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Abstract. Quality control by artificial vision with applications in industrial man-

ufacturing is a challenging task due to the significant variability of surface de-

fects. In this work, we propose to use content based image retrieval CBIR to 

manage the large data produced by surface inspection systems. The performance 

of the CBIR system was evaluated using textural features extracted from NEU 

database that collects six kinds of surface defects of the hot-rolled steel strip. 

Different similarity measurements were used to retrieve the most similar images 

to the query image. The effectiveness of Wavelet based local binary patterns 

WLBP features was shown in the experimental results for the retrieval of surface 

defects. WLBP features using Chi square distance achieved the highest retrieval 

values compared to LBP, GLCM, and EHD features. 

Keywords: surface defects, CBIR, hot-rolled steel strip, textural features, fea-

ture extraction, wavelet, LBP, Chi square. 

1 Introduction 

In recent years, products of many industries such as aerospace, marine, automobile, 

iron and steel industry, electronics, and so on have made huge contributions to the de-

velopment of the global economy. The competitiveness of manufacturing industry has 

been accompanied by a large number of surface defects in the final products which is 

very costly and would lead to enormous economic and reputation losses. Hence, there 

have been an increasing surface quality control demands for the industrial manufactur-

ing [1-5]. Automatic surface inspection systems produce thousands of defect images on 

a daily basis. These huge image data are composed of various surface defects with large 

inter class similarities and intra-class diversities [4]. Therefore, it is very exhausting 

and time-consuming to analyze all these images on a daily basis. Content based image 

retrieval (CBIR) systems are suitable tools to handle this problem, since their perfor-

mance is accurate for large databases with the advantage of bringing human expertise 

in the decisions making step [6] [7]. The process of CBIR is based on analyzing the 

visual features of images database such as colors, shapes and texture [6] [8]. In this 

context, quality control experts use images of serious defects as queries and train the 
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CBIR system employing features extraction techniques and similarity measurements to 

retrieve images that look similar to the queries [9] [7]. This will give the experts an 

overview of the defects occurred in the production lines which will allow them to refine 

the performance in the future. The industrial surface inspection is mainly a texture anal-

ysis problem [2] [4]. Scholars have conducted significant research to inspect local tex-

tural irregularities on different types of surfaces such as Steel, stone, textile, wood, and 

ceramic tiles [1-5]. Publications of the last 3 decades classified texture feature descrip-

tion approaches into four categories, including statistical approaches, filtering based 

methods, model-based methods, and methods based on machine learning [1-5]. The 

local binary patterns LBP are a widely used statistical method for describing local tex-

ture features of an image by comparing the gray values of every pixel with its neighbors 

[10]. Many LBP variants have been developed to extract features of various surface 

defects from images of steel strips [11-14].  In this paper, we present a wavelet based 

LBP Method WLBP to extract features from hot-rolled steel strip database for an ef-

fective retrieval and detection of surface defects. 

2 Content based image retrieval 

Content based image retrieval CBIR has become an active research field in computer 

vision. Research interest in this field has increased due to the deployment of large image 

databases in various professional fields. Accessing requested images from these large 

and varied image databases is fundamental for the users. Content-based means that the 

search will analyze the visual features of the image such as colors, shapes, and texture 

[6]. CBIR systems are created to retrieve images that are visually similar to a query 

image using two steps [6] [8]: 

 Feature Extraction: The first step in the process is extracting features from the 

image database, allowing the database indexing.  

 Matching and comparison: The second step involves matching and comparing 

these features to yield a result that is similar to the query.  

Texture is the most important describing features of industrial surface inspection im-

ages [1-5]. It is essentially characterized by the spatial distribution of gray levels in a 

neighborhood. Textured image contains important information about the structural ar-

rangement of the surface, and the relationship of the surface to the surrounding envi-

ronment [8]. 

