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Abstract 

We have investigated the real world-task of leather inspection concepts in this work. 

The aim is to improve the way to activities within the process of wet blue leather 

classification in the Brazilian tanning plants. The recognition of defects generators  that 

depreciate the leather has been performed by an approach based on digital image 

processing using a fast Fourier transform and the obtained data were fed into a KDD 

tool for the construction of decision tree (C4.5 Algorithm) to formulate a classification 

to solve the Brazilian tanning plants problems. It first develops related theories to 

improve the feasibility to model the classification by capturing images and processing 

them to count the defects. It then proposes the tree use to generate an algorithm to 
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describe and automate the process. A case study is discussed to illustrate the 

effectiveness and the discriminatory performance of the proposed decision algorithm. 

Keywords: Image processing, Decision tree, Machine learning, Classification. 

1. Introduction 

The globalization effects on emerging countries have given them the label of 

commodities exporters. The expectations of sharing the world market, commercializing 

products in higher levels of aggregated value, motivated by an increasing global 

competition, has occurred only in the area of importations of the so called global 

products. The gap of knowledge presented by the Brazilian productive system 

concerning technology, management and quality, together with the MNC´s 

(Multinational corporations) tradition on international trading, weakened the position of 

the best national firms. Changes on processes and operation systems, the use of 

automation technologies, have decreased the participation of Brazilian investments on 

the domestic market also co-operating to decrease the employment level bringing other 

types of social problems to be solved. Some of the modern firms evolved towards 

higher levels of competitive conditions, working concepts such as world products and 

making use of very sophisticated technologies and management tools. However, most of 

the remaining firms stay precariously in the business without investments in technology 

and, therefore, in a low level of competitive power, still commercializing commodities 

or semi-finished products. 

The digital image processing and decision trees to generate the algorithm proposed are 

the base to build a type of ―machine vision‖, to be developed using new technologies 

available, to perform activities within the process of classification of wet blue leather. 

Its main function is to classify cattle leather right after the chemical treatment of 



tanning, aiming the increase of quality standards. The classification occurs after the very 

first stage of the production process, on the semi-finished product called wet blue. One 

piece at a time is stretched over a special table and one specialist takes a visual 

inspection on the leather surface for around 30 and 60 seconds. The specialist then 

evaluates the quality and assigns the piece a grade between 1 and 8, writing it with a 

chalk on its surface. According this scale, one piece of leather graded 1 would present 

the best ―value‖ for quality while the other limit would refer to the worse quality. It is 

also commonly used to classify "R" for parts as scrap. 

The procedure described above is quite arguable because of its large level of uncertainty 

and this fact represents the main reason behind the existing commercial problems 

between tanning plants and their customers, primarily in the case of exportation‘s. The 

solution presented in this work will support decisions to help the leather industries to 

firm precisely what they are really doing in terms of quality of good products, creating a 

valuable basis to support commercial negotiations in a more realistic way, instead of 

making use of speculative arguments as up to now. The new procedure proposed, 

intends to analyze electronically the leather through the use of one digital optical 

system, mapping the defects on each piece and obtaining the correspondent 

classification or grade. In addition, the leather mapping allows the application of more 

specialized methods to optimize the working area on it, decreasing rejects and the 

related environmental problems. 

The research was based on a set of 100 pictures samples (2Mpixels deep each) collected 

on a tanning company. The samples are divided in 20 frames of each classification 

starting on 5 (Best quality in Brazil), followed by 6, 7, 8 and R (Worst quality).  



The software developed for the ―machine vision‖, to reach the expected results, as 

assigned by PARKER (1993), and IFEACHOR, (1993), is based on a sequence of steps, 

considering the image acquisition, application of the fast Fourier transform to obtain the 

complex image, apply the filters combinations and finally apply the inverse fast Fourier 

transform to obtain as result the final filtered image. After, these steps are sequentially 

applied to all the images samples collected in a selected tanning company. This made 

possible the construction of a relational database containing data about the full number 

of pixels plotted in the processed images.  

The software learning scheme adopted in the research is a classifier. The output from 

this type of learning scheme is, literally, a classifier - usually in the form of a decision 

tree or set of rules that can be used to predict the classification of a new data instance. 

One attribute in the input table is designated as the category or class for prediction; the 

rest of the attributes may appear in the ―if‖ portions of the rules (or the non leaf nodes of 

the decision tree) Holmes et al, (1994); Garner et al, (1995). At this stage the rule base 

is ready to be transferred to the software and can be used to perform operations on data 

to inference in order to reach the appropriate conclusion on leather quality. 

