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Abstract— Car accidents cause a large number of deaths and disabilities every day, a certain proportion of 

which result from untimely treatment and secondary accidents. To some extent, automatic car accident 

detection can shorten response time of rescue agencies and vehicles around accidents to improve rescue 

efficiency and traffic safety level. —Road Accidents, a very common reason of tragic deaths and many times 

the victim dies due to non-reporting of such accidents to the proper authority. Since the accident was not 

reported the lack of emergency medical care results in death. We live in an era of technology where we are 

moving towards making the city, A Smart City. A smart city with smart AI based traffic monitoring and 

reporting mechanism can help providing medical emergencies in real time and this would result in saving 

lots of life. Traditional Traffic systems are equipped with IP cameras and sensors, and are already installed 

in most part of the city to monitor and control traffic. These systems are able to generate traffic tickets 

automatically. In this paper we are proposing a more advanced traffic monitoring system which can identify 

and detect moving objects such are cars, bikes etc in live camera feeds and detect collision of these moving 

objects and immediately send emergency alerts to the nearby authority for them to take necessary actions. 
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I. INTRODUCTION 

More than one million people died in various traffic accidents around the world, and many people suffered 

minor injuries. Many studies have shown that many developing and underdeveloped countries have the highest 

road traffic accident death rates, even though these countries only account for half of the world’s vehicles. 

According to the data available in India, there is an average of 13 deaths per hour, that is, 140,000 deaths per 

year. The main goal is to enable the system to detect accidents based on the video sequence transmitted by the 

camera. A tool that helps accident victims who need it by detecting the accident early and notifying the 

authorities from then on. The goal is to detect accidents in seconds by using advanced deep-learning algorithms 

that use convolutional neural networks (CNN or ConvNet) to analyze the frames from the video generated by 

the camera. This paper is motivated with the idea of implementing statistical method of machine learning to 

detect any kind of collision in a live feed with the application of convolution neural network. 
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FIGURE 1: YOLO ALGORITHM 

 

 

II. OBJECT IDENTIFICATION 

Car Detection: 

For car detection we used the YOLO net, it was proposed by, improved in and more recently, the last version 

was presented in. Despite other convolutional networks, it detects objects with a single pass creating a grid of 

SxS boxes, where each box has a logistic regression and a classification method, the regression method predict 

each box with five values: x, y, w, h and the confidence of the object being there. The classifier predicts C 

conditional class probabilities. At the final stage multiple bounding boxes appear around a single object, so non-

maximum suppression is applied in order to keep the strongest detection around a single object. The architecture 

of YOLO for this research project is showed in the table I, obtained from Darknet library. The result in this step 

are the bounding boxes for each car, the YOLO performance is showed, here, this network has a very high 
accuracy and more important have a very low time processing against the rest. 

 
 

FIGURE 2: OBJECT DETECTION FLOWCHART 

 
 

 



Prof. L. K. Wani et al, International Journal of Computer Science and Mobile Computing, Vol.11 Issue.5, May- 2022, pg. 75-82 

© 2022, IJCSMC All Rights Reserved                                                                                                        77 

Car tracking: 

We apply a car tracking algorithm each 30 frames, generating one tracker per car and saving the tracker 

position. Then we extract small videos, one per car. In the right of the Figure 5 we show an example, where 

three small videos have been extracted because three cars were detected in the first stage of the proposed model. 

The car tracker used in our model is based in a visual. Objects algorithm with correlation filters, proposed by 

Danelljan et al. The algorithm consists in the translation and scale estimation of the object through a series of 
correlations over the Fourier domain, where each correlation filter is submitted to an online learning process.. 

The procedure of correlation filters since the position of the visual object, according to Chen et al, can be 

summarized as follows. In each frame the region whose position was predicted in the previous frame is 

extracted for detection. Then the features HOG are extracted since the intensity level of each pixel of the image 

region, a cosine window is applied for smoothing a boundary effects. Next, a series of correlation operations are 

performed with element-wise multiplications using the Discrete Fourier Transform (DFT), it is computated with 

an efficient Fast Fourier Transform (FFT) algorithm, the answer is a spatial confidence map obtained with the 

inverse of FFT (IFFT). The position with the maximum value located on the map is predicted as the new 

position of the target. Then, the features of the estimated position region are extracted again for the training and 

updating of the correlation filter, being part of the online learning, the IFFT is applied again to obtain the 

response map and another prediction, this process continuous for each frame. 

