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ABSTRAK 

Pada masa kini, pemerihal imej berdasarkan tekstur diguna pakai dalam pelbagai aplikasi 

nyata yang penting. Penggunaan analisis tekstur dalam pengelasan imej perubatan dan 

tekstur telah menarik perhatian ramai pihak. Corak Perduaan Tempatan (LBP) salah satu 

yang paling mudah namun berkesan tekstur pemerihal. Tetapi ia mempunyai beberapa 

batasan yang boleh menjejaskan ketepatannya. Oleh itu, kebanyakan pemerihal 

berasaskan LBP telah dicadangkan untuk menangani kekurangan ini dan meningkatkan 

ketepatan mereka. Corak Pertigaan Tempatan Lengkap (CLTP) adalah salah satu 

pemerihal berasaskan LBP yang penting. Walau bagaimanapun, CLTP menderita dari 

dua batasan utama: pemilihan nilai ambang berasaskan secara manual dan keamatan yang 

tinggi yang memberi kesan negatif kepada prestasi deskriptor dan membawa kepada 

pengiraan yang tinggi. Kajian ini bertujuan untuk meningkatkan ketepatan klasifikasi 

CLTP dan mengatasi had komputasi dengan mencadangkan pemerihal baru  yang 

diilhamkan oleh CLTP. Oleh itu, penyelidikan ini memperkenalkan dua sumbangan: 

Yang pertama adalah  pemerihal baru yang dicadangkan yang menggabungkan 

transformasi wavelet diskrit yang berlebihan (RDWT) dengan CLTP asal, iaitu, wavelet 

menyelesaikan pola ternary tempatan (WCLTP). Mengeluarkan CLTP dalam bentuk 

jelmaan gelombang kecil dapat meningkatkan ketepatan pengelasan disebabkan oleh sifat 

peralihan tak varian dalam RDWT. Pertamanya, imej diuraikan kepada empat sub-

kumpulan (LL, LH, HL dan HH) dengan menggunakan RDWT. Kemudian, CLTP 

dikeluarkan berdasarkan kepada koefisien gelombang kecil LL. Sumbangan kedua pula 

ialah pengurangan daya kedimensian WCLTP dengan mengurangkan saiz dan 

mencadangkan pemerihal tekstur baru, iaitu Corak Pertigaan Tempatan Lengkap 

Gelombang Kecil Berdasarkan Fitur (Feat-WCLTP). Pemerihal cadangan ini dapat 

meningkatkan prestasi CLTP dan mengurangkan kedimensian tinggi. Oleh itu, Feat-

WCLTP merupakan gabungan antara bahagian isyarat, fitur dan pusat. Prestasi kaedah 

WCLTP dan Feat-WCLTP yang dicadangkan telah dinilai menggunakan empat set data 

tekstur (Outex, CURet, UIUC dan Kylberg) dan dua set data perubatan (2D HeLa dan 

Breast Cancer) dan kemudian dibandingkan dengan beberapa varian LBP yang terkenal. 

WCLTP berjaya mengatasi pemerihal lain dan mencapai ketepatan pengelasan tertinggi 

dalam semua eksperimen. Keputusan kaedah cadangan ini bagi set data tekstur ialah 

99.35% dalam OuTex, 96.57% dalam CUReT, 94.80% dalam UIUC dan 99.88% dalam 

Kylberg. Manakala, keputusan WCLTP dalam set data perubatan ialah 84.19% dalam 2D 

HeLa and 92.14% dalam set data Breast Cancer. Feat-WCLTP pula bukan sahaja dapat 

mengatasi masalah kedimensian, malah meningkatkan daya ketepatan pengelasan. 

Keputusan Feat-WCLTP dalam set data tekstur ialah 99.66% dalam OuTex, 96.89% 

dalam CUReT, 95.23% dalam UIUC dan 99.92% dalam Kylberg. Manakala, 

keputusannya dalam set data perubatan ialah 84.42% dalam set daha 2D HeLa dataset 

and 89.12% dalam set data Breast Cancer. Di samping itu, kaedah cadangan Feat-WCLTP 

dapat mengurangkan saiz fitur bagi corak tekstur (1,8) daripada 400 bin kepada 160 bin 

dalam WCLTP. Kedua-dua kaedah WCLTP dan Feat-WCLTP mempunyai daya 

ketepatan dan kedimensian yang lebih baik berbanding kaedah CLTP asal. 
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ABSTRACT 

Nowadays, texture image descriptors are used in many important real-life applications. 

