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Abstract: This paper presents a number plate detector based on combination of AdaBoost and 
connected component analysis (CCA) algorithms. The system is known as Malaysian Car Number 
Plate Detection and Recognition (CNPR) system.  The characters on the detected number plate are 
recognized using KNN classifier method. The experimental results show that the proposed method able 
to achieve detection rate of 98% and recognition rate of 95% on static images and video sequences. 
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INTRODUCTION 
 
 In Malaysia, increasing number of vehicle on the road has brought to the demands of Car Number Plate 
Detection and Recognition (CNPR) system. CNPR system can be implemented in electronic payment system, 
traffic surveillance system and as a police enforcement tools. Number plate in Malaysia mostly contains white 
character with black background color. Apart from this, the number plate may appear either in single row or 
double row as shown in Fig. 1. 
 There are several research and works done on CNPR system in the past few years. Among the techniques 
used in number plate region extraction are vertical edge statistic and mathematical morphology (Bai& Liu, 
2004), color or texture based analysis (Dai et. al., 2001), connected component analysis (Oz &Ercal, 2005)and 
some of image transformation techniques suchas Hough Transform (Duan et. al., 2005), Gabor Filter (Kahraman 
et. al., 2003), Wavelet Transform (Hsieh et. al., 2005). For character recognition stage, Artificial Neural 
Network(ANN) (Parisi et. al., 1998), (Chang et. al., 2004) is the most commonly used and it is reported that 
good results can be achieved. Besides ANN, template matching (Shapiro et. al., 2006) can also be implemented 
for character recognition purpose. The proposed CNPR system is divided into two main phases. Phase I is to 
extract the car number plate region whereas Phase II will segment the car plate region into single character, 
which are then recognized by character classifier.  
 
Related Work: 
 There are several methods for number plate detection and recognition system. For a real time application, 
the major concern is the computational time of the algorithm. However, there is always a trade-off between 
computational time and performance rate. A better performance rate will normally require more computational 
time. 

 
Fig. 1: (a) Single row car number plate (b) Double row car number plate. 
 
 For number plate detection or localization, techniques based on edge statistic and mathematical morphology 
gives a very good result as reported inBai and Liu (2004) work. They use vertical edge information, calculate 
the edge density of the image and followed by morphology methods such as dilation to extract the region of 
interest. This technique works well due to the fact that number plate always has a high density of vertical edge. 
Additionally, this method is suitable to be implemented when the camera is fixed to get best snapshot to the car. 
A snapshot is considered good when it is taken under bright lighting condition, right angle and the car number 
plate and its character is showing high contrast to each other. However, this method is difficult to be applied in a 
complex background since it is sensitive to unwanted edge in background which may confuse the system.  
 Color based techniques are proposed by Dai et. al. (2001)andPaolo et. al. (1995). This method performs 
well when the lighting condition is constant but real-time application usually has various lighting illumination. 
Furthermore, the proposed technique is country specified because each country will have different color code for 
vehicle number plate. 
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 In Oz and Ercal (2005) research, connected component analysis (CCA) method is used to detect the number 
plate region. CCA is useful for simplifying the detection task. It labels binary image into several components 
based on their connectivity. The criterion to determine whether pixels are connected is based on 4-adjacency or 
8-adjacency of pixels connectivity. CCA works together with spatial measurement and filtering gives a good 
result in number plate detection. Spatial measurement refers to measurement of spatial characteristics of 
connected component such as area, orientation, aspect ratio and others. Filtering works to eliminate unrelated or 
unwanted components. The remaining components are the possible candidate of car number plate. 
 Besides, a simple horizontal scanning of the image by looking for the most repeating brightness changes is 
the method applied in Kong et. al. (2005).A number plate always has significant number of brightness changes 
due the transition from the character to background and vice versa. This method requires the car number plate to 
be parallel to the image's horizontal level for achieving best detection rate. Partial row scanning is an updated 
method to save the computational power and time. It scans only in N-row distance instead of all of the image's 
rows. 
 There are several image transformation techniques have been implemented in number plate detection. 
Hough transform implemented by Duanet. al. (2005) gives a good result. However, it is reported that this 
method consumes high computational power and therefore it is not suitable to be implemented in real time. 
Gabor filter is implemented byKahramanet. al. (2003). Gabor filter is a good tool to analyze texture in unlimited 
number of directions and scales but it is time consuming method. Wavelets transform which is implemented 
byHsieh et. al. (2005)is found to be slow too although it gives a good result. 

