
International Core Journal of Engineering Volume 8 Issue 12, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202212_8(12).0015

 

117 

YOLOv7-based Research on Foreign Object Intrusion Detection 
on Tracks 

Xinnan Caia, Xuewen Dingb 
Tianjin University of Technology and Education, Tianjin 300222, China 

a691235956@qq.com, bDingxw1@126.com 

 

Abstract 
YOLOv7 has the highest accuracy of any known real-time target detector, improving the 
state of the art in target detection methods. In order to achieve real-time and accurate 
detection of track foreign objects and reduce cumbersome labour costs, this paper 
constructs a dataset of track foreign objects, applies the yolov7 network model based on 
the pytorch framework to train the dataset, and detects the track foreign object test 
images by the training model with an accuracy of 0.816 and a recall of 0.667, mAP@0.5 
for 0.657, showing from the experimental results that the dataset achieved better results 
in terms of recognition accuracy. 
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1. Introduction 

In recent years, with the wave of artificial intelligence, machine vision[1] technology has become a 
hot research topic. The target detection task is a prerequisite for instance segmentation[2] and 
semantic segmentation[3]. In the development of artificial intelligence, target detection, as one of the 
fundamental aspects, has laid the foundation for the application of deep convolutional[4] neural 
networks in image processing. 

Track foreign object intrusion[5] detection is one of the most important tasks in the field of intelligent 
railway inspection, which guarantees the safe operation of the railway.By designing a deep learning 
algorithm for railway intrusion system[6] to detect track foreign objects, the scientific and real-time 
nature of the detection is improved, making the trains safer during operation, and also guaranteeing 
efficient control of the railway related departments against the real-time dynamicsof track foreign 
object intrusion. 

This paper will design the optimal track foreign object intrusion detection model based on the deep 
learning algorithm model of YOLOv7[7], which can better detect and provide timely warning for 
track foreign object intrusion while ensuring accuracy and effectiveness. 

2. YOLOv7 Algorithm 

From YOLOv1 in 2015, YOLOv2 in 2016, YOLOv3 in 2018, YOLOv4 and YOLOv5 in 2020, and 
more recently YOLOV6 and YOLOV7, the YOLO family has seen the evolution of target detection 
in the deep learning era. 

With speed and accuracy in the 5 FPS to 160 FPS range exceeding all known target detectors, and 30 
FPS or better on the GPU V100 with the highest accuracy of any known real-time target detector, 
YOLOv7 raises the bar on the latest in target detection methods. 
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2.1 YOLOv7 Network Structure 

The YOLOv7 algorithm has seven network models, v7, v7-d6, v7-e6, v7-e6e, v7-tiny-silu, v7-w6, 
and v7x, which can be used for devices of different sizes. Unlike YOLOv5, YOLOv7 combines the 
neck layer and the head layer into a single head layer, but the functions are actually the same. The 
function of each part is the same as YOLOv5: backbone consists of several BConv layers, E-ELAN 
layers and MPConv layers, where the BConv layer consists of a convolutional layer + BN layer + 
ReakyReLu activation function for halving the aspect, doubling the channel and extracting features; 
head consists of a SPPCSPC layer, an E-ELAN structure, an MP structure (with different parameters 
from those in backbone), several BConv layers, several Catconv layers, and the subsequent output of 
three head's reparameterized structure RepVGG block layers together, whose role is mainly to predict 
targets of different sizes. The model structure is shown in the following figure. 

 

 
Fig. 1 YOLOv7 model structure 

 

From the above model structure, it can be seen that the model first pre-processes the input image and 
resizes it to 640*640 size; then inputs it to the backbone network, then outputs three layers of different 
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size feature map, RepVGG block and conv, and finally outputs the detection result of the image. the 
unique structure of YOLOv7 is E-ELAN. The diagram below shows the main structure of E-ELAN. 

