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Computer Vision-based Wood Recognition System Jing Yi Tou, Phooi Yee Lau1, Yong Haur Tay* Computer Vision and Intelligent Systems (CVIS) Group Faculty of Information and Communication Technology Universiti Tunku Abdul Rahman (UTAR), Malaysia *[email protected] ABSTRACT Wood recognition is widely used in various areas and environments, e.g. construction industry, manufacturing, and ecology. The job is still being carried out mostly by wood identification experts until the present. Current implementations for wood recognition on computer systems are mainly desktop-based. Furthermore, they are not implemented using artificial intelligence techniques due to the variance between samples for a same species that could cause difficulties for obtaining accurate results. The paper studies the experimental results of the computer vision-based wood recognition using the Grey-level Co-occurrence Matrices (GLCM) and Multi-layer Perceptron (MLP) technique. The GLCMs are generated to obtain five features: contrast, correlation, energy, entropy, and homogeneity, from the wood images. The two experiments give recognition rates of 72% and 60% respectively on 25 test images on five different wood species. The results show that the GLCM can extract similar features for the same species regardless of the orientation of the input image, and allows the MLP to classify the species of wood accurately.



1.



INTRODUCTION



Wood recognition is an implementation on identifying the different species of woods provided with the images captured for the wood samples or the characteristics observed. This is important as different species of wood has different characteristics and features, these might affect the results or products when they are used for different purposes. In the industry, wood material must be examined before it is selected to produce a product. In the construction industry, choosing and ensuring the right wood to be used is very important. If wood materials which are not strong enough are used at critical areas such as the roof truss, part of the house may collapse after a period of time [1]. Similarly, the manufacturing of wood products such as tables, chairs and cupboards must also be using wood material of a certain quality. The safety issue of these products is important, collapsing house and chairs that suddenly break might cause serious injuries or even led to fatal results, therefore the type of wood used must be properly chosen and verified. Certain species of wood might be endangered and they are banned from being 1



exported to other countries. However, they might be mixed in piles of woods from other species. The process of examining every unit of wood by a human inspector can be tedious and time consuming, therefore it may not be feasible if the customs need to check and identify the species before they are exported out of the country or into a certain country [1]. Manufacturers can also use the technique to check and verify whether the wood materials acquired are from the correct species, as different type of wood species will have different value, verification of the species is important to avoid unnecessary loss for the manufacturers. Identifying of wood species can be used in other fields, such as determining type of the wood fragments from a crime scene, determining the material used in an ancient architecture or tool, understanding the ecology and geological information of an area to study the relationship between species, identifying a wood material from existing objects to obtain the same type of material and more [1]. Currently, wood recognition is mainly done by well-trained wood experts. However, it takes a long period of time to train a wood expert which is qualified to identify wood species with high accuracy. Wood experts are not abundant in the market today to meet the demand in the industry which involves in raw wood identification. Computer vision is used in some recognition problems such as face, handwriting, character, texture and etc. A PC-based wood recognition system such as the existing KenalKayu, which means “Wood Recognition” has been developed and tested on 20 species of wood, achieving a recognition rate of 90.81% [1]. The system has less mobility, although it can be used on laptops, but setting up the system is still tedious as cameras are attached. A specially designed embedded system will solve the problem by placing everything needed into one box, where it can be easily taken into various environments. Many problems have to be considered along the development process of the system as texture recognition has a few difficulties to be focused on. If a same type of texture is captured by the camera within the same orientation and distance. Using computer vision, different orientation and distance of a captured texture image will be distinct and different to the computer, so it will cause difficulty for the computer to recognize the textures [2]. The primary objective of this paper is to explore the possibility of developing a system which is able to perform automated wood recognition based on wood anatomy onto
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an embedded system using neural networks. This paper is expected to achieve three goals: 1. To develop a computer vision system that is able to give reliable wood identification based on its macroscopic features in real-time mode; 2. To recognize macroscopic features on the cross section of the wood, such as vessels and pores using neural networks for verification on identification; 3. To integrate the system onto an embedded system platform designed for computer vision applications.



2.



METHODS



In this paper, the Grey Level Co-occurrence Matrices (GLCM) method will be used as feature extraction to extract the textural features from the input images, the features extracted will be fed into a Multi-layer Perceptron (MLP) as a classifier to classify the wood species. The flow of process is shown in Figure 2.1.



value of the adjacent pixel next to the reference pixels. As shown in Figure 2.3, the GLCM will be defined as a G×G matrix for images with G grayscale values, where the vertical axis represents the reference pixel and the horizontal axis represents the neighborhood pixels. To calculate the respective neighborhood pixels, it is the total number of pixels which is having a spatial distance d defined earlier from the reference pixel on the defined direction. On the top example, the direction is 0 degrees (or horizontal) and the spatial distance is 1 pixel, therefore it could be calculated that the count for reference pixel “1” with adjacent pixel “1” is 2 and 1 for adjacent pixel “3”, and so on. For the below example, the direction is 45 degrees and the spatial distance is also 1 pixel, e.g. the count of reference pixel “5” where the adjacent pixel for 45 degrees is “2” is 2. Many GLCMs with different directions and spatial distances could be generated to solve a particular problem.