3 Local binary pattern  

The local binary pattern LBP is a widely used method for describing local texture fea-

tures of an image by comparing the gray values of every pixel with its neighbors. LBP 

was first introduced by Ojala et al [10]. The original LBP descriptor is defined in a ͵ ×͵ window. It uses the gray value of the center pixel ሺgୡሻ as a threshold for its 8 neigh-

bors ሺ g଴, . . . , g7ሻ. If the gray value of a neighbor pixel is higher or equal to the threshold 

than 1 is assigned to this pixel, otherwise it gets 0. The eight binary values will be 

concatenated in a clockwise direction to form a binary number. Then, the LBP code of 
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the center pixel gୡሺxୡ, yୡሻ is obtained by converting the binary number into a decimal 

number using Equation 1. An example of LBP operator is shown on Fig. 1. The local 

texture features of the whole image can be described by computing the 256 bins histo-

gram of the LBP codes. LBPሺxୡ, yୡሻ = ∑ ʹn7n=଴ sgnሺgn − gୡሻ                               (1) 

where, sgnሺgn − gୡሻ is the sign function defined as sgnሺgn − gୡሻ = { ͳ  , gn ≥ gୡ     Ͳ , gn < gୡ                                             (2) 

 
 

 

 

 

 

 

 

 

 

 

 

 

                        Fig. 1. Example of LBP operator. 

4   Image Retrieval Using Wavelet Based Local Binary Patterns  

Wavelet transforms have been commonly used in different applications, such as image 

denoising [15], clustering [16], and features extraction [17-19]. The result of the wave-

let transform is a multilevel decomposition of the image into approximation and details 

coefficients [20]. In this paper, we extract textural features using local binary patterns 

of the wavelet sub bands. This feature extraction method is the first step of the CBIR 

process, it consists of the following tasks: 

 

1) Multilevel decomposition of the images via Haar based Discrete Wavelet Trans-

form DWT [20]. 

2) Computation of LBP codes of the wavelet coefficients (approximation and de-

tails). 
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3) Concatenation of LBP feature vectors of all DWT coefficients to form a single 

feature vector for each image. 

The second step of the process is to compute the similarity between the feature vector 

of the query image and feature database of the selected descriptor. The similarity 

measures are then stored and sorted in increasing order and the most similar images are 

displayed as a retrieval result. The diagram of the proposed image retrieval process is 

presented in the following figure: 

 

 

 

 

 

 

 

 

 

 

 

 

  

Fig. 2. Diagram of the proposed image retrieval system.  

5   Experimental Results 

In this section, the performance of WLBP features for content based image retrieval is 

compared with other feature extraction methods, namely Gray level Co-occurrence ma-

trix (GLCM) [21], Edge Histogram Descriptor (EHD) [22], and the original LBP [10].  

We select NEU Surface Defect Database that includes 1,800 gray scale images for ex-

periments [11]. It is an open source dataset comprising six kinds of typical surface de-

fects of the hot-rolled steel strip with 300 images for each defect, i.e., Crazing (Cr), 

Inclusion (IN), Patches (PA), Pitted Surface (PS), Rolled-in Scale (RS), and Scratches 

(Sc).  Fig. 3 presents samples of the hot-rolled steel surface defects on NEU database. 

Features databases are constructed by extracting images features from NEU Surface 

Defect Database using LBP, GLCM features, EHD, and LBP of DWT coefficients. 
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5.1   Similarity Measurement 

We have used Euclidean distance, histogram intersection, Bhattacharyya, and Chi 

square distance, that are commonly used to measure the similarity between histograms 

[23] [24]. These distances are obtained as follows. 

 

Fig. 3. Steel defects on NEU surface defect database including, from left to right, Rolled-In Scale, Patches, 

Crazing, Pitted Surface, Inclusion, and  Scratches [11]. 

The Euclidean distance is defined as [25]: 

 

 

where, q is the query image feature vector and x is a vector from features database. N represents the total number of element in each feature vector. 

The histogram intersection distance is defined as [24]: D(hist୯, hist୶) = ∑ min ሺN୧=ଵ hist୯ሺiሻ, hist୶ሺiሻሻ                    (4) 

where, hist୯  is the histogram-based feature vector of the query image, and  hist୶ is 

a vector from the histogram-based features database. 