 

 
(a)V0VNet          (b)CSPVoVNet        (c)ELAN           (d)E-ELAN 

Fig. 2 Extended Efficient Layer Aggregation Network (E-ELAN) 

 

CSPVoVNet in Fig. 2 (b) is a variant of VoVNet that analyses gradient paths to enable different layers 
of weights to learn more different features; ELAN in (c) is a deeper network that learns and converges 
efficiently by controlling the shortest and longest gradient paths; (d) is an extended ELAN (E-ELAN) 
unique to YOLOv7 that, without changing the original architecture case, only the system in the 
computational block is changed, the number of bases of the added features is increased using group 
convolution, and features from different groups are combined in a shuffling and merging of bases, E-
ELAN achieves the ability to continuously enhance the learning capability of the network without 
destroying the original gradient paths. 

2.2 YOLOv7 Effect Demonstration 

YOLOv7 is the fastest and most accurate of a number of existing target detection models, and the 
results of different versions of the YOLO detection algorithm on the MS COCO dataset without using 
any other datasets or pre-trained weights are shown in Fig.3. 

 

 
Fig. 3 Comparison with other real-time target detectors 
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3. Experiments and Analysis of Results 

3.1 Description of the Dataset 

The track data set required in this paper was filtered from the existing image library of the network 
to obtain 9714 images, but there were only 411 images of tracks with foreign objects, due to the small 
data set, the advantages of deep learning could not be brought into play, resulting in the low accuracy 
of subsequent machine recognition, and the situation that recognition is not recognized or incorrect. 
To address the shortage of the dataset, this paper uses image processing methods to obtain new images 
that are slightly different from the original images, and then splices and integrates the images through 
video editing and Photoshop software to obtain new images to be added to the dataset, expanding the 
training dataset to 1521 track foreign objects. 

In this paper, 514 images of orbital aliens with weather influence factor were collated, and the total 
training dataset was expanded to 2035 images, and part of the sample set is shown in Fig.4. 

The test dataset was obtained by aerial photography from drones, and 872 images were filtered and 
cleaned, including all kinds of foreign bodies that may appear on the track and those under abnormal 
weather. 

 

 
Fig. 4 Partial sample set display 

3.2 Model Evaluation Index 

In this paper, we use mean Average Precision (mAP) to verify the validity of the improved model. 
mAP involves Precision, Recall, and AP in its calculation, and its calculation formula is as follows. 

The precision is calculated as follows: 
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The formula for calculating the recall rate is as follows: 
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Where TP (True Positives) is the number of positive samples predicted as positive classes, FP (False 
Positives) is the number of negative samples predicted as positive classes, and FN (False Negatives) 
is the number of positive samples predicted as negative classes. 

3.3 Training Results 

All the results in this paper were obtained by training on the YOLOv7 model, and Figure 5 below 
shows the effect of the parameter evaluation of the training results. 

 

 
(a)Precision     (b)Recall    (c)mAP@0.5    (d)mAP@0.5:0.95 

Fig.5 YOLOv7 training results 

 

Table 1. Evaluation of dataset results 

Category Precision Recall mAP@0.5 mAP@0.5:0.95 

Buffalo 0.916 0.71 0.793 0.635 

elephant 0.81 0.686 0.711 0.522 

cat 0.939 0.776 0.77 0.679 

dog 0.918 0.768 0.7778 0.575 

car 0.79 0.687 0.669 0.298 

people 0.696 0.607 0.57 0.358 

stone 0.569 0.43 0.323 0.173 

all 0.816 0.667 0.657 0.465 

 

From the experimental results of Table 1, it can be seen that the precision of the dataset trained on 
YOLOv7 is 0.816, the recall rate is 0.667, the mAP@0.5 is 0.657, and the mAP@0.5:0.95 is 0.465, 
which achieves good performance in the validation set. 

3.4 Results Testing 

After training, the best model generated from the YOLOv7 network training was used to test 667 
randomly selected images from the dataset. Some of the test results are shown in Figure 6. The model 
can identify the class of track foreign objects and can classify them accurately with a high recognition 
rate. 
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(a)                              (b) 

Fig.6 Partial test results for YOLOv7 

4. Conclusion 

In this paper, for the task of track foreign object intrusion using YOLOv7 detection, a track foreign 
object intrusion detection model based on the YOLOv7 model is proposed, which has a higher 
accuracy for different categories of foreign object recognition, reduces a great deal of work compared 
with traditional manual target detection methods, and has a better recognition efficiency and accuracy, 
which can meet the real-time requirements for track foreign objects. 
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