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ABSTRACT 

For intelligent vehicle surveillance systems, it is a big challenge to detect small, blurred car plates of vehicles driving on 

a highway. In this paper, we present a novel, two-stage detection scheme for small, blurred car-plate detection in large 

surveillance images. Our proposed scheme firstly detects vehicles, and then locates the car plates in specific regions of 

detected vehicles based on our proposed car-face landmark localization algorithm. Our scheme can also solve the high 

false-alarming rate problem with small, blurred car-plate detection. Experimental results show that our proposed method 

is accurate, and able to reduce the false-alarming rate, without any compromise in speed. 
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1. INTRODUCTION

Car-plate detection is one of the most critical steps on intelligent traffic applications, and is important for car-plate 

recognition. For automatic licence-plate detection, researchers have used many diverse methods, including corner template 

matching [1], Hough transform [2], histogram analysis [3], morphological operations [4], and sophisticated mechanisms, 

such as vector quantization [5], neural networks [6], etc. However, most of the car-detection algorithms used are based on 

genetic object-detection methods, or based on methods for other domains, such as face detection. Viola et al. [7] proposed 

an efficient method for face detection, in which the integral-image representation was employed for computing the Haar-

like features [8], and the AdaBoost learning algorithm was used for learning a fast and accurate detector. The AdaBoost 

learning algorithm, first proposed by Freund and Schapire [9], selects simple Haar-like features from a complete feature 

set to form weak classifiers, and builds a strong classifier by combining the weak classifiers. Based on the AdaBoost 

algorithm, a licence-plate detection method was proposed in [10], which is rapid and robust against variation in 

illumination. Instead of using one stage to deal with all situations, the proposed method in [10] consists of two stages: one 

for dealing with normal illumination, the other for dealing with abnormal illumination. 

Figure. 1: A scene of small, blurred car-plates detection and car-plate color extraction in a high-way surveillance system 
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Although there have been lots of successful traffic applications based on car-plate detection, most of them carry out the 

detection at gates on highways or car-park entries, where the numbers and characters of a car plate can be extracted much 

more easily. It will become much more challenging for detecting small, blurred car plates in a highway or street situation, 

as with the scene shown in Figure 1. Furthermore, the resolution of the captured images from surveillance cameras is 

usually very large (e.g., 1920×1080 pixels), but the size of car plates in the images is very small and blurred. This makes 

the detection involve high computational complexity, and result in many false positives. 

The motivation of our study on detecting small, blurred car plates in highway surveillance systems is that the color of a 

car plate can provide useful information about the vehicle detected. For example, in mainland China, licence plates are 

issued by China’s Vehicle Management Offices, under the administration of the Ministry of Public Security. The color of 

a car plate implies specific meaning. Yellow plates are issued for larger vehicles, such as trucks, buses, etc., while blue 

plates, the most common type, are issued for small or compact vehicles. Therefore, in some situations, where the car plates 

are too blurred for car number recognition, extracting the car-plate color can still provide useful information for intelligent 

traffic control. The color information can also assist in vehicle counting and car-type identification. To this end, we have 

formulated a unified and generalized framework with three innovations. (1) We devised a two-stage car for high-speed 

car-plate detection. (2) We proposed a set of car-face landmark points for car-face localization. (3) We developed a robust 

blurred car-plate detection algorithm, based on the AdaBoost detector, constrained by the car-face landmarks located. 

The remainder of this paper is organized as follows. Firstly, we will review the random-forest-based car-face landmark 

localization algorithm and our proposed car-face landmark points in Section 2. In Section 3, we will describe our two-

stage scheme for car-plate detection, and our proposed small, blurred car-plate color extraction method. Section 4 will 

present the experiment results, and a conclusion is given in Section 5. 

2. RANDOM FORESTS FOR LANDMARK LOCALIZATION 

2.1 Motivation on locating landmarks for car-faces  

Landmark localization algorithms, which extracts features from the neighborhood of facial landmarks in face images, were 

first employed for face alignment and recognition. Usually, 17, 29 or 68 facial landmarks, which are located around the 

eyes, nose, lips, or the jaw, as shown on the left in Figure 2, are selected. These landmark locations carry the most amount 

of semantic information about faces, which is useful for discriminative and generative approaches for facial-image 

analysis. For face alignment, the required landmarks are located by using supervised machine learning methods, whereby 

a model is trained from a large amount of human-labeled face images. The learned model can then be used for facial shape 

estimation on unseen images, which contain face(s). 

