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Abstract 

Rapid advancements in technology, particularly in computer science, have driven 

progress in image processing, which plays a crucial role in daily life. This research focuses on 
object recognition through vehicle license plate detection, utilizing an image database to address 

human errors in recording vehicle numbers that can slow down parking system services. An 

automated system is proposed to enhance parking management, although challenges in 

accurately segmenting plates remain. Two segmentation methods are compared: the MobileNet 
architecture and the Canny algorithm. This study aims to evaluate the segmentation accuracy 

between the two methods. Canny for its edge detection capabilities that reduce noise, and 

MobileNet for its effectiveness as a deep learning-based approach. The system is implemented 
using Python, JavaScript, HTML, and CSS to modernize vehicle license plate segmentation. The 

results show that MobileNet significantly outperforms the Canny algorithm, achieving a lower 

Character Error Rate (CER) of 18.8%, compared to Canny's 50.96%, across 13 tested license 
plate samples. This finding demonstrates that MobileNet offers a more reliable and accurate 

approach for segmenting vehicle license plates, thereby contributing to the development of a more 

efficient and automated license plate recognition system. 

 
Keywords— Segmentation, MobileNet, Algorithm Canny, CER Error, Vehicle License Plate 

1. INTRODUCTION 

The rapid development of technology in the scope of computer science has a significant 
impact on various aspects of daily life, particularly in image processing techniques. Image 

processing is a general term for various techniques used to manipulate and modify images in 

different methods [1]. Image processing has become an increasingly relevant field, particularly in 
applications related to object recognition, which is now widely used in security systems, traffic 

management, and business process automation. Image segmentation is one of the methods in 

digital image processing used to distinguish objects in an input image; in other words, it is the 

process of separating objects from their background [2]. Image segmentation plays a crucial role 
in enhancing the accuracy and efficiency of object recognition systems. 

One practical application of this technique is vehicle license plate detection. In this 

context, human errors in recording vehicle numbers can lead to delays in parking services, making 
it necessary to have an automated solution that can improve system efficiency. By utilizing a 

picture database, this research aims to develop an automatic vehicle license plate recognition 

system so that it can minimize recording errors and improve parking management. 

However, the challenge faced is achieving accurate vehicle license plate segmentation. 
This can be influenced by field conditions and the limitations of the algorithms. This research 

compares two segmentation methods. The first is the MobileNet architecture, and the second is 

the Canny algorithm to evaluate segmentation accuracy in the vehicle license plate detection 
method. The MobileNet architecture is a type of Convolutional Neural Network (CNN) that 
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addresses the need for processing large amounts of data by dividing convolution into depthwise 

convolution and pointwise convolution [3]. On the other hand, the Canny algorithm is a technique 
capable of detecting object edges in an image, which is susceptible to noise. [4]. One way to 

reduce the effects of noise in an image is by using Gaussian blur [5], [6], [7]. Gaussian blur is a 

Gaussian processing technique used to blur an image by applying a Gaussian function, often 

employed to model image or signal degradation [8], [9]. 
Also, the Character Error Rate (CER) is obtained from the Optical Character Recognition 

(OCR) process. This is a core process in vehicle license plate recognition. OCR is another 

application of computer vision used to recognize characters in images and convert them into 
strings or text [10]. 

The programming languages used include Python, JavaScript, HTML, and CSS. This 

system is designed to modernize the vehicle license plate segmentation process, enabling 

automated scanning and information retrieval without manual input. This research is expected to 
provide insights into which method is more effective for vehicle license plate segmentation. As 

well as contribute to the development of better plate recognition systems in the future. 

The novelty of this study lies in the direct performance comparison between a traditional 
edge-based algorithm (Canny) and a lightweight deep learning model (MobileNet) within the 

context of license plate segmentation under real-world conditions. While previous studies often 

focus solely on recognition accuracy, this research emphasizes segmentation quality using 
Character Error Rate (CER) as a performance indicator, which is rarely used in segmentation 

evaluation. Furthermore, the integration of MobileNet in a web-based implementation for real-

time vehicle license plate segmentation demonstrates a practical approach that bridges deep 

learning models with accessible front-end technologies. 
This research is expected to provide insights into which method is more effective for 

vehicle license plate segmentation, contributing to the development of more accurate and efficient 

automatic license plate recognition (ALPR) systems in dynamic and real-world environments. 