The use of texture analysis in texture and medical image classification has attracted 

considerable attention. Local Binary Patterns (LBP) is one of the simplest yet eff ective 

texture descriptors. But it has some limitations that may affect its accuracy. Hence, 

different variants of LBP were proposed to overcome LBP’s drawbacks and enhance its 

classification accuracy. Completed local ternary pattern (CLTP) is one of the significant 

LBP variants. However, CLTP suffers from two main limitations: the selection of the 

threshold value is manually based and the high dimensionality which is negatively 

affected the descriptor performance and leads to high computations. This research aims 

to improve the classification accuracy of CLTP and overcome the computational 

limitation by proposing new descriptors inspired by CLTP. Therefore, this research 

introduces two contributions: The first one is a proposed new descriptor that integrates 

redundant discrete wavelet transform (RDWT) with the original CLTP, namely, wavelet 

completed local ternary pattern (WCLTP). Extracting CLTP in wavelet transform will 

help increase the classification accuracy due to the shift invariant property of RDWT. 

Firstly, the image is decomposed into four sub-bands (LL, LH, HL, HH) by using RDWT. 

Then, CLTP is extracted based on the LL wavelet coefficients. The latter one is the 

reduction in the dimensionality of WCLTP by reducing its size and a proposed new 

texture descriptor, namely, feature-based wavelet completed local ternary pattern (Feat-

WCLTP). The proposed Feat-WCLTP can enhance CLTP’s performance and reduce high 

dimensionality. The mean and variance of the values of the selected texture pattern are 

used instead of the normal magnitude texture descriptor of CLTP. The performance of 

the proposed WCLTP and Feat-WCLTP was evaluated using four textures (i.e. OuTex, 

CUReT, UIUC and Kylberg) and two medical (i.e. 2D HeLa and Breast Cancer) datasets 

then compared with several well-known LBP variants. The proposed WCLTP 

outperformed the previous descriptors and achieved the highest classification accuracy in 

all experiments. The results for the texture dataset are 99.35% in OuTex, 96.57% in 

CUReT, 94.80% in UIUC and 99.88% in the Kylberg dataset. The results for the medical 

dataset are 84.19% in the 2D HeLa dataset and 92.14% in the Breast Cancer dataset. The 

proposed Feat-WCLTP not only overcomes the dimensionality problem but also 

considerably improves the classification accuracy. The results for Feat-WCLTP for 

texture dataset are 99.66% in OuTex, 96.89% in CUReT, 95.23% in UIUC and 99.92% 

in the Kylberg dataset. The results for the medical dataset are 84.42% in the 2D HeLa 

dataset and 89.12% in the Breast Cancer dataset. Moreover, the proposed Feat-WCLTP 

reduces the size of the feature vector for texture pattern (1,8) to 160 bins instead of 400 

bins in WCLTP. The proposed WCLTP and Feat-WCLTP have better classification 

accuracy and dimensionality than the original CLTP.  



