spatial 
dimensions, respectively.The structure of CBAM is shown in 
Figure 2. Module, respectively, for the fusion of attention 
features in the channel and spatial dimensions, the structure 
of CBAM is shown in Figure 2. 

 

 
Figure 2. CBAM structure 

 
(1) Channel Attention Module 
The channel attention firstly performs Max Pooling and 

Average Pooling operations on the input feature map F to 
obtain the corresponding two feature vectors, which are 
respectively summed up to obtain the feature vector of 1x1xC 
through the shared fully-connected layer, and then performs 
sigmoid activation operations on it to obtain the channel 
attention feature . The channel attention feature map is 
obtained by multiplying with the input feature map F . The 
structure of the channel attention module (CAM) is shown in 
Fig. 3. 

 

 
Figure 3. Channel Attention Module 

 
The mathematical expression for the channel attention 

characteristic is shown in equation (1): 
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The mathematical expression for the channel attention 

feature map is shown in equation (2): 
  

( )Fc Mc F F                  (2) 

 
(2) Spartial Attention Module 
Spatial attention focuses on the location information of the 

target in the input image. Take the final output feature map Fc 
from the channel attention module as input, perform Max 
Pooling and Average Pooling operations on it, splice the two 
output feature vectors, and then go through a 7x7 
convolutional layer and sigmoid activation to get the spatial 
attention features . The input feature map is multiplied with 
the input feature map to obtain the channel attention feature 
map. The structure of the spatial attention module (SAM) is 
shown in Fig. 4. 

 
Figure 4. Spatial attention module 

 
The mathematical expression for the spatial attention 

feature is shown in equation (3):  
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The mathematical expression of the spatial attention 

feature map is shown in equation (4): 
 

 s ( )F Ms Fc Fc                (4) 
 
YOLOv5 uses the same weighting for all features of 

different sizes and has no attentional bias in the feature 
extraction process. While the background of UAV aerial 
images is complex, there is a large amount of redundant 
information affecting the network to extract vehicle features. 
Therefore, in this paper, by introducing the CBAM module, 
the network can suppress the background information 
interference to pay more attention to the UAV aerial vehicle 
in the detection process. 

3.2. DPFAM networks 
Our algorithm model uses CSP darknet as the backbone 

network, and DPFEM (Double path feature enhancement 
module) is used in the neck part instead of the traditional 
bottleneck CSP and C3 network structure, which combines 
the advantages of ResNet and DenseNet, and can adapt better 
to the The structure of DPFEM is shown in Fig. 5. This 
module is improved by bottleneck CSP, inspired by Dual Path 
Networks (DPN)[14], we divide the input features into two 
parts f[:i] and f[i:] for residual learning and dense 
connectivity respectively. Where i is a hyperparameter. In the 
main path, 1×1 convolution is first used to reduce the number 
of channels and thus the number of parameters. In order to 
extend the sensory field, as well as to better adapt to the shape 
and orientation changes of different targets, we use the 
residual unit ResUnit instead of the traditional 3×3 
convolutional layer to improve the feature extraction ability 
of the network for small-sized targets. Second Order 
Response Transform ,SORT [15]enhances the nonlinear fitting 
ability of the network and allows the network to adapt to more 
complex feature distributions. Therefore, in the process of 
residual feature fusion, we adopt SORT to replace the direct 
summation of features, while further optimizing the fusion 
method, which is represented by the following equation: 

 
(5) 

 
Where 𝑁ሺ𝑓ሻ denotes the output features of the main path, 

and 𝜀 is a very small constant to ensure the stability of the 
gradient computation, which is taken as 0.00001. Next, we 
densely concatenate f[i:] with N(f)[i:] in order to mine new 
features. Finally, we adjust the number of output feature 
channels by a 1 × 1 convolutional layer.The operation of DP-

outS N( f )[: i ] f [: i ] N( f )[: i ] f [: i ]     
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FEM is computed as follows: 
 

𝑁ሺ𝑓ሻ ൌ 𝐶ଵ௫ଵ ቀ𝑅𝑒𝑠𝑈𝑛𝑖𝑡൫𝐶ଵ௫ଵሺ𝑓ሻ൯ቁ        (6) 

 
(7) 

 

 
Figure 5. DPFEM network structure 

 