In recent years, a wide variety of machine learning and knowledge discovery techniques 

have been used for rule induction in many different science disciplines (Dmeroski, 

2002). These techniques include commonly used data mining tools such as neural 

network (Fu, 1999), decision tree (Quinlan, 1992), and rough sets (Pawlak & Slowinski, 

1994). A major advantage of using such techniques is that they are mostly data driven, 

nonparametric and less restrictive in a priori assumptions. 

For example, decision tree is better suited for non-normal and non-homogeneous 

dataset. The rough set is usually preferred for its ‗‗non-invasive‘‘ approach because it 



does not require any distribution assumption (Düntsch & Gediga, 1998). Given 

asymmetrical distribution of the classification grades, the decision tree approaches are 

the appropriate tool because of their non-parametric stance. 

Decision tree are often considered to have better knowledge representation structure in 

term of deriving meaningful decision rules (Daubie, Levecq, & Meskens, 2002). The 

extracted rules are easily interpretable allowing complex relationships to be represented 

in an intuitive and comprehensible manner. The rules establish a relationship between 

descriptions of objects by attributes and their assignment to specific class. Moreover, 

the rules can be used for the classification of new objects (Krusinska, Slowinski, & 

Stefanowski, 1992).  Decision tree also eliminates superfluous or redundant attributes to 

determine significant attributes for classification. 

2. The fast Fourier transform 

A fast Fourier transform (FFT) is an efficient algorithm to compute the discrete Fourier 

transform (DFT) and it‘s inverse. FFTs are of great importance to a wide variety of 

applications, from digital signal processing to solving partial differential equations to 

algorithms for quickly multiplying large integers. P. Duhamel and M. Vetterli (1990), 

describes the algorithms, of which there are many. 

Let x0, ...., xN-1 be complex numbers. The DFT is defined by the formula (1) 
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         k = 0,…, N-1.                   (1) 

Evaluating these sums directly would take O (N2) arithmetical operations. An FFT is an 

algorithm to compute the same result in only O (N log N) operations. In general, such 



algorithms depend upon the factorization of N, but (contrary to popular misconception) 

there are O (N log N) FFTs for all N, even prime N. 

Since the inverse DFT is the same as the DFT, but with the opposite sign in the 

exponent and a 1/N factor, any FFT algorithm can easily be adapted for it as well. 

3. Image Filters 

The applied filters Techniques are based on image transformations ―pixel by pixel‖, 

using matrix masks, were are considered the gray levels of the neighborhood pixels 

(GONZALES & WOODSD, 1993). 

4. Knowledge Database Discovery 

Knowledge Discovery in Databases brings together current research on the exciting 

problem of discovering useful and interesting knowledge in databases. It spans many 

different approaches to discovery, including inductive learning, Bayesian statistics, 

semantic query optimization, knowledge acquisition for expert systems, information 

theory, and fuzzy sets. 

Data mining is the process of discovering previously unknown and potentially 

interesting patterns in large datasets (Piatetsky-Shapiro and Frawley, 1991).  

The ‗mined‘ information is typically represented as a model of the semantic structure of 

the dataset, where the model may be used on new data for prediction or classification. 

5. Database Classification 

The output from this type of learning scheme is, literally, a classifier—usually in the 

form of a decision tree or set of rules that can be used to predict the classification of a 

new data instance. One attribute in the input table is designated as the category or class 



for prediction; the rest of the attributes may appear in the ―if‖ portions of the rules (or 

the non leaf nodes of the decision tree). 

6. Results 

The proposed algorithm, embedded in prototype software, has been tested in a leather 

tanning plant located in Franca, one of the Brazilian footwear cluster. The results 

obtained from the test, involving the inspection and classification of a sample with 100 

pieces of leather. To do so, the experimental test has been done to classify the sample 

using two methods, e.g. one using visual classification and the other performed 

automatically by the software. 

The Figure 1(a) shows, as example, an original frame collected and the Figure 1(b) 

shows the same picture already processed using the FFT with high resolution of the 

filters. Figure 1(c) shows the same picture processed using the FFT with low resolution 

of the filters. 

 

Fig. 1.  (a) Original frame of a sample, (b) Image obtained after processing the sample 

with high resolution filter, (c) Image obtained after processing the sample with low 

resolution filter.  