v 

 TABLE OF CONTENT 

DECLARATION 

TITLE PAGE  

ACKNOWLEDGEMENTS ii 

ABSTRAK iii 

ABSTRACT iv 

TABLE OF CONTENT v 

LIST OF TABLES ix 

LIST OF FIGURES x 

LIST OF SYMBOLS xii 

LIST OF ABBREVIATIONS xiii 

CHAPTER 1 INTRODUCTION 1 

1.1 Background 1 

1.2 Motivation 2 

1.3 Problem Statement 3 

1.4 Research Objectives 3 

1.5 Research Scope 4 

1.6 Thesis Organisation 4 

CHAPTER 2 LITERATURE REVIEW 6 

2.1 Introduction 6 

2.2 Texture Analysis 6 

2.2.1 Texture Classification 7 



vi 

2.2.2 Texture Segmentation 7 

2.2.3 Texture Synthesis 7 

2.2.4 Texture Compression 7 

2.2.5 Shape from Texture 8 

2.3 Texture Classification 8 

2.3.1 Pre-processing 8 

2.3.2 Feature Extraction 9 

2.3.3 Feature Selection 9 

2.3.4 Classification 10 

2.4 Textural Feature Extraction 11 

2.4.1 Structural Methods 12 

2.4.2 Model-based Methods 12 

2.4.3 Transform-based methods 13 

2.4.4 Statistical-based Methods 13 

2.5 Texture Descriptor 14 

2.5.1 Local Binary Pattern 14 

2.5.2 Local Ternary Pattern 17 

2.5.3 Completed Local Binary Pattern 18 

2.5.4 Completed Local Binary Count 20 

2.5.5 Robust Local Binary Pattern 21 

2.5.6 Noise Resistant Local Binary Pattern 22 

2.5.7 Binary Rotation Invariant and Noise Tolerant 23 

2.5.8 Completed Local Ternary Pattern 24 

2.5.9 Dominant Rotated Local Binary Patterns 26 

2.5.10 Feature-based Local Binary Pattern 27 

2.6 Wavelet Transform (WT) 29 



vii 

2.6.1 Continuous wavelet transforms (CWT) 30 

2.6.2 Discrete Wavelet Transform 30 

2.6.3 Redundant discrete wavelet transforms 31 

2.7 Datasets 33 

2.7.1 Texture Datasets 34 

2.7.2 Medical Datasets 37 

2.8 Summary 38 

CHAPTER 3 METHODOLOGY 39 

3.1 Introduction 39 

3.2 Methodology of the Proposed Descriptors 39 

3.3 General proposed model 40 

3.3.1 Wavelet Completed Local Ternary Pattern 42 

3.3.2 Feature-based WCLTP 46 

3.3.3 Summary 51 

CHAPTER 4 RESULTS AND DISCUSSION 53 

4.1 Introduction 53 

4.2 Experimental setup 53 

4.2.1 Datasets 54 

4.2.2 Confusion Matrix 54 

4.2.3 Cross-Validation 55 

4.2.4 Classifier 55 

4.2.5 Dissimilarity measurement 56 

4.3 Performance Evaluation for the Proposed WCLTP 56 

4.3.1 Robustness of WCLTP Against Noise 56 



viii 

4.3.2 Experimental Results of WCLTP for  Texture Image 

Classification. 59 

4.3.3 Experimental Results of WCLTP for Medical Datasets. 64 

4.4 Performance Evaluation for the Proposed Feat-WCLTP 67 

4.4.1 Experimental Results of Feat-WCLTP Using Texture Dataset. 67 

4.4.2 Experimental Results of Feat-WCLTP Using Medical Dataset. 75 

4.4.3 Dimensionality Comparison 77 

4.4.4 Computation Complexity 79 

4.5 Summary 83 

CHAPTER 5 CONCLUSION AND FUTURE WORK 84 

5.1 Introduction 84 

5.2 Conclusions 84 

5.3 Contributions of the Study 86 

5.4 Suggestions for Future Research 86 

 

 



ix 

LIST OF TABLES 

Table 2.1 The well-known LBP variants texture descriptors. 29 

Table 4.1 The benchmark datasets used in the experiments 54 

Table 4.2 Confusion Matrix 54 

Table 4.3 Classification rates (%) on the OuTex dataset 59 

Table 4.4 Classification rates (%) on the CUReT dataset 61 

Table 4.5 Experimental Results on the UIUC Dataset 62 

Table 4.6 Experimental Results on the Kylberg Dataset. 64 

Table 4.8 Experimental Results on the 2D HeLa Dataset. 65 

Table 4.9 Experimental Results on the Breast Cancer Dataset. 66 

Table 4.10 The best classification accuracy on benchmark datasets. 82 

Table 4.11 The number of bins and classification time using OuTex TC10 

dataset 82 

Table 5.1 The research objectives achievement 85 

 



x 

LIST OF FIGURES 

Figure 2.1 Framework of texture classification 8 

Figure 2.2 Example of a simple SVM model 10 

Figure 2.3 Example of KNN classification process. 11 

Figure 2.4 Textural feature extraction methods 12 

Figure 2.5 LBP operator 14 

Figure 2.6 Examples of different patterns 15 

Figure 2.7 Example of the LBP operator’s   noise sensitivity 16 

Figure 2.8 Example of classifying falsely problem. 16 

Figure 2.9 LTP operator 18 

Figure 2.10 (a) a 3 × 3 pattern. (b) CLBP_S.  (c) magnitude component. (d) 

CLBP_M. 19 

Figure 2.11 The framework of CLBP 20 

Figure 2.12 LBC operator 21 

Figure 2.13 The RLBP 22 

Figure 2.14 The uncertain code “11×100×0” is encoding and resulting in three 

NRLBP codes comparing with LBP and LTP in  (a), (b),(c), and (d). 

