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Abstract: It is far essential to properly recognize the vehicle identification number (VIN) engraved on the car frame
for vehicle surveillance and identification. In this paper, we propose an algorithm for recognizing rotational VIN im-
ages based on neural network which incorporates two components: VIN detection and VIN recognition. Firstly, with
lightweight neural network and text segmentation based on EAST, we attain efficient and excellent VIN detection
performance. Secondly, the VIN recognition is regarded as a sequence classification problem. By means of con-
necting sequential classifiers, we predict VIN characters directly and precisely. For validating our algorithm, we col-
lect a VIN dataset, which contains raw rotational VIN images and horizontal VIN images. Experimental results show
that the algorithm we proposed achieves good performance on VIN detection and VIN recognition in real time.
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Fig. 1 Samples of vehicle VIN images in complex background and with arbitrary orientation
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Fig. 2 The overall architecture of our proposed VIN recognition algorithm
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Table 1 Detection performance comparison of different algorithms on VIN dataset
Methods FPS(frame/s) Precision/% Recall/%
PSENet?8] 1 86.4 922
EAST 20 94.3 95.7
FOTSEY 24 89.9 93.6
OURS 33 98.5 98.5
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Table 2 Recognition performance comparison of two algorithms on VIN dataset

Methods FPS(frame/s) F/% Al%

Tesseract(320x32)2 6 4.47 11.96
CRNN(320%32) 40 43.61 83.44
ASTER(320x32)31 33 44.25 85.19
OURS(320%32) 122 61.47 93.28
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Table 3 Recognition performance comparison of different input size

Input size FPS(frame/s) Fi% A%
200x20+aug 134 47.53 89.66
200x20 134 41.21 85.73
320x32+aug 122 61.47 93.28
320x32 122 55.15 91.90
400x40+aug 94 66.29 95.12
400x40 94 58.70 91.42
500x50+aug 88 64.73 95.71
500x50 88 58.11 92.37
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Fig. 8 Samples of detection and recognition results of our algorithm on complicated VIN images
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The overall architecture of our proposed VIN recognition algorithm

Overview: It is far essential to properly recognize the vehicle identification number (VIN) engraved on the car frame
for car surveillance and vehicle identification. Vehicle identification number is unique globally, which is assigned by car
manufacturers to a car for identifying it. The vehicle identification number is usually engraved on the metallic car frame
which is uneasy to tamper with, so it is of great significance for vehicle annual surveillance and vehicle identification.
Although many important achievements have been made in text recognition, especially the wide application of OCR in
document recognition in images, the complex background, arbitrary angle and fuzzy font of the engraved text in the
images have made it difficult to identify the vehicle identification number automatically. In vehicle identification and
annual car inspection, a large number of VIN pictures need to be manually reviewed every day, which is very inefficient.
With the application of deep learning, we can make use of deep learning to accelerate this process, improve the efficien-
cy of auditing greatly, and realize automated auditing. We introduce an algorithm for recognizing vehicle identification
number in images based on neural network, which incorporates two components: VIN detection and VIN recognition.
Firstly, in the VIN detection part, the lightweight Network is used as feature extraction network in order to accelerate
the inference speed and reduce the network cost. Combined with FCN and FPN, the network is able to adapt to any size
of input images and focus on the distribution difference between foreground text pixels and background pixels. In order
to improve the performance on rotational VIN, the images are rotated at any angle lossless in the training stage to aug-
ment datasets. Secondly, in the VIN recognition stage, we take VIN recognition task as a sequence classification prob-
lem, using VGGNet as the feature extraction network, and the final vehicle identification number sequence is predicted
through the position-related sequential classifier without character segmentation to simplify the recognition processing.
Also, the text direction in images may be reversed in dataset, and in order to solve the situation, picture is rotated at 180
degrees randomly in network training. Finally, we introduce a VIN dataset, which contains raw rotational VIN images
and horizontal VIN images for validating our algorithm, and all of our experiments are conducted on the dataset. Ex-
perimental results show that the algorithm we proposed can detect and recognize the VIN text in images efficiently in
real time.
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