 
Fig. 2: CNPR System Design. 
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Fig. 3: Sample of positive images for Adaboost training. 
 
 Apart from the above mentioned methods, several artificial intelligence (AI) techniques such as Artificial 
Neural Network (ANN) and Genetic Algorithm (GA) can also be implemented in number plate detection. ANN 
is implemented byParisiet. al. (1998) andChang et. al. (2004). In Cui and Huang (1997) research, GA is applied 
to locate the number plate from video sequence. InDlagnekov (2004)work, a classifier is trained by using 
AdaBoost algorithm to classify number plate region in the input image under various illumination conditions 
and obtained 93.5% of detection rate. Additionally, Haar-like features was used in AdaBoost training inSun et. 
al. (2009)work. They had presented that Gentle Adaboost gave a better result compared to discrete AdaBoost 
and real AdaBoost in terms of detection rate and false positive rate. As conclusion, AI is a good approach in 
digital image processing, however, it takes quite a long time to train the classifier and the result may not be 
satisfactory. 
 Preprocessing is an important step before the implementation of number plate detection algorithm. Some 
preprocessing techniques have been mentioned, such as histogram equalization and binarization by Paolo et. al. 
(1995), noise reduction and etc. Histogram equalization is done in order to improve the contrast of the input 
image whereas binarization is done to convert the image into black and white mode. 
 To recognize characters, several machine learning methods have been employed includes template matching 
(Shapiro et. al., 2006), Hidden Markov Models (HMM) (Cui & Huang, 1997), and Artificial Neural Network 
(ANN) as inKim et. al. (2000)work. Template matching technique is the most simple and direct method in 
character recognition. Each sub-window of the input image is compared to template image using normalized 
cross-correlation method. A well trained ANN gives good recognition result even for broken or incomplete 
character. It exhibits computational efficiency when less feature vectors are used. However, this approach is not 
easy to implement as it needs a lot of samples. 

Proposed Method: 
 The proposed method for CNPR system consists of number plate detection based oncombination of 
AdaBoost and CCA algorithms, and character recognition using KNN method as shown in Fig.2. Several 
preprocesses are applied to enhance the image quality before verified by CCA method. These include gray scale 
conversion, histogram equalization, smooth filter, top hat operator and binarization.  
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Car Number Plate Detection: 
 Boosting is a general machine learning method to obtain a classifier by combining weak classifier. The idea 
of boosting is to compute a strong classifier through integration of several weak classifiers together iteratively. 
Each iterationwill re-weight the training data where weight of the incorrectly classified data will be increased 
(Freund &Schapire, 1999). 
 The car number plate detection algorithm based on AdaBoost needs to perform an offline training to obtain 
a strong classifier. A large collection of images which include positive and negative number plates samples are 
needed during training stage to enhance the strong classifier. Here, a positive sample is a true number plate 
image while a negative sample is non number plate image. Fig. 3 shows the sample positive images. In this 
paper, haar-like features of positive and negative training samples are extracted as training data. These training 
data are used to train a strong cascaded classifier by using Gentle AdaBoost method.  
 The cascaded classifier contains a series of weighted classifier. The classifier gets more complex with 
increasing stage in the series. During number plate detection using AdaBoost algorithm, a sub-image have to 
pass through all the classifier in order to be accepted as number plate region. The detection process in sub-image 
is stopped whenever any rejection occurs.   
 Detection results using Adaboost method are highly false positive, therefore, in order to reduce the false 
positive detection, CCA method is applied to verify the detection region. The CCA process becomes simple and 
reliable due to only selected region of interests (ROI) are concerned. After a series of preprocesses on ROIs, 
CCA is performed to find all connected components (CC) in the ROI. Then, these CCs are accessed and their 
geometry information is retrieved. The interested geometry information includes height of CC, width of CC and 
their location (x, y coordinates) in image frame.  
 The geometry information are important in removing CC which are not likely to be the car number plate 
region or false positive detection of AdaBoost Algorithm. Below are the predefined conditions of the CC 
filtering: 
 