Figure 2.1: GLCM and MLP method.



2.1 Grey Level Co-occurrence Matrices (GLCM) The GLCM has been a technique used in textural analysis, the GLCM generated provides information of the relationship between grey-scaled pixels values of the image, therefore many textural features could be extracted from the GLCM. This technique has been used on various textural analysis problems [3], including rock texture recognition [4].



Figure 2.3: Example of generating GLCMs. The GLCMs are represented by Cd(m,n) where d is the spatial distance between two pixels where the first pixel is having the grey-scaled value of m, and the second pixel is having the grey-scaled value of n. The joint probability density function normalizes the GLCM by dividing all its elements by the total number of pairs of pixels used for calculation, which is represented as p(m,n) =



Figure 2.2: 4 directions for generation of GLCM. To generate a GLCM, there are four directions that could be focused on during the generation of the matrix, which are 0 degrees (or horizontal) direction, 45 degrees direction, 90 degrees (or vertical) direction, and 135 degrees direction as shown in Figure 2.2. The direction and spatial distance from the reference pixel x will be defined, such as 1 space for horizontal direction is to check the
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When the GLCM is generated, there are a total of 14 textural features that could be computed from the GLCM, such as contrast, variance, sum average, and etc. The five common textural features discussed here are contrast, correlation, energy, homogeneity, and entropy. Contrast is used to measure the local variations, correlation is used to measure probability of occurrence for a pair of specific pixels, energy is also known as uniformity of ASM (angular second moment) which is the sum of squared elements from the GLCM, homogeneity is to measure the distribution of elements in the GLCM with respect to the diagonal, and entropy measures the statistical randomness. The 5 common textural features are shown in Table 2.1. Here, 20 features will be extracted using GLCM methods, i.e. four directions for every feature functions of



contrast, correlation, energy, entropy, and homogeneity with spatial distance d = 1 for every feature. Energy
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Figure 3.1: Sample Images for Campnosperma auriculatum (tr)
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Figure 3.2: Sample Images for Dyera costulata (je)



3.2 GLCM and MLP



µy = ∑ n ∑ p(m,n) n=0
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For fast development and experimental results, MATLAB is used as a tool to generate GLCMs for the input images and neural network for classifying the species. The Image Processing Toolbox and the Neural Network Toolbox allows the GLCM and MLP methods to be easily implemented. The results obtained could easily be used to generate graphs and tables for analysis purpose.
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3.3 Embedded System
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Table 2.1: Five common textural features [5]



2.2 Multi-layer Perceptron (MLP) An MLP will be used as a classifier to generate the results. The features which are extracted using GLCM method will be fed into the neural network with one hidden layer and one output layer. The output layer will apply the softmax activation function so the results obtained will show the probability of the recognition, which allows the level of confidence for the recognition to be shown.



3.



MATERIALS



3.1 Wood Database The database used for experiments is a small database with three hundred sixty wood images which is obtained from Centre for Artificial Intelligence and Robotics (CAIRO), UTM, Malaysia. Only 50 images from five different species are selected here for the experiments, i.e. Campnosperma auriculatum (tr), Dyera costulata (je), Durio lowianus (durian), Kokoona littoralis (mu), and Anisoptera costata (mersawa), Figure 3.1 and Figure 3.2 shows two of the chosen species. The first two species are used for the analysis of GLCM features, and all the five species are used in the training and testing of the MLP.



Figure 3.3: Design of Embedded System The system is planned to be implemented onto an embedded system in the future. The embedded system consists of a few components as shown in Figure 3.3, where the processing board and the camera are the most essential parts. The camera is used to capture images of the wood surface as the input for the recognition system and the processing board will process the input through image processing and recognition processes before it could produce the result. Lightings are added to maintain consistent and uniform light source during the image capturing process. The results produced will be shown on a LCD screen and a battery will be used as the power supply for the embedded system.



4.