2. RESEARCH METHODS 

This research uses an experimental approach to evaluate the effectiveness of two 

segmentation methods in vehicle license plate detection: MobileNet architecture and the Canny 
algorithm. The steps of the research method undertaken are as follows: 

2.1. Data Collection 

Images of vehicle license plates were collected to build a representative database. A total 

of one hundred eighty (180) images were captured under varying lighting conditions and distances 

to ensure diversity in the dataset. These images represent various scenarios such as close-range, 

medium-range, and angled shots. 

2.2. Preprocessing 

 The collected images were then processed to enhance quality before segmentation was 

performed [11]. The preprocessing pipeline included: 

1. Conversion to grayscale to simplify data and reduce computational complexity. 

2. Noise reduction using bilateral filters to preserve edges while smoothing other areas. 
3. Blurring with Gaussian kernels (3×3, 5×5, 7×7) to minimize noise and prepare the image 

for effective edge detection and segmentation. 

4. Normalization and resizing of all images to a uniform size of 320×320 pixels to be 
compatible with the input layer of MobileNet. 

Vehicle license plate images undergo several processes before the license plate numbers 

are recognized using OCR. During the preprocessing stage, image segmentation of the plates will 
also be conducted. 
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The preprocessing steps begin by converting the image to grayscale. After that, denoising 

[12], the image is through the bilateral filter (blurring). 

2.3. Vehicle License Plate Segmentation 

MobileNet Architecture 

This method uses a pre-trained convolutional neural network to detect features on vehicle 

plates. 

1. A pre-trained MobileNet model (MobileNetV2) was fine-tuned using transfer learning 

techniques. 
2. The dataset was split into 80% for training and 20% for testing (i.e., 144 training images, 

36 testing images). 

3. Data augmentation techniques such as rotation, zooming, and flipping were applied to 
enrich the training dataset and reduce overfitting. 

4. The model was trained using the Adam optimizer, with categorical cross-entropy loss, 

over 50 epochs and a batch size of 16. 
5. The training process was conducted using TensorFlow/Keras in Python. 

6. The output of the model was a segmented license plate region used as input for OCR 

processing. 

Canny Algorithm 

This method applies edge detection to extract the plate area from the vehicle image. 
1. The Canny method involved applying Gaussian blurring followed by edge detection 

using predefined thresholds (e.g., lower=50, upper=150). 

2. The result was a binary edge map used to isolate and segment the license plate area before 

feeding it into the OCR system. 

2.4.  Data Analysis dan Validation 

After the segmentation process, an analysis is conducted to determine which method is 

more effective for vehicle license plate segmentation. The comparison is based on the validation 

error rates obtained from each method. The accuracy of both methods is evaluated using Optical 

Character Recognition (OCR) techniques to read vehicle license plate numbers. OCR was applied 
using the Tesseract OCR engine. The output text was compared against the ground truth license 

plate numbers. The Character Error Rate (CER) is measured for each method by comparing the 

OCR results against the original data. 
CER was chosen because it measures how closely the recognized text matches the original 

plate number, making it suitable for evaluating segmentation quality in OCR applications. A 

lower CER value indicates better performance. 

2.5. Segmentation Results dan CER Validation 

The segmentations from MobileNet and Canny were tested on the same dataset to 
compare the performance of each algorithm. CER is an indicator for evaluating the accuracy of 

OCR results; the lower the CER value, the better the performance of the OCR. 

3. RESULT AND DISCUSSION 

3.1 Data Collection 

Images of vehicle plates were collected to build a representative database, as shown in 

Figure 1. The data was initially stored in the internal memory of an OPPO A12 camera and then 

transferred to the internal storage of an Asus X441MA PC. 
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Figure 1. Sampling 

3.2 Preprocessing 

 Preprocessing is a crucial step in the image segmentation pipeline, as it significantly 
influences the performance of the segmentation algorithms that follow. In this study, two separate 

preprocessing workflows are implemented: one tailored for the Canny edge detection algorithm, 

and another optimized for the MobileNet deep learning model. Each approach has specific 

requirements in terms of input format and quality, thus necessitating different preprocessing 
strategies. 