1. 0.025  0.100  
2. 0.125  
 
where, , , and are image height, image width, connected component height and connected component 
width, respectively. These predefined ranges are dependent to image's size by making an assumption that the 
image is a snapshot of the entire vehicle. 
 Next step is labelling and grouping. This process will group the remaining CC based on the 
followingcriteria: 
 
1. CC in the same group must have similar height, 
2. CC in the same group are located at similar horizontal level of the image,  
3. CC in the same grouopare located at next upper horizontal level for a double row car number plate. 
 
 During the grouping process, the number of element in each group is updated. This is used to determine the 
most possible car plate region by selecting group with the highest number of element as the car number plate 
region.  

 
 
Fig. 4: Sample character segmentation. 
 
 Additionally, the trained classifier is poor in detecting number plate format with less or equal to 3 
characters. In this case, the input image is then fed directly to CCA method for additional number plate detection 
as shown in Fig.5. This method helps to improve the detection rate. 
 
 
Car Number Plate Recognition: 
 After the car number plate region is located, character segmentation is performed to isolate the connected 
character into a single character. Fig.5 shows the character segmentation result. There are two steps in character 
segmentation algorithm: 
 
1. Check the CC by estimating its number of character, nc, according to Eq. 1. 
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 1.56   (1) 

 
where, CCw and CCh are the CC’s width and height, respectively. The value 1.56 is taken from the standard 
aspect ratio of car number plate character. 
 
2. Divide the CC equally based on nc. For example, if nc equals to 3, the corresponding CC is divided into 3 
equally width region.  
 The single character is then fed to character classifier. Character classifier in this system is based on K-
Nearest Neighbors (KNN). The overall design of KNN based character classifier is shown  
in Fig.6. This KNN classifier is used to classify 33 classes of character. It includes all numeral and alphabetic 
characters except character “1”, “I” and “O”. Character “I” and “O” are not used in Malaysian car number plate 
whereas character “1'” can be classified by using its aspect ratio information. 
  

 
 

Fig. 5: Number Plate Detection using CCA method. 
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Fig. 6: Design Architecture of KNN-based Character Classifier. 
 
 A total of 10 training samples for each character class are used to model the KNN classifier. Training 
samples are character images which are resized to 30X50 pixels. The gray scale values of the training sample 
images are extracted as feature vector for the classifier. There are a total of 1500 elements in feature vector of 
each training sample image. After the feature extraction, the KNN classifier is modeled. 
 Once the KNN classifier is trained or modeled, it can be used to classify the query character image. The 
query image will first go through size normalization step in which it will be resized to 30X50 pixels. Then, 
feature extraction is applied to extract feature vector of the query image. By using the feature vector and a 
proper K value, the system is able to classify the character of car number plate. 
 
Experimental Results: 
 In the experiment, a total of 186 positive images and 200 negative images are used to train the  
cascaded classifier for AdaBoost detection. The test sample set consists of 100 images (640x480)  
with Malaysian car number plate acquired using a digital camera from front (54 images) and rear (46 images). 
Most of these images were captured during daytime with complex background and various weather conditions at 
USM Engineering Campus. Some of the images were downloaded from internet randomly. The ground truth 
database for the test set is created to evaluate the performance of the proposed algorithms.  
 
Number Plate Detection: 
 In the first experiment, the car number plate detection algorithm is classified as true when the number plate 
is included and the size is matched in the answer given by AdaBoost while false positive detection is detection 
result with additional region or wrong detection. The experiment result shows that the AdaBoost algorithm able 
to achieve detection rate of 90% only. The detection rate is increased to 98% after combining AdaBoost with 
CCA algorithm. 
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Table 1: Car Number Plate Detection Result. 