 

Car Crash Detection: 

In order to detect a car crash scene, we are going to use the ViF descriptor because of the very low cost and 

acceptable accuracy. The ViF descriptor regards the statistics of magnitude changes of flow vectors over time. 

In order to get these vectors, used the optical flow algorithm proposed by named Iterative Reweighted Least 

Squares (IRLS), but in this context, we used the ViF descriptor with Horn-Schunck as optical flow algorithm 

proposed by. 

 

 

FIGURE 3: OBJECT CRASH DETECTION 

 

III. METHOD BASED VIDEO FEATURES 

With the development of machine vision and artificial neural network technology, more and more 

applications based on video processing have been applied in transportation and vehicle fields. Under this 
background, some researchers utilized video features of the car accident to detect it. Reference presented a 

Dynamic-Spatial-Attention Recurrent Neural Network (RNN) for anticipating accidents in dashcam videos, 

which can predict accidents about 2 seconds before they occur with 80% recall and 56.14% precision. Reference 

[26] proposed a car accident detection system based on first-person videos, which detected anomalies by 
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predicting the future locations of car participants and then monitoring the prediction accuracy and consistency 

metrics. These methods also have some limitations because of low penetration of vehicular intelligent devices 

and shielding effects between vehicles. There are also some other methods which use roadside devices instead 

of vehicular equipments to obtain and process video. Reference proposed a novel accident detection system at 

intersection, which composed background images from image sequence and detected accidents by using Hidden 

Markov Model. Reference outlined a novel method for modelling of interaction among multiple moving objects, 
and used the Motion Interaction Field to detect and localize car accidents. Reference proposed a novel approach 

for automatic road accident detection, which was based on detecting damaged vehicles from footage received 

from surveillance cameras installed in roads. In this method, Histogram of gradients (HOG) and Gray level co-

occurrence matrix features were used to train support vector machines. Reference presented a novel dataset for 

car accidents analysis based on traffic Closed-Circuit Television (CCTV) footage, and combined Faster 

Regions-Convolutional Neural Network (R-CNN) and Context Mining to detect and predict car accidents. The 

method in achieved 1.68 seconds in terms of Time-To-Accident measure with an Average Precision of 47.25%. 

Reference proposed a novel framework for automatic car accident detection, which learned feature 

representation from the spatio-temporal volumes of raw pixel intensity instead of traditional hand-crafted 

features. The experiments of method in demonstrated it can detect on average 77.5% accidents correctly with 

22.5% false alarms. 

 

 

FIGURE 4: THE APPLICATION SCENARIO OF THE AUTOMATIC CAR ACCIDENT DETECTION METHOD BASED ON CVIS 

 

Compared with the methods based on vehicle running condition, these methods improve the detection 

accuracy and some of them even can predict accidents about 2 seconds before they occur. To some extent, these 

methods are significant in decreasing the accident rate and improving traffic safety. However, the detection 

accuracy of these methods is low and the error rate is high, and the wrong accident information will have a great 
impact on the normal traffic flow. Concerning the core issue mentioned above, in order to avoid the drawbacks 

of vehicular cameras, our proposed method utilizes the roadside intelligent edge devices to obtain traffic video 

and process image. Moreover, for sake of improving the accuracy of accident detection method based on 

intelligent roadside devices, we establish the CAD-CVIS dataset based on video sharing websites, which is 

consisted of various kinds of accident types, weather conditions and accident locations. Moreover, we develop 

the model YOLO-CA to improve the reliability and real-time performance among different traffic conditions by 

combining deep learning algorithms and MSFF method. 

 

IV. DETECTION PRINCIPAL 

The detection principle of YOLO-CA, which includes extracting feature map and predicting bounding box. 

YOLO-CA divides the input image into 13×13 grid and 26×26 grid. The first grid is responsible for detecting 
the large objects, whereas the second grid makes up for the inaccuracy of small target detection in the first grid. 

The feature extraction networks corresponding to these two grids are different, but the detection models of the 
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objects is similar. For ease of presentation, we regard the first grid as example to explain the training steps of 

YOLO-CA. The center of car accident region falls into the grid cell (7, 5), so this cell is responsible for 

detecting this car accident in the whole training process. 

 

 
 

Figure 5: The network structure of YOLO-CA 
 

 Then the cell (7, 5) will predict three bounding boxes, and each boxes includes six parameters: x, y,w, h,CS, 

p. The (x, y) is the center point of the bounding box, and the (w, h) is the ratio of width and height of the 

bounding box to the whole image. The CS is confidence score of bounding box, which represents how confident 

the model is that the bounding box contains an object and how accurate it thinks the box is that it predicts. 