3.2.1 Canny Algorithm 

The preprocessing steps for the Canny-based segmentation method are designed to enhance 

image clarity, suppress noise, and emphasize object boundaries, thereby improving the accuracy 

of edge detection. Since the Canny algorithm is highly sensitive to variations in pixel intensity 
and noise artifacts, preprocessing is applied before segmentation to ensure that only meaningful 

edges are preserved. 

1) RGB to Gray 

 The first step in the Canny preprocessing pipeline involves converting the original color 

image (in RGB or BGR format) into grayscale. This conversion is essential because the Canny 

algorithm operates on single-channel images, where edge detection is performed based on 
intensity gradients rather than color information. In this study, the conversion is performed using 

the OpenCV-Python library, specifically the cv2.cvtColor() function with the 

cv2.COLOR_BGR2GRAY argument. This method computes a weighted sum of the red, green, 

and blue channels to produce a single grayscale image, where each pixel value represents intensity 
on a scale from 0 (black) to 255 (white). 

As shown in Figure 2, the left image represents the original vehicle photograph in color, 

while the right image demonstrates the result of the grayscale conversion. This step simplifies the 
image structure and reduces computational complexity, preparing it for further noise reduction 

and edge detection processes. The grayscale image is preferred because it allows for more 

efficient processing and ensures that edge detection focuses solely on variations in brightness 

where edges are most likely to occur without being distracted by color information that may be 
irrelevant or misleading in this context. 

 
Figure 2. RGB to Gray 

2) Denoise 

 In the denoising process, unwanted noise in the image is reduced [13]. Noise refers to 
avoided variations in pixel intensity that can obscure details, diminish clarity, and affect image 

quality [14], [15], [16]. In the image below, the denoising was performed using a bilateral filter 

from the OpenCV-Python library. The left image shows the original vehicle image, while the right 
image displays the result after denoising. 
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Figure 3. Denoise 

3.2.1 MobileNet 

 Preprocessing is a critical preparatory step in the deep learning pipeline, particularly when 

deploying convolutional neural networks such as MobileNet for image segmentation tasks. The 

quality, consistency, and format of the input data directly affect the performance and 
generalization capabilities of the model. In this study, preprocessing for MobileNet segmentation 

involves resizing the input images to a standardized shape, which ensures compatibility with the 

architecture and facilitates efficient model inference. 

1) Resize 

 The image resizing stage aims to change the dimensions of the image [17], [18]. The 

primary preprocessing step in the MobileNet workflow is resizing the input image to a fixed 

dimension of 320 × 320 pixels. This step is essential for two reasons: 

3.4 Model Compatibility: MobileNet, like many convolutional neural networks, requires 

input images to have a consistent size. The network's architecture—including 

convolutional layers, pooling layers, and fully connected layers—is designed to process 

fixed-size inputs. Resizing ensures that all images conform to the expected input shape 

of the model. 

3.5 Computational Efficiency: The choice of 320 × 320 pixels represents a balance between 

preserving sufficient detail in the license plate area and maintaining low computational 

cost. Larger images may contain more visual information, but they significantly increase 

the computational burden and memory requirements during training and inference. 

Conversely, images that are too small may result in loss of critical features, negatively 

impacting segmentation accuracy. The 320 × 320 resolution was selected experimentally 

to optimize both segmentation accuracy and processing speed. 

The resizing process was implemented using the OpenCV-Python library (cv2.resize() 

function), which performs interpolation to scale the image while attempting to retain structural 

integrity. Importantly, aspect ratio distortion is minimized by applying padding where necessary, 
or cropping uniformly around the region of interest. As illustrated in Figure 4, the left image 

represents the original vehicle image, while the right image shows the result after resizing. This 

transformation standardizes the input data, ensuring that every image fed into the MobileNet 
model has consistent dimensions and pixel distribution characteristics. 

By standardizing the input size, the MobileNet model is better able to focus on learning 

discriminative features relevant to license plate localization, such as edge patterns, text shapes, 

and spatial arrangement. This preprocessing step directly contributes to the model’s ability to 
generalize well across various vehicle types, plate formats, and image conditions. 

 
Figure 4. Resize 

2) Splitting Data 
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 From a total of 180 images, the dataset is divided into training data and testing data, with 

a ratio of 70% for training and 30% for testing. The split data will be used in the process of 
developing the MobileNet model.  