The Bhattacharrya distance between two histograms is defined as [25]: 

DB୦a୲୲aୡ୦a୰୷୷a(hist୯, hist୶) = √ͳ − ∑ √୦୧ୱ୲qሺ୧ሻ.୦୧ୱ୲xሺ୧ሻ√∑ ୦୧ୱ୲qሺ୧ሻ.∑ ୦୧ୱ୲qሺ୧ሻN୧=ଵ                    (5)                           

The Chi square distance between two histograms is defined as [24]: 

DE୳ୡ୪୧ୢୣanሺq, xሻ = √∑ ሺq − x୧ሻଶN୧=ଵ          
         (3) 

Dୡ୦୧ ୱ୯୳a୰ୣ(hist୯, hist୶) = ଵଶ ∑ ሺ୦୧ୱ୲ qሺ୧ሻ−୦୧ୱ୲xሺ୧ሻሻ2ሺ୦୧ୱ୲ qሺ୧ሻ+୦୧ୱ୲xሺ୧ሻሻN୧=ଵ          
    (6) 
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The distances are then stored and sorted in increasing order based on similarity distance 

and most similar images are displayed as a retrieval result. 

5.2 Performance evaluation metrics 

We have evaluated the retrieval system using the Mean Average Precision (MAP) 

which is one of the most used metrics in literature to measure the retrieval performances 

[26]. It is computed as the mean of average precision values for each query. The math-

ematical representations of the Precision, the Average Precision, and the Mean Average 

Precision are given below: 

 Precision (P) is equivalent to the ratio of retrieved relevant images to the total 

number of retrieved images N: Pሺkሻ = ͳN ∑ relevantሺkሻN
୩=ଵ  

(7) 

where, relevant (k) is a function that returns 1 if the image at position k is rele-

vant, and returns 0 otherwise. 

 The Average Precision (AP) is calculated for a single query by averaging the 

precision values at each relevant image: 

AP = ∑ Pሺkሻ. relevantሺkሻN୩=ଵnumber of relevant images (8) 

 The MAP for a set of queries Q is given by: 

MAP = ∑ APሺqሻQ୯=ଵQ  
 (9) 

5.3 Retrieval Results 

Experimental results of the proposed system are presented in Table 1. For each de-

scriptor, all images were chosen one by one as a query image and top 10 images were 

retrieved based on Euclidean distance, Histogram intersection, Chi square, and 

Bhattacharyya distance. For the WLBP, we have tested up to three levels of the DWT 

decomposition using Haar wavelet.  

According to Table 1, best results in terms of similarity measures were obtained using 

Chi square, and Bhattacharyya distance. It has been shown that LBP features achieve a 

good MAP value of 90.26 %; it outperforms both EHD and GLCM features with a 

MAP difference of about 20 %. Further experiments on WLBP demonstrate the supe-

riority of this descriptor over the previously tested descriptors. Two decomposition lev-

els of the WLBP using Chi square distance yields the highest value of MAP with an 
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improvement of 3 % compared to the results of LBP features. However, a decrease in 

performance has been detected when using more than two decomposition levels. 

Table 1. Comparison of MAP@10 of the selected descriptors using different similarity 

measures 

DISTANCE 

METRICS 
GLCM EHD LBP 

WLBP 

1 level 

WLBP 

2 levels 

WLBP 

3 levels 

Euclidean  

distance 
0.3721 0.6467 0.8933 0.9104 0.9103 0.9116 

Histogram  

intersection 
0.4438 0.6869 0.8211 0.8314 0.8083 0.8283 

Bhattacharyya 0.6834 0.7032 0.9026 0.9236 0.9298 0.8871 

Chi square 0.5200 0.7081 0.8959 0.9216 0.9329 0.9170 

 

More experiments have been done to assess the performance of the descriptors on each 

defects class. Table 2 illustrates the MAP values of the top 10 images retrieved based 

on the Chi Square distance. The CBIR systems using LBP, 1 level WLBP, and 2 levels 

WLBP  features succeed to retrieve all images from the defects class “Rolled in scale” 
with a MAP value equals to 100%. Two levels WLBP yields the highest MAP values 

for the classes of Crazing and Patches. The best results for the class of Pitted surface 

have been achieved by LBP features. However, EHD outperforms the other descriptors 

in retrieving images of “inclusion”, it achieves a MAP value equals to 94.66 % which 
is higher by more than 7% compared to the closest results obtained by 2 levels WLBP. 