(e) shows that no uniform code can be formed. 23 

Figure 2.15 The overall framework of BRINT descriptor 24 

Figure 2.16 The CLTP sign and magnitude operators. 26 

Figure 2.17 The overall calculation process of FbLBP 28 

Figure 2.18 RDWT and DWT with (512 x 512) image size  (a) single-level Haar 

RDWT with size 512x512 for each sub-band (b) single-level Haar 

DWT with size (256 x 256) for each sub-band. 32 

Figure 2.19 RDWT analysis and synthesis filter banks 33 

Figure 2.20 Some images from CuReT dataset 34 

Figure 2.21 Some images from OuTeX dataset. 35 

Figure 2.22 some sample images in UIUC database 36 

Figure 2.23 Some images from Kylberg dataset 36 

Figure 2.24 Images from 2D Hela dataset 37 

Figure 2.25 Image from BR Database 38 

Figure 3.1 Illustration of the methodology 40 

Figure 3.2 General Framework for the proposed work 41 

Figure 3.3 Flowchart of WCLTP extraction process 43 

Figure 3.4 Example of WCLTP sign extraction process 44 

Figure 3.5 Example of WCLTP magnitude extraction process 45 



xi 

Figure 3.6 Feat-WCLTP extraction process. 47 

Figure 3.7 Example of the calculation process for magnitude component  for 

Feat-WCLTP 50 

Figure 4.1  Examples of the images with the noise. 57 

Figure 4.2 Classification rates on the noisy CUReT dataset with different SNR 

values for pattern size (R=1, P=8) 57 

Figure  4.3 Classification rates on the noisy CUReT dataset with different SNR 

values for pattern size (R=2, P=16). 58 

Figure 4.4 classification accuracy of noisy CUReT dataset when (R=3, P=24) 58 

Figure 4.5 Performance comparison of proposed Feat-WCLTP with CLTP 

using CUReT dataset under different pattern size (a) (R=1,P=8). (b) 

(R=2,P=16). (c) (R=3,P=24). 68 

Figure 4.6 Performance comparison of proposed descriptors with CLTP using  

OuTex dataset.(a) OuTex TC12(h). (b) OuTex TC12(t) (c) OuTex 

TC10 70 

Figure 4.7 Performance comparison of proposed descriptors with CLTP using 

UIUC dataset. (a) with pattern size (R=1,P=8). (b) with pattern size 

(R=2,P=16). (c) with pattern size (R=3, P=24). 72 

Figure 4.8 Performance comparison of proposed descriptors with CLTP using 

Kylberg dataset. (a) with pattern size (R=1,P=8). (b) with pattern 

size (R=2,P=16). (c) with pattern size (R=3, P=24). 74 

Figure 4.9 Performance comparison of proposed descriptors and CLTP using 

2D HeLa dataset. 76 

Figure 4.10 Performance comparison of proposed descriptors with CLTP using 

Breast Cancer  dataset. 77 

Figure 4.11 Dimensionality comparison of proposed descriptors with CLTP 

using P=8 and R= 1,2,3 and 4. 78 

Figure 4.12 Dimensionality comparison of proposed descriptors with CLTP 

using P=16,24 and R= 1,2,3 and 4 78 

Figure 4.13 Classification time comparison of proposed descriptors  and CLTP 

using OuTex dataset with different radius (i.e. R=1,2,3,4)  (a) using 

P =8    (b) using P=24 80 

Figure 4.14 Classification time comparison of proposed descriptors using 2D 

HeLa dataset with different radius (i.e. R=1,2,3,4)  (a) using P =8    

(b) using P=24. 81 

 



xii 

LIST OF SYMBOLS 

R The radius of symmetric neighbourhood circle 

p The number of neighbourhood pixels 

ic The grey value of the centre pixel 

ip The grey value neighbour pixel 

U Uniformity 

u2 Uniform patterns 

riu2 Rotation invariant uniform pattern 

𝑡 Threshold value 

 sp Sign component 

 mp Magnitude component 

 cI The average grey level of the whole image 

 𝜇𝑚 Mean of the magnitude vector 

 𝜎𝑚
2  Variance of the magnitude vector 

 𝑡𝜇 Local threshold value for mean 

 𝑡𝜎 Local threshold value for  variance 

 tc Local threshold value for centre 

 𝛹 Mother wavelet function 

* Convolution operator 

 ↓ Downsampling operator 

cj Output coefficients of highpass filter 

dj Output coefficients of lowpass filter 

N Number of training images 

 𝑥2 Distance between two histograms 

H Histogram 
 

 

 