3.3 Vehicle License Plate Segmentation 

 
Figure 5. Segmentation 

 The segmentation process is initiated by using the Canny algorithm for edge detection, 

followed by the Find Contour and Masking processes. These two steps aim to identify rectangular 
patterns on the vehicle plates and separate them from other unnecessary parts of the image. 

 In MobileNet segmentation, the model will be loaded after the image is resized. The 

MobileNet model was previously created through a training process using the input dataset; once 

completed, the model was saved, as shown in Figure 6. This MobileNet model will perform 
segmentation on the images. After segmentation, whether using Canny or MobileNet, the next 

step will involve character recognition with OCR. Following this, a model training process is 

conducted, where the split data will be learned to produce a model capable of recognizing the 
objects to be detected in the images (Feature Learning Process). 
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Figure 6. Script for training a Model 

3.4 Data Analysis dan Validation 

3.4.1 Canny Segmentation 

 In the image segmentation process for vehicle plates using the Canny method, several 
steps are taken after preprocessing the images, including edge detection using the Canny method 

itself, followed by the Find Contour and Masking processes to locate the pixels of the vehicle 

license plate within the image and separate it from the rest of the picture. 

1) Edge Detection 

 The edge detection process is performed using the Canny method from the OpenCV 
library, aiming to detect edges in the image. In Figure 7, the left image shows the original picture, 

which is then transformed to reveal the edge patterns on the vehicle, as seen in the right image. 

 
Figure 7. Edge Detection 

 The Canny algorithm is applied after noise reduction on the image using a noise reduction 

filter, specifically the cv2.bilateralFilter. Following this, the Canny algorithm performs edge 
detection through a process known as "Hysteresis Thresholding." The essence of Hysteresis 

Thresholding is to determine whether all detected edges in the image will be considered "real 

edges" or not [19]. In this context, two threshold values are required: minVal and maxVal, as 
shown in Figure 8. 

 
Figure 8. Hysteresis Tresholding 

 Edges with gradient intensity values more significant than the maximal value will be 
considered edges. Those below minVal will certainly not be classified as "edges" and will be 

discarded. The pixels that fall between these two thresholds will be classified as either "edges" or 

not based on their connectivity. If they are connected to a "definite edge" pixel, they will be 

regarded as part of the "edge." Otherwise, they will also be discarded. 

2) Edge Detection  

 After the edge detection process on the image, the next step is the Find Contour process, 
which searches for the boundary edges of the vehicle plate. Typically identified in a rectangular 

shape. The outcome of the Find Contour process is four-pixel position points in (x, y) format from 

the vehicle image, as illustrated in Figure 9. 
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Figure 9. Find Contour 

 The contour searching process begins by retrieving all contours in the image using the 

cv2.RETR_TREE function. These contours are then sorted, and the ten largest contours, which 

represent closed contour areas such as rectangles and triangles, are selected. 

 Next, a loop is performed on the ten largest contours. During this iteration, the perimeter 
of each contour is calculated using the cv2.arcLength function, facilitating the contour shape 

simplification process with the cv2.approxPolyDP function, which simplifies the angles and 

points of a contour. After these two processes, it can be determined whether a contour has four 
corners, an indicator of the object to be segmented (the vehicle plate). If a contour meeting this 

criterion is found, the loop is terminated, and an output array containing the pixel positions (x, y) 

of the contour points or corners in the image (the location of the vehicle plate) is generated, as 

shown in Figure 9. 
 After identifying the boundary coordinates (contour) of the vehicle plate, the next step is 

to separate this image from the overall picture. This process is known as masking, where all pixels 

outside the identified contour are assigned a different pixel value, as seen in Figure 10. This is 
accomplished using the Numpy library function np.zeros, which assigns a pixel value of "0" to 

all pixels in the image except for the area to be separated, where a pixel value of "0" signifies the 

area that will be removed. After this process, the plate image can be effectively isolated from the 
entire image. 

 
Figure 10. Masking 

3.4.2 MobileNet Segmentation 

 In the MobileNet segmentation phase, the process starts by loading the vehicle image and 

detecting the vehicle plate's position using the pre-trained MobileNet model. Unlike the Canny 

algorithm, MobileNet segmentation is more efficient, as it uses a trained model to identify the 

vehicle license plate based on learned patterns, marking it with a bounding box (the green box in 
Figure 11). 