Lastly, each bounding box will predict class probability of car accident p. After the training of a batch of images, 

the loss of model will be calculated, which is utilized to adjust the weights of parameters. In the calculation of 

loss, let the ground truth of an object is x ∗ , y ∗ ,w ∗ , h ∗ ,CS∗ , p ∗ . S × S is the number of cells in grid, and B 

is the number of predicted bounding boxes of each grid cell. For each grid cell, the Pr(Objects) equals 1 when 
the cell contains center of object, whereas it equals 0 when there is not center of object in the cell. 

 

 

FIGURE 6: THE DETECTION PRINCIPAL OF YOLO-CA 
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V. RESULT ANALYSIS 

 

1) Training results of YOLO-CA 

The training results of YOLO-CA, including the changes of precision, recall, IoU and loss of each batch in 

iteration process. In the training process of YOLO-CA, we regard the prediction result with IoU over 0.5 and 

right classification as true result, and other predictions are all false results. As shown in Table. 3, the prediction 

results can be divided into four parts:  

(1)TP: Truth Positive.  

(2) FP: False Positive.  

(3) FN: False Negative.  

(4) TN: True Negative.  

The precision is defined as precision=TPTP+FP and recall is defined as recall=TPTP+FN. 
 

 
Figure 7: The training results of YOLO-CA. (a) Precision (b) Recall (c) IoU (d) Loss 

 

 

 

 
 

FIGURE 8: DISTRIBUTION MAP OF PREDICTION RESULTS 

 

In the training process of YOLO-CA, we regard the prediction result with IoU over 0.5 and right 

classification as true result, and other predictions are all false results. As shown in Table. 3, the prediction 

results can be divided into four parts: (1) TP: Truth Positive. (2) FP: False Positive. (3) FN: False Negative. (4) 

TN: True Negative. The precision is defined as precision = TP TP+FP and recall is defined as recall = TP 

TP+FN. As shown in Fig. 7a, with the increasing of iterations, the precision of YOLO-CA is increasing 

gradually and converge over 90%. Moreover, recall eventually converges to more than 95%. In terms of locating 
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performance of YOLO-CA in training set, IoU finally stabilizes above 0.8. The decreasing process of loss of 

YOLO-CA in (7), and the final convergence of loss is less than 0.2. 

 

 

2) Comparative experiments and visual result: 
The comparative experiments are conducted for comparing seven detection models: (1) One-stage models: 

SSD, our proposed YOLO-CA, traditional YOLO-v3 and YOLO-v3 without MSFF (Multi-Scale Feature 

Fusion). (2) Two-stage models: Fast R-CNN, Faster R-CNN and Faster R-CNN with FPN. In order to 

comparatively demonstrate the validation of YOLO-CA as well as confirm its strength in terms of the 

comprehensive performance on the accuracy and real-time, the following indexes are selected for comparison 

among the seven models: 

 

 

FIGURE 9: THE AP AND IOU RESULTS OF DIFFERENT MODELS. (A) PRECISION-RECALL CURVE (B) AVERAGE IOU 

 
• Average Precision (AP) that is defined as the average value of precision under different recall, which can be 

changed by adjusting threshold of classification confidence. AP index evaluate the accuracy performance of 

detection models. The average precision can be calculated 

 

AP = ∑ precision(r)  

 where r is recall.  

 

• Average Intersect over Union (Average IoU) that is utilized to evaluate the object locating performance of 

detection models. The Average IoU is the average value of IoUs between every prediction bounding box and 

corresponding ground truth. 

• Frames Per Second (FPS). Inference time is defined as the average time cost of detecting a frame among 

test set. FPS is the reciprocal of inference time, which is defined as the average number of frames that can be 

detected in one second. 
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VI. CONCLUSIONS 

In this study, the proposed accident detection system can be trained by using regression based algorithm 

called YOLO (you only look once) algorithm on the sample vehicle datasets and the vehicle detection process 

has been successfully performed by the trained model vehicle detector being tested on the test data set with the 

live video feeds from the webcam. The proposed system is faster than other object detection methods and 

predicts the object better other object detection algorithm such as Faster-CNN or Fast CNN. The input can also 

be optimized and give better results. Further the system alerts via a wireless communication devices to nearby 

emergency vehicles. 
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