3.3. MAFFEM 
Since PANet often directly adopts the splicing approach 

when performing feature fusion of different layers, this 
practice will cause the obtained features of three different 
scales to have feature inconsistency problems. To address this 
problem, we improve a (Multi-layer attention feature fusion 
enhancement module) MAFFEM to be added before the head 
detector layer, which allows each feature layer to 
autonomously learn its desired features while retaining the 
key features of the layer, thus improving the scale of the 
features. Invariance. We denote the feature maps of each stage 
of PANet as {F3,F4,F5}, and realize feature fusion in two 
ways. First, we extract the channel attention from each of the 
three feature maps via the CBAM (Spatial Channel Attention 
Module) module, and realize Adaptive Channel Attention 
Fusion (ACAF) via network autonomous learning. Similarly, 
we directly perform adaptive feature fusion on the three 
feature maps. These two processes can be expressed by the 

following equation: 
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ଷ→௟ሻ ൅ 𝑥௜௝
ସ→௟ ⋅ 𝛽௜௝

௟ ⋅

𝐶𝐵𝐴𝑀ሺ𝑥௜௝
ସ→௟ሻ ൅ 𝑥௜௝

ହ→௟ ⋅ 𝛾௜௝
௟ ⋅ 𝐶𝐵𝐴𝑀ሺ𝑥௜௝

ହ→௟ሻ    (8) 

 
where 𝑥௜௝ denotes the (i,j) vector of the feature map, 𝛼௜௝ , 

𝛽௜௝ , 𝛾௜௝ are the weights corresponding to the three feature 
maps, whose values are learned by the network autonomously, 
and 𝛼௜௝ ൅ 𝛽௜௝ ൅ 𝛾௜௝ ൌ 1. Finally, we further adaptive fusion 
the feature fusion maps obtained from these two processes. 
Thanks to the above improvements, MAFFEM fuses features 
at different levels while allowing the network to 
autonomously select and retain the most appropriate 
features.The structure of the MAFFEM module is shown in 
Figure 6 below: 

 

 
Figure 6. Structure of MAFFEM network 

 

 
Figure 7. Improved yolov5 network structure 

 

out 1 x1 outf C ( concat [ f [ i :], N ( f )[ i :],S ])
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4. Experimental Analyses 

4.1. Experimental environment and training 
setup 

(1) The experimental configuration environment is shown 
in Table 1, and the training parameter settings are shown in 
Table 2: 

 
Table 1. Experimental configuration environment 

experimental environment parameters 
Deep Learning Framework Pytorch 

operating system Windows 10 

GPU 
NVIDIA GeForce GTX 

2060 
Programming Tools Pycharm 

programming language Python3.8 
 

Table 2. Training settings 

training parameter parameter size 
Input image size 640ൈ640 

pre-training weight YOLOv5s 
Initial learning rate 0.01 
Weight decay factor 0.0005 
Category Confidence 

Threshold 
0.5 

epochs 100 
Batchsize 16 

4.2. Evaluation indicators 
In this paper, we validate the model detection effect by 

three commonly used performance metrics, namely precision 
rate (Precision,P), recall rate (Recall,R) and average precision 
mean[16]. Precision rate indicates the ratio of the number of 
samples predicted as positive to the number of true positive 
samples, as shown in Equation (9). Recall rate indicates the 
proportion of the number of correctly predicted samples to the 
number of positive samples of the original sample[17], as 
shown in Equation (10). Mean precision mean indicates the 
average precision averaged over all categories[18], as shown in 
Equation (11). The precision rate verifies the effectiveness of 
a classifier, and usually, the precision rate is negatively 
correlated with the recall rate, the higher the precision rate, 
the lower the recall rate. The average precision mean 
represents a comprehensive evaluation of the average 
precision of the detected targets, which can more intuitively 
show the performance of the classifier[19]. 
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where TP denotes the number of correctly detected frames; 

FP denotes the number of incorrectly detected frames; FN 

denotes the number of falsely detected frames; AP denotes the 
area enclosed by the curve of precision P and recall R, i.e., the 
average precision; and denotes the total number of 
categories[20]. 

4.3. Experimental analyses 
(1) Dataset creation 
The detection effect of deep learning target detection model 

relies on rich dataset, in this paper, on the basis of 
Visdrone2019 aerial photography open source dataset 
produced by Machine Learning and Data Mining Laboratory 
of Tianjin University, we shoot aerial video to collect the data 
and annotate it by ourselves, and then finally train the model 
by combining with Visdrone2019 aerial photography dataset. 

In order to enhance the generalization ability of the model, 
a high-precision UAV aerial photography dataset is 
established, and data collection is carried out by using UAVs 
to shoot on various roads in Tangshan city area, and the 
shooting scenes include evening, cloudy and rainy days and 
sunny days with strong light, which are manually annotated 
by using LabelImg annotation tool, and fused with the 
Visdrone2019 dataset into a high-precision UAV aerial 
photography dataset. The detection effect of the improved 
yolov5 model is evaluated on this dataset. Finally, 5000 
images with labels are selected from VisDrone2019 dataset 
and fused with 1000 images manually labeled to form a 
detection dataset. The dataset division is performed with 80% 
as training set and 20% as testing set.  