Based on this processed pictures, a relational database, with all data compiled by the 

100 samples, was created and converted to be compatible and applied to the classifier 

engine. We used C4.5 learning scheme implemented as J48 class in Weka (Witten & 

Frank, 2005) – a machine learning workbench which includes a framework in the form 



of Java class library. Initially, we evaluate the worth of an attribute by measuring the 

information gain ratio with respect to the class. 

The software ―Weka‖ gives as response a classification tree, in an ―IF Then Else‖ stile 

with a total of 16 rules as follow, where the PixX values represent the high resolution 

values of pixels obtained from samples and PixY are the low resolution values of pixels 

obtained. These rules are codified and, in the sequence, inserted in the software, 

complementing the process of point counting, and give the final engine to support the 

decision and determination of the classification of leather. Fig. 2 shows the unpruned 

tree resulting from C4.5 classifier. The tree consists of 31 nodes with 16 terminal 

leaves. Clearly, the tree shows the importance of defects variables: 

=== Classifier model (full training set) === 

J48 pruned tree 

------------------ 

PixX <= 7261 

|   PixY <= 4799 

|   |   PixX <= 5923: 6 (16.0/8.0) 

|   |   PixX > 5923 

|   |   |   PixY <= 4752: 5 (3.0/2.0) 

|   |   |   PixY > 4752: 8 (4.0/1.0) 

|   PixY > 4799 

|   |   PixX <= 6589 

|   |   |   PixY <= 4837: R (2.0) 

|   |   |   PixY > 4837 

|   |   |   |   PixY <= 4942: 5 (8.0/2.0) 

|   |   |   |   PixY > 4942 

|   |   |   |   |   PixY <= 5010: 8 (7.0/3.0) 

|   |   |   |   |   PixY > 5010: 5 (12.0/6.0) 

|   |   PixX > 6589 

|   |   |   PixY <= 5288 

|   |   |   |   PixY <= 5212 

|   |   |   |   |   PixY <= 4975: 7 (3.0/1.0) 



|   |   |   |   |   PixY > 4975: 8 (5.0/1.0) 

|   |   |   |   PixY > 5212: 7 (4.0/1.0) 

|   |   |   PixY > 5288 

|   |   |   |   PixY <= 5404 

|   |   |   |   |   PixX <= 6844: 6 (3.0/1.0) 

|   |   |   |   |   PixX > 6844: R (2.0) 

|   |   |   |   PixY > 5404 

|   |   |   |   |   PixY <= 5501: 5 (6.0/1.0) 

|   |   |   |   |   PixY > 5501 

|   |   |   |   |   |   PixX <= 7081: R (3.0/1.0) 

|   |   |   |   |   |   PixX > 7081: 6 (3.0/1.0) 

PixX > 7261: 7 (19.0/4.0) 

 

 

Fig. 2. Decision tree generated by C4.5 algorithm. 

The predictive performance of the tree is measured using ‗‗Leave-one-out‘‘ stratified 

cross-validation method. The tree classifier correctly classified 77, 0 % instances with 

only 23 instances misclassified (33, 0%). Table 1 shows the obtained classification 



results, including the correct classifications obtained using the prototype application 

using the embedded algorithm.  

Table 1. Comparing of visual and electronic classification of the leather samples using 

the developed software. 

Visual 

Classification of 

Samples 

(20 of each one) 

Correct 

Electronic 

Classification of 

Samples 

% of software 

correct 

classifications 

5 18 90 % 

6 12 60 % 

7 19 95 % 

8 10 50 % 

R 8 40 % 

Total of Samples 77 samples 77 % 

 

7. Discussion 

The cycle time to classify and to measure each piece by 1 operator and 4 assistants has 

been taken close to 43 seconds. To do the same job, in the present stage of development, 

the automate system lasts around 20 seconds to classify and measure by using of 

electronic processing devices and reach 77,0 % of correct classifications comparing to 

human experts, the other 33,0 % are composed by considered ―incorrect classifications‖.  



The incorrect classifications have two groups considered important: (1) group of closer 

classification (One point up or down from the desired target) and; (2) The far 

classification Group (Two or more points far from the desired target).  

In this case, we must observe the subjectivity of the human process, and we can 

consider a closer classification like correct. This scenario gives a better result, closer to 

88%. However, it is important to take in account that the equipment used to do the 

experiment was one personal laptop without any special feature to enhance its 

performance, and the database used, based on 100 samples, must be increased in 

number of samples to reach a more complete decision tree corresponding a more 

accurate classification. Thus, it is reasonable to say that using another computer system 

with high performance should with certainty reduce to an estimate value of 10 seconds, 

suitable to this type of activity. As we can see, the system rule base responds in a better 

way to samples corresponding to classifications between 5 and 7, and the error increases 

to the classifications 8 and R, were the level of defects is higher and we have a worst 

advantage in the use of this leather in the productive process. 