To our knowledge, there is no landmark localization applied to images with vehicles, until now. Motived by face-landmark 

localization, we propose using 42 landmarks for car-faces, as shown on the right of Figure 2. These landmarks are used to 

represent the windscreen, headlights, and number plate, which are the most commonly seen components in the front face 

of a car, and have consistent relative positions to each other. Our method was also inspired by the animated film “Cars” 

presented by Walt Disney Pictures, where the cars were animated as live cars with mouths and eyes in their frontal car-

faces. 

   

Figure. 2: Landmarks on a human face and a car-face 



 

 
 

 

2.2 Random Forests  

There are mainly two approaches for face alignment - Active Appearance Models [14], which build parametric models for 

facial appearance, and regression-based models, which directly model the mapping from appearance to facial shape. There 

are a number of state-of-the-art methods for face alignment, but we consider the regression-based methods, based on using 

a cascaded shape-regression framework, first proposed in [12]. Different from other methods, the regression-based 

approach progressively refines an initial shape estimate, in several stages, directly from appearance, without learning any 

parametric shape or appearance models. Random forests can be used for the estimation. A random forest is an ensemble 

of 𝑇  binary decision trees, 𝑇𝑡(𝑥): 𝑉 → 𝑅𝐾 , where 𝑡  is the index of the trees, VRM represents features in the M-

dimensional feature space, and RK=[0, 1]K is the space of class probability distributions over the label space Y = {1, . . . , 

K}. In the testing/prediction stage, each decision tree returns a class probability 𝑝𝑡(𝑦|𝒗) for a given test sample v∈RM, 

and the final class label 𝑦∗ is then obtained, via averaging, as follows: 

𝑦∗ = arg max
𝑦

1

𝑇
∑ 𝑝𝑡(𝑦|𝒗)𝑇

𝑡=1 .                                                                     (1) 

A splitting function 𝑠(𝑣; Θ) is typically parameterized by two values: (i) a feature dimension Θ1 ∈ {1, . . . , 𝑀}, and (ii) a 

threshold Θ2∈R. The splitting function is defined as follows: 

𝑠(𝑣; Θ) = {
0, if 𝑣(Θ1) < Θ2,
1, otherwise,       

                                                                     (2) 

where the outcome determines the child node where the sample v will reside, and the labels 0 and 1 imply that the sample 

belongs to the left and the right child node, respectively. Each node chooses the best splitting function Θ∗ from a randomly 

sampled set {Θi}, by optimizing the following function: 

𝐼 =
|𝐿|

|𝐿|+|𝑅|
𝐻(𝐿) +

|𝐿|

|𝐿|+|𝑅|
𝐻(𝑅),                                                                            (3) 

where L and R are the sets of samples that are routed to the left and the right child node, respectively, and |S| represents 

the number of samples in the set S. During the training of a random forest, each decision tree is provided with a random 

subset of the training data (i.e. bagging), and the trees are trained independently of each other. Training a single decision 

tree involves recursively splitting each of its nodes, such that the training data in the newly created child nodes are clustered 

according to class labels. Each tree is grown until a stopping criterion is reached (e.g. number of samples in a node is less 

than a threshold or the tree depth reaches a maximum value), and the class probability distributions are estimated in the 

leaf nodes. 𝐻(𝑆) is the local score for a set of samples (𝑆 is either L or R), which is normally calculated using entropy 

measure as in (6), but it can be replaced by variance [12, 15] or the Gini index. 

𝐻(𝑆) = − ∑ [𝑝(𝑘|𝑆) ∗ log (𝑝(𝑘|𝑆))]
𝐾

𝑘=1
                                                                       (4) 

where K is the number of classes, and 𝑝(𝑘|𝑆) is the probability for class k, which is estimated from the set S. 

2.3 Cascaded shape regression 

Many face alignment methods work under a cascaded framework, where an ensemble of N regressors operates in a stage-

by-stage manner, and are referred to as stage regressors. This approach was first explored in [8]. At the testing stage, the 

input to a regressor 𝑅𝑡 at stage t is a tuple (I, St−1), where I is an image and St−1 is the shape estimate from the previous 

stage (the initial shape S0 is usually the mean shape of the training samples). The regressor extracts features with respect 

to the current shape estimate, and regresses a vector of shape increment as follows: 

𝑆𝑡 = 𝑆𝑡−1 + 𝑅𝑡(𝜙𝑡(𝐼, 𝑆𝑡−1)),                                                                             (5) 

where 𝜙𝑡(𝐼, 𝑆𝑡−1) is referred to as the shape-indexed features, i.e. they depend on the current shape estimate. The cascade 

progressively infers the shape in a coarse-to-fine manner  the early regressors handle large variations in shape, while the 

later ones ensure small refinements. After each stage, the shape estimate resembles the true shape more closely. In our 

algorithm, the feature mapping function 𝜙𝑡(𝐼, 𝑆𝑡−1) generates the local intimacy definition feature (IDF) [15] values 

derived from the shape-indexed feature. There is an assumption, proved by intensive experimental results, that the shape 

increments have close correlation with the local features of the landmarks, which define the face shape. Thus, given the 

features and the target shape increments {∆St = S − St−1}, we can learn a linear projection matrix Rt. Most cascaded 

regression models [12, 15] share a similar workflow, as shown in Figure 3. 