Method Detected False Positive No Detection 

AdaBoost 90 8 2 

CCA 94 6 0 

AdaBoost + CCA 98 0 2 

 
Preprocesses: 
 A series of experiments have been carried out to determine the optimal preprocesses, i.e. histogram 
equalization, smoothing and Top Hat operator. These preprocess help to eliminate noise and increase the car 
number plate detection rate if properly implemented. A good binary image is important for CCA algorithm.  
 In the experiment, there were two combinations of preprocesses that give detection rate above 90%. In the 
following experiments, we named these two combinations of preprocesses as Test Set A and Test Set B. The 
combination of preprocesses and detection results of both test sets are shown in Table 2. Test Set A and Test Set 
B achieve good detection rates of 98% and 91%, respectively. 
 
Table 2: Test Set A and Test Set B. 

Preprocessing Method Test Set A Test Set B 

Histogram Equalization × √ 

Smoothing √ √ 

Top Hat Operator √ √ 

Threshold Value 75 100 

Detection Rate 98 91 

√ : use 
× : do not use 

 
Character Segmentation: 
 The results of character segmentation are shown in Table 3 below. The success rate R is calculated in 
percentage using Eq.2. 

     (2) 

 
where S and L are the total number of positive segmented image and total number of positive localized image, 
respectively. There are 98 and 91 positive localized car number plate images in Test Set A and Test Set B 
respectively. 
 
Table 3: Results of Character Segmentation. 

Test Set Positive Localized Image, L Positive Character Segmentation Image, S Success Rate, R 

A 98 94 95.92 

B 91 87 95.60 

 
 The results show that the character segmentation method works well with more than 95% of  
success rate for both Test Sets. Most of the failures are caused by number plate with non standard spacing 
between characters and presence of character “1”. The calculation of estimated number of connected character, 
nc in Eq.1 will give wrong result due to non standard aspect ratio value of character “1”. 
 
Character Recognition: 
 A good recognition of character means the recognized character is found same as actual character on the car 
number plate. The KNN classifier is used and its performance is tested by varying the number of training 
samples and K value. The recognition rate is calculated by total number of recognized character divided by total 
number of character in all of the images in database.  
 
Test of KNN Classifier by Varying Training Sample Size: 
 A series of tests is performed by using 5, 10, 15 and 20 training samples for each of the 33 classes (alphabet 
and numeric characters) to obtain the optimal training sample size. The KNN classifier is tested with its K value 
from K=1 until K=train sample size for each case. For example, when testing the KNN with a sample size of 15, 
it is required for the KNN classifier to be tested 15 times from K=1 to K=15. Then, we select the best 
performance KNN classifier from these 4 groups. In determination of character recognition rate, only positive 
localized and segmented images are concerned. There are a total of 608 and 538 characters respectively from 
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Test Set A and Test Set B to be tested. The results are shown in Table 4 and Figure 7. 
 The character recognition rate increases when the train sample increases. Both test sets give similar result. A 
good improvement of recognition rate is found when the number of training sample is increased from 5 to 10. 
However, the recognition rate seems to be saturated when the total number of training sample is continuously 
increases to 15 and 20 training samples. Hence, we did not perform testing for training samples more than 20 
and only use training sample size of 10 in the KNN classifier due to it gives the most reasonable high 
recognition rate and less computational power consumption. 
 
Testing of KNN Classifier by Varying K Value: 
 K is an important parameter that will affect the result of the KNN classifier. A test to search for the optimal 
K value which gives best recognition rate is performed. The results are shown in Table 5, Table 6 and Figure 8. 
This experiment was carried out using training sample size of 10. 
 
Table 4: Performance of KNN classifier by varying training sample size. 

Test Set Train Sample Size Best K Value Best Recognition Rate 

A 

5 1 90.97 

10 5 96.25 

15 7 95.93 

20 3 96.11 

B 

5 1 90.18 

10 5 97.03 

15 5 96.65 

20 4 97.21 

 
Table 5: Performance of KNN classifier by varying K( Test Set A). 

K Value Recognition Rate (%) 

1 95.00 

2 92.14 

3 94.46 

4 95.54 

5 96.25 

6 95.36 

7 95.36 

8 95.00 

9 93.93 

10 93.57 

 
Table 6: Performance of KNN Classifier by varying K (Test Set B). 

