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Abstract: The detection and recognition of a license plate is especially an important aspect of Automatic License Plate Recognition 

(ALPR). In this work, a deep learning model is used to address the problem of license plate digits detection and recognition. The 

Convolutional Neural Network (CNN) layers are used to detect the license plate. Due to the dust and sand particles on license plates, 

the recognition of characters is difficult, so for optimal recognition, Optical Character Recognition (OCR) is used. The objective is 

to detect and recognize the Indian car license plate digits. Different sets of car images are used for training the Convolutional Neural 

Networks. By using CNN, the system achieves approximately 99.5% mean Average Precision (mAP) with a plate loss of 0.01627 

in the detection of the Indian car license plate in real-time. 

 

Index Terms— Optical Character Recognition, Convolutional Neural Networks, Automatic License Plate Recognition, 

License Plate Recognition, Mean Average Precision. 

 

1.  INTRODUCTION 

 

License plate recognition (LPR) is an important research topic with the recent improvement in intelligent transport systems. 

LPR consists of many applications in the domain of transportation. There are mainly four steps for the LPR: a collection of images, 

detection of the object, segmentation, and recognition of characters as shown in Fig.1. 

 

 

             Fig.1: Steps for the Recognition of License Plate. 

 

In the first step of LPR, Images are collected from a video, camera, or an open dataset for image collection. The second step is 

object detection in which all the relevant objects are detected. This is mainly done by using the Edge detection technique which is 

a common technique. After the detection phase is completed, segmentation is done for the detection of alphabets and numerals. The 

final step is to recognition of all the segmented digits and alphabets by using Optical Character Recognition (OCR). 

The Convolutional Neural Network (CNN) has become common for object detection because of the development of GPUs that 

support high computational complexity. Impressive results are produced by using CNN for image classification [3], digit recognition 

[4], object detection [5]. Region-based CNN can be used for increasing the performance, but the computational complexity is 

increased. The image is divided into four categories using algorithms that employ morphological categorization approaches: 

character-based, edge-based, texture-based, and color-based [6]. Among these the most commonly used detection is edge-based 

detection for detecting the license plate digits. 

Since the number plate consists of a white background with black letters, edge-detection can easily detect the features. Although 

the speed of computation is rapid, it sometimes detects unwanted edges. This is due to the many colors in the image or when there is 

a difference between white and black that interferes with the detection in edge detection. Differentiating the colors of the car body 

and license plate is how the color-based approach works. The HSI color model was proposed by Deb and Jo [7] to detect license plate 

region which is then verified by histogram after the number plate is detected. Mathur et al. [8] recommended the input as a gray-scale 

image to decrease noise from the license plate. When there is the same color of the car body and the license plate, the color-based 

ethod struggles to distinguish the license plates. The work takes gray-scale and character-based approaches to learn and detect the 

license plate digits since it uses CNN which extracts the features directly. The capability of CNN’s classification provides guaranteed 

detection of characters with high performance. 
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The organization of the paper is as follows: The Pre-processing and Data Collection are discussed in section 2, The Proposed 

Methodology is discussed in section 3, The Experimental Setup and Results are discussed in section 4, Finally, the Conclusion and 
Future Scope are given in Section 5. 

 

 

 

2.  PRE-PROCESSING AND DATA COLLECTION 

 

For the detection and recognition of characters in license plates using CNN, the considered dataset should be collected 

first. The dataset consists of 935 images of cars. The images are taken, and they are labeled for the license plate. After labeling all 

the images,  the images are made into a single class. The dataset is split into three parts for training, testing, and validating in the 

partitions of 70%,20%,10% then the images are then made into a dataset. The flow of the preparation of the dataset can be seen in 

Fig.2. 

 

 
 

     Fig.2: Dataset preparation flow diagram. 

 

3. PROPOSED APPROACH FOR DETECTION AND RECOGNITION 

 

The main objective of license plate detection is to detect the license plate precisely. To increase the precision of the 

detection, CNN is used. CNN has the capability to differentiate classes from one another. It consists of different types of layers in 

its architecture. The architecture of the CNN consists of 13 convolutional layers and the considered dataset is processed through 

these layers. By using the modified architecture of You Only Look Once (YOLO) [9] this CNN architecture is created. First, the 

dataset is given to the CNN, and then the weights and data are labeled according to the classes obtained. All the weights of the 

dataset are saved for the training of different CNN models. These labels and weights are used for detecting the digits and characters 

on the license plate. YOLO is used for the detection of objects, and the recognition of the digits is done by using the OCR [10] as 

shown in Fig.3. 

The dataset is split into three parts for the training, testing, and validation of the data. The dataset is trained for 50 to 500 

epochs depending on the model of CNN. 

 

 

 
     Fig.3: Proposed architecture flow diagram. 

 

3.1 Generation of dataset: 

 The generation of the dataset is done by collecting various images of Indian car license plates and labeling the images at 

the license plate region. The number of images that are taken for this work is 935. By generating the bounding boxes at the License 

plate region, the labeling is done. After labeling the images, these images can be used for the training of the CNN model.  