(2) Comparative analysis of performance test results 
The performance test results of the improved YOLOv5 

algorithm in this paper and the classical YOLOv5 algorithm 
on divided datasets of different sizes are shown in Table 3. 

 

Table 3. Comparison of performance test results 

 P R mAP0.5 mAP0.5:0.95 
Original 0.487 0.344 0.346 0.185 
DPFEM 0.483 0.391 0.353 0.199 

MAFFEM 0.505 0.38 0.361 0.196 
ALL 0.523 0.396 0.368 0.202 

 
The DPFEM module adopts a dual-path structure, which is 

able to mine new features while realizing feature extraction, 
and improves the feature extraction capability of the network, 
thus improving mAP0.5 and mAP0.5:0.95 by 0.7% and 1.4%, 
respectively.MAFFEM fuses different levels of features by 
autonomously learning to select the key features of different 
feature layers required by the network, and at the same time 
allows the network to autonomously select and retain the most 
appropriate features.The use of the MAFFEM module 
resulted in an improvement of 1.5% and 1.1% for mAP0.5 
and mAP0.5:0.95, respectively. When both DPFEM and 
MAFFEM modules are added to the network, mAP0.5 and 
mAP0.5:0.95 are improved by 2.2% and 1.7%, respectively. 
It can be seen that compared with the classical YOLOv5 
algorithm, the precision, recall and mean average precision of 
the improved algorithm have been improved significantly, 
and the generalization ability of the model has been improved 
to some extent. 

 
 
 



 

359 

Table 4. Comparison table of detection results of main detection 
targets 

 
detection 

target 
P R mAP0.5 mAP0.5:0.95 

Original 
Pedestrians 0.488 0.393 0.376 0.152 

Car 0.634 0.736 0.716 0.462 
Bus 0.577 0.418 0.417 0.251 

Revised 
Pedestrians 0.511 0.474 0.453 0.192 

Car 0.62 0.788 0.763 0.505 
Bus 0.613 0.446 0.45 0.284 

 
Due to the dataset aerial photography target scale is small, 

labeling different categories of training samples is not 
balanced and other issues that lead to greater difficulty in 
training the model, training to get all the categories of mAP 
value is low, but the training samples are sufficient categories 
of pedestrians, vehicles, public transport, and other detection 
of detection of the target detection effect to achieve a certain 
degree of accuracy, in particular, the detection of the vehicle 
recognition improved mAP value can reach 76.3%. 

(3) Comparative Analysis of Aerial Photography Example 
Detection 

The weight parameter matrix generated after training is 
saved in the runs/train/exp/weights folder, best.pt represents 
the weight matrix with the best training effect, and last.pt 
represents the weight matrix of the last training. The best.pt 
weight parameter matrix trained with the model before and 
after the improvement is used to validate the detection results, 
as shown below. From the comparison chart of different 
height detection, it can be seen that with the increase of aerial 
photography height, the detection target scale becomes 
smaller resulting in increased detection difficulty, and 
problems such as missed detection and misdetection 
obviously increase, but the improved model algorithm 
reduces the misdetection and misdetection and other 
problems to a certain extent, and the confidence level of the 
detection target is increased, which can be seen that the 
improved model detection effect is improved. 

 

 
(a) Drone flying at 100 meters 

 
(b) Drone flying at 110 meters 

 
(c) Drone flying at 120 meters 

Figure 8. Comparison chart of detection effect 
 

5. Conclusion 
Some problems of Yolov5 detection algorithm are 

optimized and improved to enhance the detection accuracy of 
the algorithm. Aiming at the problem of insufficient feature 
extraction, an improved DPFEM network is proposed to 
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replace the original C3 network structure to strengthen the 
feature extraction ability of the model. Aiming at the problem 
that the extracted features have different scales and thus cause 
feature fusion conflicts, the MAFFEM module is proposed to 
enable the computer to autonomously learn and regulate the 
key features of the features, so as to improve the problem of 
feature conflicts. Finally, the model is trained on a homemade 
training set, and the mAP0.5 and mAP0.5:0.95 of the model 
are improved by 2.2% and 1.7%, respectively, and the results 
show that the detection accuracy is improved. As a phase 
study, the improved algorithm proposed in this paper has great 
potential for practical application, especially providing 
algorithmic support for subsequent vehicle counting, vehicle 
tracking and vehicle trajectory prediction, while it can be 
further applied to the detection of non-motorized vehicles and 
pedestrians in future transportation fields. 
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