EXPERIMENTAL RESULTS



4.1 Feature Extraction GLCM is used for obtaining features from the input images, the five common feature functions are tested on two species of wood, which are Campnosperma auriculatum (tr) and Dyera costulata (je), with ten images for each species. The feature functions are Contrast, Correlation, Energy, Entropy, and Homogeneity. The experiments are run on all four directions with spatial distance from 1 pixel to 20 pixels. All of these analysis and experiments are run on images which are not further enhanced, such as histogram equalization. The results shows that the value differs in all spatial distances for energy as shown in Figure 4.1 and Figure 4.2 where the vertical axis represents the value of energy and the horizontal axis represents the value of spatial distance, but the graphs are shown in a similar pattern, therefore the pattern of change for energy may be useful as a feature to be extracted. However, although the value shows some difference in a certain species, the range of values differs within species, which still allows the feature to be useful for classification of the species.



between species will help to classify the wood species. Figure 4.3 and Figure 4.4 shows the differences of the value for contrast during 90 degrees for the two different species.



Figure 4.3 Contrast on 90 degrees for Campnosperma auriculatum (tr)



Figure 4.4 Contrast on 90 degrees for Dyera costulata (je)



Figure 4.1: Energy on 0 degrees for Campnosperma auriculatum (tr)



The experimental results also show that the values of entropy are usually not in a certain pattern as shown in Figure 4.5 and Figure 4.6. Therefore, the spatial distance which is greater than 1 pixel will produce varying values for the entropy which is not suitable to be used as a feature to assist in the classification of species. If those values are used, it might cause confusion to the classifier, and therefore will make the classification problem even more difficult to be accomplished.



Figure 4.2: Energy on 0 degrees for Dyera costulata (je) For the other four features, they are having closer values when the spatial distance is small but when the spatial distance increases, so in such case, smaller spatial distance are more suitable to be used for extraction of the features. A comparison has also been made on two different species and results shows that the value slightly differs for different species. The differences of value



Figure 4.5 Entropy on 135 degrees for Campnosperma auriculatum (tr)



Figure 4.6 Entropy on 45 degrees for Dyera costulata (je)



4.2 Results for Experiment 1 The experiment is executed using GLCM and MLP method, the MLP has an input layer with twenty inputs, which are the contrast, correlation, energy, entropy and homogeneity obtained from four different GLCMs for each input image. The four GLCMs are produced using 4 different directions and spatial distance of 1 pixel. There is a hidden layer with twenty neurons and an output layer with five neurons representing five classes of wood species. The MLP uses hyperbolic tangent (tanh) activation functions at each layer and softmax function is applied to the output layer. The training is run on five different species with five sample images for each species and is trained for one hundred epochs. The test results are run on five different images for each species and the results are shown in Table 4.1 to Table 4.4. Each column shows a test image with the respective labels on the top row, and the rows shows the percentage generated for every species. The bold box is the winning class for every test image. tr60 tr70 tr80 tr90 tr100 33.52 34.49 tr 32.30 36.20 33.90 31.73 0.00 0.00 33.63 0.00 je 0.00 30.76 0.00 du 34.36 43.52 22.35 19.35 16.70 17.66 17.95 mu 13.61 12.78 16.37 14.77 4.04 me Table 4.1 Results for Campnosperma auriculatum (tr)



tr je du mu me



je60 je70 je80 je90 je100 0.00 3.82 0.00 11.03 8.76 26.48 0.00 0.00 0.00 45.98 34.13 27.71 28.29 33.41 33.96 20.00 5.85 34.89 38.70 37.40 19.56 27.16 20.47 22.02 20.43 Table 4.2 Results for Dyera costulata (je)



tr je du mu me



du60 du70 du80 du90 du100 16.21 11.50 32.99 2.21 41.30 6.87 0.00 0.00 0.00 0.00 0.00 37.56 37.20 33.60 53.70 34.43 28.30 24.10 14.62 13.89 17.42 17.93 27.20 18.84 30.20 Table 4.3 Results for Durio lowianus (du)



Tr Je Du Mu Me



mu60 mu70 mu80 mu90 mu100 4.54 0.00 9.65 2.82 19.30 0.00 0.00 2.20 0.00 0.00 21.76 33.29 32.01 34.53 37.07 39.70 33.55 41.50 38.20 39.37 19.20 28.61 24.25 17.63 20.75 Table 4.4 Results for Kokoona littoralis (mu)



Tr Je Du Mu Me



me60 me70 me80 me90 me100 4.14 29.17 0.00 0.00 20.31 37.41 28.43 26.35 41.07 38.17 3.02 0.00 24.52 12.02 3.34 0.00 1.26 21.51 5.54 0.00 55.43 41.14 27.61 41.4 38.18 Table 4.5 Results for Anisoptera costata (me)