 

 
 

 

3. A TWO-STAGE SCHEME FOR CAR-PLATE DETECTION 

In this paper, we propose a robust scheme for extracting small, blurred car-plates from surveillance images. There are two 

challenges for this task: detection at high speed and accuracy requirements with small and blurred images. Our algorithm 

will first detect a small car-plate in a large image frame (1920×1080 pixels), while keeping the video capturing in real time 

(i.e. 30 frames per second), which is a difficult, computational task. Conventional methods usually employ foreground and 

background segmentation to identify the possible car areas, which is simple but not a robust scheme. Since cars, which 

can be detected robustly, are relatively larger and clearer objects in images, a more robust scheme based on two stages is 

proposed. The first stage will detect car candidates using the AdaBoost algorithm, then the second stage detects car-plates 

in the respective car-region candidates. Experimental result show that our two-stage car-plate detection algorithm can work 

more efficiently and robustly.  

Although experimental results have proven that AdaBoost with Haar-like features can detect clear car-plates robustly. 

However, for the task of detecting small and blurred car-plates, the method has achieved unsatisfactory performance, in 

terms of both the detection rate and false alarming rate. The HOG feature has achieved good and robust performance on 

pedestrian detection [11], which is based on the fact that object appearance and shape can often be characterized well by 

the distribution of local intensity gradients or edge directions. Therefore, this feature can still represent the shapes of very 

blurred car-plates. Similar to pedestrian shapes, and motivated by [11], we propose using the HOG feature to replace the 

Haar-like feature for the detection. Our experimental results show that the AdaBoost+HOG method can effectively detect 

car-plates with a very low missing rate, and with a very high false positive rate. Currently, if the false alarming problem 

could be solved, then an efficient and accurate car-plate detection algorithm could be constructed. 

Analysing the problem of false alarming, we found it to be a challenging problem to train a classifier to distinguish some 

of the false objects, such as the car-fans, some text areas on the car body, and the real car-plates. By observation, we found 

that car-plates are usually located at a fixed position and with a constant size. Therefore, searching in certain pre-defined 

regions, for a constant size, can effectively help avoid the false objects. For the localization of the main components in a 

car, we propose using a landmark localization method, previously used for face applications. This car-face landmark 

localizer will locate the main components of cars, especially the car-plate. 

 
Figure. 3: Block diagram of our two-stage scheme for car-plate detection and car-plate color extraction 

Aided by the landmark-localization method, which can better detect/track the targeted object, the most important 

components, i.e. the car-plate and the car nameplate areas, can be extracted more accurately. This can help the next car-

recognition process become more accurate. In our application, we focus on the car-plate color extraction, which is a useful 

clue to detect car-plate areas more accurately. Although there are many variants of landmark-localization algorithms, for 

real-time applications, we have chosen a relatively faster algorithm proposed in [15]. Limited by its inherent capability, 

our training samples and the complex scene in out-door application, the car-face landmark localizer cannot extract the car-

face landmark points accurately. However, we can set constrains for the car-plate detector, which considers both the size 

range of car-plates and their possible locations. 



 

 
 

 

𝑝 = max
𝑝𝑐∈{𝐷𝑐𝑎𝑟−𝑝𝑙𝑎𝑡𝑒},𝑝𝑙∈{𝐿𝑐𝑎𝑟−𝑓𝑎𝑐𝑒}

{‖𝑃𝑐∩ 𝑃𝑙‖𝑜𝑣𝑒𝑟𝑙𝑎𝑝𝑝𝑖𝑛𝑔
2  𝑎𝑛𝑑  

‖𝑃𝑐∩𝑃𝑙‖𝑠𝑖𝑧𝑒
2

𝑃𝑙
}                                     (6) 

which can be formulated as an unconstrained optimization problem as: 

𝑝 = max
𝑝𝑐∈{𝐷𝑐𝑎𝑟−𝑝𝑙𝑎𝑡𝑒},𝑝𝑙∈{𝐿𝑐𝑎𝑟−𝑓𝑎𝑐𝑒}

{‖𝑃𝑐∩ 𝑃𝑙‖𝑜𝑣𝑒𝑟𝑙𝑎𝑝𝑝𝑖𝑛𝑔
2 + 𝜆

‖𝑃𝑐∩𝑃𝑙‖𝑠𝑖𝑧𝑒
2

𝑃𝑙
}                                       (7) 

where 𝜆 is a balance weight on approximated car-plate size and overlapping area. 