8. Conclusion 

As a conclusion from the reasons presented in this paper, there are many related 

elements that could justify the adoption of one or more units of the ―machine vision‖ to 

improve quality of wet blue leather produced by the tanning plants, aggregating value to 

the products been sold in the domestic and foreign markets. 

Another important gain refers to the development itself and the knowledge of a new 

technology like that, adjusted to the economic capacity of Brazilian firms. There are 

many other possibilities available in the market to perform such a task; however the 

prices are still too much expensive, besides the fact that usually it generates a type of 



technology dependence in terms of adopting one unique machine and its maintenance. 

Therefore, with the knowledge and range to specify the types of defects presented by 

the leather, besides one more detailed cost-benefit analysis and study to fulfill the needs 

to design and produce a ―machine vision‖, it becomes possible to obtain a more uniform 

classification of leather being produced by tanning plants and increasing the quality 

level of the material to be used downright by other firms within the productive chains. 

9. Acknowledgments  

The authors wish to thank the Paulista University - UNIP, for support to the Production 

Engineering Post Graduation Program Chain meat-leather and footwear research group 

and the National Research and Development Council – CNPq for the financial support. 

References 

Daubie, M., Levecq, P., & Meskens, N. A comparison of rough sets and recursive 

partitioning induction approaches: An application to commercial loans. International 

Transactions in Operational Research, 9, 681–694, 2002. 

Dmeroski, S. Applications of KDD methods in environmental sciences. In W. Kloesgen 

& J. Zytkow (Eds.), Handbook of data mining and knowledge discovery. Oxford: 

Oxford University Press, 2002. 

Düntsch, I., & Gediga, G. Statistical evaluation of rough set dependency analysis. 

International Journal of Human–Computer Studies, 46, 589–604, 1998. 

Fu, L. M. Knowledge discovery based on neural networks. Communications of the 

ACM, 42(11), 47–50, 1999. 



Garner, S.R., Cunningham, S.J., Holmes, G., Nevill-Manning, C.G. and Witten, I.H. 

―Applying a Machine Learning Workbench: Experience with Agricultural Databases.‖ 

Proceedings of the Machine Learning in Practice Workshop, 12th International Machine 

Learning Conference (Tahoe City, CA, USA). Available at 

<URL:http://lucy.cs.waikato.ac.nz/~ml/publications/1995/ arner95-imlc95.ps.gz> , 

1995. 

Gonzales, Rafael & Woodsd, Richard. Digital Image Processing, Addison- Weslley 

Publishing Company, 1993. 

Holmes, G., Donkin, A. and Witten, I.H. ―WEKA: A Machine Learning Workbench.‖ 

Proceedings of the Second Australia and New Zealand conference on Intelligent 

Information Systems, Brisbane, Australia.  Available at 

<URL:http://lucy.cs.waikato.ac.nz/~ml/publications/1994/olmes-ANZIISWEKA.ps.gz> 

, 1994. 

IFEACHOR, Emmanuel C. and Jervis, Barrier W. Digital Signal Processing. Addison-

Wesley Publishing Company, 1993. 

Krusinska, E., Slowinski, R., & Stefanowski, J. Discriminant versus rough set approach 

to vague data analysis. Applied Stochastic Models and Data Analysis (8), 43–56, 1992. 

P. Duhamel and M. Vetterli, "Fast Fourier transforms: a tutorial review and a state of 

the art," Signal Processing 19, 259–299, 1990. 

Parker, J.R. Algorithms for image processing and computer Vision. Addison –Wesley 

Publishing Company, 1993. 

Pawlak, Z., & Slowinski, R. Rough set approach to multi-attribute decision analysis. 

European Journal of Operational Research, 72, 443–459, 1994. 



Piatetsky-Shapiro, G., and Frawley, W.J., Knowledge Discovery in Databases. Menlo 

Park, CA, AAAI Press, (1991). 

Quinlan, J. R. C4.5: Programs for machine learning. San Mateo, CA: Morgan Kaufman, 

1992.  

Witten, I. H., & Frank, E. Data mining: Practical machine learning tools and techniques 

(2nd Ed.). New York: Morgan Kaufmann, 2005. 