 

3.2 Splitting the data: 

  The data is split into three parts for training, testing and validation. In this method, the data is split into 70%, 20%, 10% 

which are partitions for training, testing, and validation respectively. This dataset is created by taking many images of Indian car 

License Plates and generating labels for the dataset. 
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3.3 Training and validating the CNN model: 

 After the generation of the dataset, the CNN model is trained and validated by using the dataset. The training is done for 

50 epochs for this work. After the training, the model is validated with the validating data. Then the testing of the model is done 

with the testing images that are present in the dataset. 

 

3.4 mAP and validation loss: 

 The mAP [9] curves are obtained after training the model. The validation loss [9] curves can be obtained after training. 

The mAP is obtained along with Precision and Recall (PR) curves [9]. These curves are used for the generation of mAP curves. 

These curves vary with different models. 

 

3.5 Detection with CNN: 

 In this phase, the weight file of the model after the training and validation is generated. This file is obtained, and it is given 

to the CNN for object detection. The CNN takes the weights of the trained model and maps the weights to the input image for the 

detection of the License Plate. 

 A bounding box is generated for the detected object. The object in this work is the license plate. After the generation of 

the bounding box to the relevant object, the CNN detects the object. In this way, the object is said to be detected by CNN. 

 

3.6 Recognition by using OCR: 

 After the detection of the objects by using CNN, the recognition of the objects is done by the OCR [10]. OCR recognizes 

the characters on the License plate. So, the detected object is the license plate in this work which is sent to the OCR for recognition. 

In this phase, the characters and the numerals are recognized by the OCR. The recognition and detection precision are based on the 

iterations in which the model is trained [10]. 

 

4. EXPERIMENTAL SETUP AND RESULTS 

 

The experimental procedure, dataset and results are discussed in this session : 

The dataset consists of 935 images of car license plates, and they are labeled at the license plate for the training of the CNN 

model. The normalization of images is made to the dataset. For training, testing, and validation, the dataset is split into three parts 

with ratios of 70/20/10. The architecture of the network is trained with the considered dataset. The batch size is 8 and the max 

epochs are 50. After the training of the model, the weight file is taken. The CNN is trained with this weight file for the detection of 

the license plate. After detecting the license plate, the OCR is used for the recognition of the characters and numbers on the license 

plate. The mAP and PR curves along with Validation loss curves are obtained after the process. 

The considered dataset is trained in the CNN architecture and the validation is also done in it. The Validation Loss of the CNN 

models are shown in Fig.4, Fig.5, and Fig.6. The mAP is 99.5% and the validation loss is 0.01652 for the CNN model. For the 

purpose of comparison, ResNet-50, and EfficientNet_b0 models are used to get the precision and validations loss. The experimental 

results are shown in Table-1.The Validation Loss for 50 epochs of the CNN model is 0.01645 whereas the loss of ResNet-50 and 

EfficientNet_b0 are 0.01645 and 0.01652, respectively. The mAP of the CNN models is shown in Fig.7, Fig.8, and Fig.9. The mAP 

for 50 epochs of CNN, ResNet-50, and EfficientNet_b0 is 99.5. The comparison of performance metrics of all CNN models can be 

seen from Fig.10 to Fig.13. The Precision and Recall (PR) curves for 50 epochs of CNN are 99.9% and 99.9%. The Precision and 

Recall (PR) curves for 50 epochs of ResNet-50 are 99.66% and 99.9%. The Precision and Recall (PR) curves for 50 epochs of 

EfficientNet_b0 are 99.46% and 99.46%. The real-time detected image is shown in Fig.14. 

  

       Table-1: Training and test results 

 

 

 

 

 

 

 

 

 

 

 

 

 
  

          Fig.4: Proposed CNN validation loss  Fig.5: EfficientNet_b0 validation loss 

 

Network models 

Epochs 

Train/Test 

mAP 

Validation 

loss 

Precision Recall 

ResNet-50 
50 99.5% 0.01645 

99.66% 99.99% 

EfficientNet_b0 

50 

 

99.5% 0.01652 99.46% 99.46% 

CNN model 
50 99.5% 0.01627 

99.99% 99.99% 
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     Fig.6: Validation loss of ResNet-50                Fig.7: mAP of ResNet-50 

 

 
 

         Fig.8:  mAP of proposed CNN             Fig.9: mAP of EfficientNet_b0  

 

 
 

           Fig.10: mAP of all models           Fig.11: Precision of all models 

 

 CNN model 

 ResNet50 

 EfficientNet_b0 

 

 

 
 

Fig.12: Validation loss of all models.                  Fig.13: Recall of all models. 
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Fig.14: Indian car license plate detected and recognized. 

 

5. CONCLUSION 

 

In this paper, a CNN architecture is proposed to obtain the highest Precision and Recall (PR) of 99.99% for the detection 

and recognition of an Indian license plate with the least digit loss. The CNN model provides 99.5% mAP is obtained and with a 

Validation Loss of 0.01627 for 70% training, 20% testing, and 10% validation data with 50 epochs of iteration. The detection is 

done by the CNN model and the character recognition is done by the OCR for real-time applications. In the future, a faster R-CNN 

can be used to reduce the time taken to train the model with a little sacrifice of accuracy.  
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