 Once the MobileNet model locates the vehicle plate, the image is cropped by extracting 

the pixel positions within the bounding box. Consequently, only the area identified as the vehicle 
license plate is retained from the entire vehicle image. The final result is shown in Figure 11. 
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Figure 11. MobileNet Segmentation 

1) Optical Character Recognition (OCR) 

 OCR (Optical Character Recognition) is the technique of recognizing text in images or 

digital documents and converting it into editable text [20]. For this, we used Google Tesseract, an 
open-source library developed by Google [21] that enables text recognition and extraction from 

the images. 

 
Figure 12. OCR Results of MobileNet Segmentation 

Figure 12 presents the segmentation results using MobileNet on the left, followed by the OCR 

process with Google Tesseract. The final output, displayed on the right, identifies the vehicle 
license plate number. 

 
Figure 13. OCR Results of Canny Algorithm Segmentation 

On the left side of Figure 13, we see the segmentation results from the Canny algorithm, followed 
by the OCR process with Google Tesseract. The final output identifies the vehicle license plate 

number, shown on the right. 

2) CER Validation 

 After obtaining the vehicle license plate number through OCR, the next step is to validate 

the accuracy of the result using CER (Character Error Rate). CER quantifies the error rate by 

comparing two text strings [22]: the original license plate and the OCR result. 

 
Figure 14. CER of MobileNet Segmentation 
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 Figure 14 displays the OCR results of the vehicle license plate using MobileNet (IB 1802 

ERO). Subsequently, the error was calculated using the Character Error Rate (CER) to compare: 
OCRResult = IB 1802 ERO 

Original Plate = B 1802 ERQ (reference variable) 

The CER validation resulted in an error rate of 25%, calculated using the following formula: 

𝐶𝐸𝑅 =   
𝑆+𝐷+𝐼

𝑁
          (1) 

Where: 
 S = Number of Substitutions 

 D = Number of Deletions 

 I = Number of Insertions 
 N = Total number of characters in the original text 

CER Calculation 

In this case: 

OCR result: IB 1802 ERO 
Reference: B 1802 ERQ 

Comparing both strings: 

1 substitution: "I" instead of the missing character before "B" 
1 insertion: Extra "O" at the end instead of "Q" 

So: 

S=1 
D=0 

I=1 

N=8 (Total characters in the reference text "B 1802 ERQ") 

Applying the values to Equation (1): 

𝐶𝐸𝑅 =   
1 + 0 + 1

8
 

𝐶𝐸𝑅 =   
2

8
 

𝐶𝐸𝑅 =   0,25 

𝐶𝐸𝑅 =   25% 

Conclusion: 

The Character Error Rate (CER) for the OCR output is 25%, indicating that 2 out of 8 characters 

were either incorrect or misplaced. 

 
Figure 15. CER for Canny Algorithm Segmentation 

Figure 15 presents the OCR results of the vehicle license plate using the Canny algorithm 
(B 1802 ERO). The error calculation using CER compares the following: 

 OCR Result = B 1802 ERO 

 Original Plate = B 1802 ERQ (reference variable) 

The CER validation indicates an error rate of 25%, calculated using formula 1. 
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3.5 OCR Results and CER Validation 

 Table 1 presents the OCR results and error validation using CER, based on vehicle license 

plate segmentation performed by both the MobileNet and Canny algorithms. This table illustrates 

each algorithm's performance in recognizing characters on vehicle plates. 
 OCR results can be influenced by various factors, such as image quality, lighting 

conditions, font type on the vehicle plate, and background complexity. Consequently, analyzing 

the results and comparing the performance of both algorithms is vital for selecting the most 

appropriate OCR algorithm for specific applications. 
Table 1. Segmentation Results and CER Validation 