As the car-plate detector, which is also trained from AdaBoost + HOG scheme, is able to extract the car-plate sensitively 

but with high false positive objects; Once the car-plate detector constrained by the car-face landmark localization, the 

effect of "two heads are better than one" works, which give out a performance with both high accuracy and low false 

alarming. As shown in Figure. 4, there are many candidates detected as car-plates in the three images. However, with our 

car-face landmark-localization algorithm, most of the false positives can be removed, while the true positives can be 

detected. 

 

   

Figure. 4: Detection of car-plates from car-plate candidates. 

 

The block diagram in Figure. 3 illustrates our proposed two-stage scheme for car-plate detection and car-plate color 

extraction. Once a blurred car-plate is extracted accurately, its color can then be extracted easily. We take the cartoon part 

as the color part and texture part as characters. We utilize the method from [13] to decompose the blurred car plate into 

different components, in which we can extract the car-plate color for later car type decisions by a trained SVM (Support 

Vector Machine) classifier. The whole algorithm is described in Table-1. 

 

Two-stage scheme for car-plate detection and car-plate color extraction  

1: Input and detectors used: a captured video frame (1920x1080 RGB) from a traffic surveillance 

system, the AdaBoost+HOG trained car detector Dcar, and the AdaBoost+HOG trained car-plate 

detector Dcar-plate, and a random-forest trained car-face landmark localizer Lcar-face. 

2: For each input image, the car detector Dcar is employed to detect potential car candidates in the input 

image. 

3: For each detected car candidate, the car-plate detector Dcar-plate is used to detect potential car-plates 

located in the bottom half of the car region. There is a high probability that the car-plate is located in 

that region. 

4: For each detected car candidate, the car face landmark localizer Lcar-face is applied to extract the 

landmark points, in which the potential car-plate position can be obtained. 

5: Compare all the car-plate candidates detected by the car-plate detector Dcar-plate, the one which obtains 

the maximum value in (7) will be the best candidate. 

6: Extract the blurred car-plate located in Step 5. The cartoon texture decomposition method is used to 

extract the cartoon part, which represents the color information about the car plate. Then, the RGB 

color histogram is used to determine its color type using a trained SVM classifier;  

7: Output: the color type of an extracted blurred car-plate. 
Table 1: The major steps for the two-stage scheme for car-plate detection and car-plate color extraction. 



 

 
 

 

4. EXPERIMENTAL RESULTS 

Color from a blurred car-plate can be extracted from its decomposed cartoon components [13]. The two examples in 

Figure. 5 show the results of the cartoon + texture decomposition algorithm. We can see that the texture component 

contains the information about character and numbers in the car-plate, although the texts are difficult to recognize. 

However, the color of the car plates can be extracted and detected accurately, which is useful information for subsequent 

car-type classification in some applications. For vehicle classification and traffic control for monitoring systems, most of 

the current literature aims only at detecting/tracking vehicles, without recognizing car-plate numbers. Given the different 

types of vehicles on the road (sedans, trail trucks, buses, etc.), counting all the vehicles and identifying their types will 

definitely be beneficial to the intelligent traffic surveillance and controlling systems. Furthermore, for counting vehicles 

in a highway scene, efficient trackers are used in our vehicle-detection project. Most of the time, the cars on a highway 

seldom cross lanes and usually maintain a distance from the vehicles in front and at back for safe driving (i.e. occlusion 

problem can be neglected in this situation). This allows us to use a relatively simple object tracker, such as the compressive 

tracker from [16], which can work efficiently and accurately with our application. Our proposed algorithm can work on 

images of resolution 1920×1080 pixels, with a speed higher than 30 frames per second, in an Intel i7 personal computer. 

 

Samples Original Car-plate Cartoon Component Texture Component 

Blue  

car-plate 

   

Yellow 
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Figure. 5: Color extraction with cartoon + Texture Image Decomposition. 

5. CONCLUSIONS 

Real-time on-road intelligent vehicle algorithms are still facing many challenging problems, even though many researchers 

have put their efforts into vehicle detection and tracking, and many algorithms have been proposed. A highly robust and 

reliable system is yet to be researched and developed. No single method can completely solve all the problems with 

intelligent traffic monitoring. Therefore, in this paper, we have proposed an efficient and accurate algorithm for detecting 

and locating blurred car-plates, and then use a decomposition algorithm to detect the colour information in a detected car-

plate. The detected colour is useful for determining its vehicle type. The proposed approach can be a stepping stone to 

subsequent works on high-way surveillance systems. 
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