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Abstract: Real-time detection of small objects is always a difficult problem in image processing. Based on the target
detection algorithm of deep learning, this paper proposed an end-to-end neural network for mobile phone small
target detection in complex driving scenarios. Firstly, an end-to-end small target detection network (OMPDNet) was
designed to extract image features by improving the YOLOv4 algorithm. Secondly, based on the K-means algorithm,
a K-means-Precise clustering algorithm of more appropriate data samples distribution in the clustering center was
designed, which was used to generate prior frames suitable for small target data, so as to improve the efficiency of
the network model. Finally, we constructed our own data set with supervision and weak supervision, and added
negative samples to the data set for training. In the complex driving scene experiments, the OMPDNet algorithm
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proposed in this paper can not only effectively complete the detection task of using mobile phone while driving, but

also has certain advantages over the current popular algorithms in accuracy and real-time for small target detection.

Keywords: object detection; neural network; clustering algorithm; supervision and weak supervision
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Table 1 Experimental results of K-means-Precise

Method Pl% RI% mAP/%  Convergence time
OMPDNet 84.5 94.2 824 64 epoch
OMPDNet+K-means-Precise 85.7 94.3 83.2 59 epoch
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Table 2 Experimental results of negative sample training

Method Pl% RI% mAPI%
OMPDNet 84.5 94.2 824
OMPDNet+negative sample training 89.2 941 86.3
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Table 3 Performance comparisons of five algorithms

Method Pl% Ri% mAPI% Speed/(f/s)
Faster R-CNN 85.4 83.5 78.6 23.2
SSD 78.6 75.9 75.8 445
YOLOv3 82.3 79.4 80.1 52.4
YOLOv4 89.8 84.2 83.6 56.8
Ours 89.7 96.1 89.4 72.4

B6 H&kiE3ysTetensR

Fig. 6 Detection results in complex driving scenarios
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An end-to-end neural network for mobile
phone detection in driving scenarios
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Detection results in complex driving scenarios

Overview: Real-time detection of small objects is always a difficult problem in the field of image processing. It has the
characteristics of low resolution and difficult detection, which often leads to missed detection and false detection. In this
paper, based on the deep learning target detection algorithm, an end-to-end neural network is proposed for small target
detection like mobile phone in complex driving scenes. Firstly, in order to maintain a high accuracy rate and ensure
real-time performance, this paper improves the YOLOv4 algorithm and designs an end-to-end small target detection
network (OMPDNet) to extract image features. Secondly, setting an appropriate size of Anchor is conducive to im-
proving the convergence speed and accuracy of the model. Meanwhile, based on K-means, this paper presents a cluster-
ing algorithm K-means-Precise, which is more suitable for the distribution of sample data. It is used to generate anchors
suitable for small target data, so as to improve the efficiency of the network model. Finally, a data set (OMPD Dataset) is
made by using supervision and weak supervision method to make up for the lack of public data set in specific driving
scenes. It is composed of shooting videos from the in-car monitoring camera, a small number of public data sets and
internet pictures. And more, in order to solve the problem of imbalance between positive and negative samples, negative
samples are added to the data set for training in the paper. The experimental results on OMPD Dataset show that
K-means-Precise can slightly improve the accuracy of the model. But importantly, it converges five cycles ahead of time.
The overall detection of the network model is evaluated by the accuracy rate, recall rate and average accuracy rate,
which are 89.7%, 96.1% and 89.4% respectively, and the speed reaches 72.4 frames per second. It shows that in the com-
plex driving scene experiments, the OMPDNet proposed in this paper can not only effectively complete the detection
task of drivers using mobile phones while driving, but also has certain advantages in accuracy and real-time perfor-
mance of small target detection compared with current popular algorithms. Especially, in the practical engineering ap-
plication, real-time is more important, which can recognize the behavior while driver playing mobile phone to reduce
the occurrence of traffic accidents, and be benefit to the traffic management department. Our proposed method is not
only suitable for mobile phone detection, but also can be extended to small target detection problems in the field of deep
learning. In the future work, we will continue to improve the algorithm and generalize its performance.
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