In addition, even though the total MAP using GLCM features is the worst with a value 

of 52 %, these features achieve the best MAP score for the class of Scratches. The MAP 

value of GLCM features is 7 % higher compared to the closest result obtained by 3 

levels WLBP. 

Table 2. Comparison of retrieval results based on map@10 for different defect classes using 

chi square. 

 
MAP@10 Using Chi Square distance 

Defect Classes GLCM EHD LBP 
WLBP 

1 level 

WLBP 

2 levels 

WLBP 

3 levels 

Crazing 0.4664 0.8498 0.9680 0.9940 0.9996 0.9979 

Inclusion 0.3697 0.9466 0.8521 0.8677 0.8690 0.8583 

Patches 0.4707 0.4985 0.8494 0.9346 0.9829 0.9485 

Pitted surface 0.3272 0.4219 0.9453 0.9413 0.9239 0.8712 

Rolled in scale 0.5891 0.8709 1.0000 1.0000 1.0000 0.9988 

Scratches 0.8969 0.6607 0.7607 0.7917 0.8222 0.8274 

Whole database 0.5200 0.7081 0.8959 0.9216 0.9329 0.9170 
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Retrieval results of a query from the class of patches defects using LBP and 2 levels 

WLBP are shown in Figure.4 and Figure.5 respectively. Similarity measures using Chi 

square distance are displayed below each image. The CBIR system using LBP features 

is not effective for the selected query according to Fig. 4, since it retrieved only 4 rele-

vant images including the query. This retrieval result presents confusion with the class 

of Crazing defects. The wavelet based LBP performs better with 10 relevant images out 

of 10 retrieved as shown in Fig. 5.  

 

Fig. 4. Image retrieval results for a query (top-left image) of the defect class (Patches) using LBP 

features. 

 

Fig. 5. Image retrieval results for a query (top-left image) of the defect class (Patches) using 

WLBP features. 

 ✔                           ✔                          Χ                         ✔                         ✔  

 

     Χ                              Χ                           Χ                          Χ                          Χ 

  

 ✔                             ✔                          ✔                         ✔                         ✔  

✔                             ✔                          ✔                        ✔                          ✔  
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To further evaluate the retrieval performance, top 10, 20, 30, 40 and 50 images of the 

CBIR system using 2 levels WLBP features are retrieved. MAP value is calculated for 

all the retrieved images of the NEU database based on Chi square, and Bhattacharyya 

distance. As summarized in Table 3, the best results were obtained using the Chi square 

distance. In addition, 2 levels WLBP features retain their effectiveness for the entire 

scope with a MAP value that’s greater than 83%. 

Table 3. Performance of the wlbp features at five top ranks (10, 20, 30, 40, 50) 

 

 

 

6 Conclusion 

In this paper, content based retrieval for industrial images of surface inspection was 

addressed. We compare the retrieval performance of CBIR system using features of 

LBP, GLCM, EHD, and WLBP. The promising results on the database of hot-rolled 

steel strip surface defects demonstrate the effectiveness of WLBP features using Chi 

square distance for industrial images retrieval. Two levels of WLBP outperform the 

other textural based features and achieve significantly higher mean average precision, 

especially for the defects classes of Crazing, Patches, and Rolled in scale. In future 

work, we plan to further boost the retrieval performance by combining descriptors and 

using features selection techniques. Also, more industrial databases will be considered 

for evaluation.  
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