4.3 Evaluation of Results for Experiment 1 The experimental results show that the 4th and 5th species has a good recognition rate of all correct results where the 3rd species has a wrong result. The 1st species has 2 wrong results and the 2nd species only has a single correct recognition. Furthermore, the highest percentage of the results are generally low, as the highest percentage of the winning class is only 55.43%, this is due to the insufficient training data. Since the MLP is only trained for a total of 25 sample images, it is not sufficient for the MLP to recognize the species as the variations of a certain species that it learns is not sufficient. The confusion matrix is shown in Table 4.6, and the recognition rate is 72% for the experiment. Each row represents a species, and each column represents the winning classes. Tr je Du mu Me 3 2 Tr 1 1 3 Je 1 4 Du 5 mu 5 Me Table 4.6 Confusion Matrix for Experiment 1



4.4 Results for Experiment 2 The experiment is executed using GLCM and MLP method, the MLP has an input layer with sixteen inputs, which are same with experiment 1 except for energy, which is not used in this experiment. Since energy has varying values for different images of a same species, it is not used in this experiment. There are twenty hidden neurons, five output neurons and is trained for one hundred epoch. The results are shown in Table 4.7 to Table 4.11 in a similar matter as experiment 1. tr60 tr70 tr80 tr90 tr100 Tr 51.80 39.18 61.40 37.80 37.17 10.55 0.00 0.00 20.02 0.00 Je 33.32 31.56 6.26 31.96 36.16 Du 4.32 14.60 13.92 10.25 12.45 Mu 0.00 14.66 18.37 0.00 14.21 Me Table 4.7 Results for Campnosperma auriculatum (tr)



5. tr je du mu me



je60 je70 je80 je90 je100 18.65 0.00 20.34 17.18 0.00 33.86 0.00 0.00 0.00 38.15 22.00 35.56 19.04 28.18 34.42 11.35 12.43 34.74 39.60 35.37 19.29 24.61 14.94 20.98 19.27 Table 4.8 Results for Dyera costulata (je)



tr je du mu me



du60 du70 du80 du90 du100 35.46 29.07 38.50 41.36 39.50 8.79 7.97 0.00 0.00 0.00 0.00 41.29 38.90 41.40 34.70 26.28 0.00 7.99 3.95 15.84 26.47 9.36 13.60 19.16 20.39 Table 4.9 Results for Durio lowianus (du)



tr je du mu me



mu60 mu70 mu80 mu90 mu100 36.31 31.78 27.85 30.30 28.30 0.00 0.00 5.159 0.00 0.00 0.65 22.00 0.00 27.76 29.23 26.34 25.48 41.30 33.90 30.44 21.78 21.36 29.12 18.51 12.48 Table 4.10 Results for Kokoona littoralis (mu)



tr je du mu me



me60 me70 me80 me90 me100 25.39 0.00 0.73 0.00 0.00 18.15 8.55 31.56 32.46 33.21 0.00 43.41 32.86 28.57 32.51 8.94 2.078 0.00 6.17 2.45 33.20 47.52 45.96 33.7 32.59 Table 4.11 Results for Anisoptera costata (me)



The experimental results show that only the recognition for the 1st species is improved where all are recognized correctly, but the recognition rate is affected for 3rd, 4th and 5th species, especially for the 3rd species, which is only having two correct recognition in this experiment, the 2nd species shows a similar result to the first experiment, this may be due to the similarity of the species to the other species itself that has caused confusion to the MLP, especially with the MLP only trained for twenty five samples. The highest recognition rate achieve for a certain sample is 61.4% in this experiment, however many other recognition rate remain low. The confusion matrix is shown in Table 4.12, and the recognition rate is 60% for the experiment. Each row represents a species, and each column represents the winning classes. tr



je



Du



mu



Experimental results show that the GLCM and MLP method is proved to be useful for recognizing textural images such as wood species recognition. The data being analyzed on the images shows that the orientation of the image from different viewing direction does not affect much on the values for features extracted from the images for the same species. However, this is only true when the spatial distances are small. As the spatial distance increases, the differences in values for different images of a same species will be more obvious. The results show that the values of entropy during greater spatial distances are not useful as the values are random. The experimental results above show that the GLCM is useful for extracting features from the images since a MLP trained with very small number of training samples yields reasonable results. However, the 2nd species is suffering a low recognition rate. This is due to the similarity of the species’ feature with the other species before image enhancement. Furthermore, 25 training samples for recognizing 5 species is insufficient and will lead to the over-training of the MLP to recognize the 25 training samples. These results in most winning classes are selected at a low recognition rate. Therefore, rigorous training with more training samples is needed to improve the results. For the future works, the wood recognition system is planned to be tested on different algorithms to search for a better algorithm for solving the problem. The wood recognition system is planned to be implemented onto an embedded platform equipped with a camera, processing board and LCD display.



6.



4.5 Evaluation of Results for Experiment 2



me



5 tr 1 1 3 je 3 2 du 2 3 mu 1 4 me Table 4.12 Confusion Matrix for Experiment 2
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