Number Original License Plate OCR MobileNet OCR Canny CER MobileNet CER Canny 

1 B 1802 ERQ IB 1802 ERO [B 1802 ERO 25% 25% 

2 BE 1760 YQ BE 1760 YQ Undetected 0% 100% 

3 BE 1876 ET BE 1876 EI Undetected 12,5% 100% 

4 D 1358 AHG ID 1358 AHG Undetected 12.5% 100% 

5 DD 1137 KQ DD 1137 KQ DU 1137 KO 0% 25% 

6 DD 1137 LP DD 1137 LP Undetected 0% 100% 

7 DD 1223 LB 0D 1223" LB DD 1223 LB 25% 0% 

8 DD 1949 KW UU 19g49 KW) OD 1949 KW 50% 12.5% 

9 DD 1951 MH ‘DD 1957 Mb Undetected 37.5% 100% 

10 L 1696 RR L 1696 RR L 1696 RR 0% 0% 

11 DD 1552 XAI DD 1752 YAI Undetected 33.3% 100% 

12 DD 1571 SQ nn 1571 SQI DD 1571 SQ 37.5% 0% 

13 DD 1691 XAB ND 1691 XAB DD 1691 XAB 11,1% 0% 

Total  18.8% 50.96% 

The observed performance gap between the Canny algorithm and the MobileNet model 
can be attributed to fundamental differences in their underlying segmentation strategies. Canny is 

a traditional edge detection method that relies solely on pixel intensity gradients to identify object 

boundaries. Although this approach is computationally efficient and relatively straightforward, it 

is highly sensitive to image noise, lighting variations, and geometric distortions common 
challenges in real-world scenarios. Even with preprocessing techniques such as denoising and 

Gaussian blurring, the Canny algorithm often struggles to accurately isolate license plate regions 

when faced with complex backgrounds or low-quality input images. Its effectiveness largely 
depends on carefully tuned threshold parameters and the clarity of the plate’s contour. As a result, 

the segmentation output may be incomplete or imprecise, adversely affecting subsequent OCR 

accuracy and increasing the Character Error Rate (CER). 
In contrast, MobileNet adopts a deep learning-based approach that leverages 

convolutional neural networks to automatically extract and learn relevant features from labeled 

training data. Unlike Canny, it does not depend on fixed rules or manually defined parameters. 

This enables MobileNet to generalize effectively across a wide range of input conditions, 
including blurred images, inconsistent lighting, and oblique camera angles. Its architecture, based 

on depthwise separable convolutions, strikes a balance between computational efficiency and 

representational capacity. Furthermore, the model produces a consistent bounding box around the 
license plate area, ensuring that only the relevant region is passed to the OCR engine, thereby 

reducing noise interference. 

Another critical advantage of MobileNet is its capacity for high-level feature learning, 
which allows the model to recognize abstract patterns such as character alignment, spacing, and 

structural consistency typical of license plates. These capabilities are beyond the scope of classical 

algorithms like Canny. As a result, even under suboptimal conditions, MobileNet is more likely 

to yield usable segmentation results that support more accurate character recognition, as reflected 
by its lower CER values in this study. 

In summary, MobileNet’s superior performance is attributed to its data-driven learning 

mechanism, robustness to input variability, and consistent localization of the region of interest. 
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These findings reinforce the suitability of deep learning-based segmentation techniques for real-

world automatic license plate recognition systems, where image inconsistencies are unavoidable. 

4. CONCLUSION 

The results of the OCR and CER validation clearly show that MobileNet segmentation 

performs significantly better than traditional methods. With a Character Error Rate (CER) of just 

18.8%, compared to 50.96% for the Canny method, MobileNet proves to be far more effective in 
accurately segmenting vehicle license plates. This level of accuracy is crucial for improving the 

performance and reliability of automated license plate recognition systems, particularly in real-

world applications like smart parking and traffic monitoring. Compared to other popular 
convolutional neural network (CNN) architectures such as LeNet, AlexNet, VGG, GoogLeNet, 

and ResNet, MobileNet stands out by offering a strong balance between accuracy and efficiency. 

This makes it especially suitable for use in resource-limited environments like embedded systems 

or mobile devices, where computing power is limited. While deeper models like VGG and ResNet 
can deliver higher accuracy in some contexts, they often require much greater computational 

resources, which may not be practical for real-time or lightweight systems. Looking ahead, further 

research can focus on integrating MobileNet into real-time processing systems and evaluating its 
performance under varied or large-scale conditions. Exploring hybrid models—such as those that 

combine multiple CNNs or incorporate attention mechanisms could help boost performance even 

further. Additionally, investigating more recent lightweight models like EfficientNet or 
architectures based on transformers may open new possibilities for enhancing the speed and 

accuracy of automated vehicle recognition technologies. 
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