K Value Recognition Rate (%) 

1 93.68 

2 92.19 

3 95.72 

4 96.28 

5 97.03 

6 95.91 

7 95.17 

8 94.42 

9 94.24 

10 94.80 

 
 Figure 8 shows recognition rate varies when the K value changes and both Test Sets show similar shape of 
graph. The recognition rate increases when the K value is increased from K=2 to K=5. The recognition rate 
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starts to decrease in the successive values of K. The maximum recognition rate is at K=5 for both Test Sets. The 
sudden drop at K=2 is because of the case of even majority of voting. When this happened, the KNN classifier 
will randomly choose one of the ambiguous classes. 
 
Overall System Performance: 
 This prototype system is tested using 100 static images and 5 short video sequences. The test results are 
shown in Table 7 and Table 8. In overall, the proposed method able to achieve 98% of detection rate for the test 
dataset. This test result is obtained using threshold value of 75 for all images. There are 4 correctly detected 
images fail in character segmentation step. For character recognition, around 93% of correctly detected and 
segmented images found no error. There are 88% out of 100 images are zero error. Most of these errors occur on 
complex background and non standard spacing between characters. 
 

 
 
Fig. 7: Performance of KNN classifier with varying number of train sample. 
 

 
 
Fig. 8: Performance of KNN classifier with varying K value.  
 
 There are a total of 727 frames captured in these 5 video sequences. The video sequences contain image 
frame with car number plate (positive frame)and without car number plate (negative frame). In this experiment, 
negative frame must not return any detected car plate region or it will be considered fail.Sample test images and 
results are shown in Fig. 9 while Fig. 10 shows the common fail cases in car number plate detection algorithm. 
To implement this system in real time, computation time is always a concern. The computational time testing is 
run on a laptop of 1.83 GHz Intel CoreTM Duo processor and 2 GB of RAM. Three different dimensions of 
images are tested: 800 x 600, 640 x 480 and 320 x 240. 
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Table 7: Overall System Performance Tested by 5 Video Sequences. 

Stage Success Rate (%) Failure Rate (%) 

Detection Algorithm 98/100 98.00 2/100 2.00 

Character Segmentation 94/98 95.92 4/98 4.08 

Character Recognition     

- 0  character fail 88/94 93.62   

- 1 character fail   5/94 5.32 

- 2 characters fail   1/94 1.06 

- > 2 characters fail   0/94 0 

- Per total num. of character 601/608 98.84 7/608 1.15 

Total of Zero Error Image 88/100 88.00 12/100 12.00 

 
Table 8: Overall System Performance Tested by 5 Video Sequences. 

Stage Success Rate (%) Failure Rate (%) 
Plate Number Detection      
- All Frame 704/727 96.84 23/727 3.16 
- Positive Frame 379/398 95.23 19/398 4.77 
- Negative Frame 325/329 98.78 4/329 1.22 
Character Segmentation * 365/379 96.31 14/379 3.69 
Character Recognition ** 2442/2555 95.58 133/2555 4.42 
* : per total number of detected correctly frame 
** : per total number of character. 

 
 The computational time increases as resolution of image increases. This system works considerably fast. By 
using the image dimension of 320 x 240, the total time consumed for the whole detection and recognition 
process is about 34ms. This gives the processing speed of about 33 frames per second when implement in real 
time. 

Conclusion: 
 This paper presents methods and algorithms to implement car number plate recognition (CNPR) system. 
The car number plate region detection algorithm works based on AdaBoost algorithm and verify by connected 
component analysis. Character recognition task is accomplished by using KNN classifier. The proposed method 
able to achieve detection rate of 98% and recognition rate of 95% on static images and video sequences, 
respectively. The advantage of proposed method is that it consumes considerably low computational time and it 
is feasible to be implemented in real time. Though, there are still several works needed to be done in order to 
improve the system's performance. The KNN character classifier in this paper is not accurate and robust enough 
to be implemented in real world application. Hence, more robust method such as ANN classifier as proposed by 
Kim et al.(2000) or others will be considered for character recognition purpose in our future work. Apart from 
this, we plan to utilize infrared camera in the near future to enhance our current system capability of operating in 
different type of lightings such as daytime and night. 
 

 
 
Fig. 9: Example of Test Images and Results. 
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Fig. 10: Car number plate detection algorithm fails due to less character. 
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