 



xiii 

LIST OF ABBREVIATIONS 

ANN Artificial Neural Network techniques 

AR Autoregression 

BRINT Binary Rotation Invariant and Noise Tolerant 

CLBC Completed Local Binary Count 

CNN Convolutional Neural Network 

CLBP Completed Local Binary Pattern 

CLTP Completed Local Ternary Pattern 

CuReT Columbia-Utrecht Reflectance and Texture Database 

CWT Continuous Wavelet Transforms 

WT Wavelet Transform 

DRLBP Dominant Rotated Local Binary Patterns 

DWT Discrete Wavelet Transform 

FbLBP Feature-based Local binary pattern 

Feat-WCLTP Feature-based Completed Local Ternary Pattern 

GLCM Gray Level Co-occurrence Matrix 

HH High-High 

HL High-Low 

K-NN K-Nearest Neighbor 

LBC Local Binary Count 

LBP Local Binary Patterns 

LH Low-High 

LL Low-Low 

LTP Local Ternary Pattern 

MRF Markov Random Field 

MLP Multi-Layer Perceptron 

NRLBP Noise Resistant Local Binary Pattern 

PET Positron Emission Tomography 

RDWT Redundant Discrete Wavelet Transform 

RBF Radial Basis Function 

RGB Red, Green and Blue 

RLBP Robust Local Binary Pattern 



88 

REFERENCES 

Al-Kadi, O.S. (2015). A multiresolution clinical decision support system based on fractal 

model design for classification of histological brain tumours. Computerized Medical 

Imaging and Graphics 41: 67–79. 

 

Amin, S., Gupta, R. & Mehrotra, D. (2018). Analytical review on image compression 

using fractal image coding BT. Soft Computing: Theories and Applications, 584: 

309–321. 

 

Anwer, R.M., Khan, F.S., van de Weijer, J., Molinier, M. & Laaksonen, J. (2018). Binary 

patterns encoded convolutional neural networks for texture recognition and remote 

sensing scene classification. Journal of Photogrammetry and Remote Sensing 138: 

74–85. 

 

Ashour, M.W., Khalid, F., Halin, A.A. & Darwish, S.H. (2016). Multi-class support 

vector machines for texture classification using gray-level histogram and edge. 

International Journal of Advances in Electronics and Computer Science 3: 1–5. 

 

Aziz, M.N., Purboyo, T.W. & Prasasti, A.L. (2017). A survey on the implementation of 

image enhancement. International Journal of Applied Engineering Research 12: 

11451–11459. 

 

Bala, R. & Scholar, R. (2017). Survey on texture feature extraction methods. 

International Journal of Engineering Science and Computing 7: 10375–10377. 

 

Boland, M. V & Murphy, R.F. (2001). A neural network classifier capable of recognizing 

the patterns of all major subcellular structures in fluorescence microscope images of 

HeLa cells. Bioinformatics 17: 1213–1223. 

 

Cataldo, S. Di & Ficarra, E. (2017). Mining textural knowledge in biological images: 

Applications , methods and trends. Computational and Structural Biotechnology 

Journal 15: 56–67. 

 

Chen, J., Kellokumpu, V., Zhao, G. & Pietikäinen, M. (2013). RLBP: Robust Local 

Binary Pattern. 2013 British Machine Vision Conference, hlm. 1–10. 

 

Chowriappa, P., Dua, S., Rajendra Acharya, U. & Muthu Rama Krishnan, M. (2013). 

Ensemble selection for feature-based classification of diabetic maculopathy images. 

Computers in Biology and Medicine 43: 2156–2162. 

 

Colombo, C., Comanducci, D. & Del Bimbo, A. (2011). Shape reconstruction and texture 

sampling by active rectification and virtual view synthesis. Computer Vision and 

Image Understanding 115: 161–176. 

 

Cover, T. & Hart, P. (1967). Nearest neighbor pattern classification. IEEE Transactions 

on Information Theory 13: 21–27. 

 

Dana, K.J., Van Ginneken, B., Nayar, S.K. & Koenderink, J.J. (1999). Reflectance and 

texture of real-world surfaces. ACM Transactions On Graphics 18: 1–34. 



89 

Davarzani, R., Mozaffari, S. & Yaghmaie, K. (2015). Scale- and rotation-invariant texture 

description with improved local binary pattern features. Signal Processing 111: 274–

293. 

 

Davies, E.R. (2018). Handbook of texture analysis. in Computer Vision (Fifth Edition), 

185–200. 

Deepa, S.N. & Devi, B.A. (2011). A survey on artificial intelligence approaches for 

medical image classification. Indian Journal of Science and Technology 4: 1583–

1595. 

 

Depeursinge, A., Fageot, J. & Al-Kadi, O.S.(2017). Chapter 1 - Fundamentals of Texture 

Processing for Biomedical Image Analysis: A General Definition and Problem 

Formulation BT - Biomedical Texture Analysis. Biomedical texture analysis 

fundamentals, tools and challenges, hlm. 1–27.  

 

Depeursinge, A., Foncubierta-Rodriguez, A., Van De Ville, D. & Müller, H. (2014). 

Three-dimensional solid texture analysis in biomedical imaging: review and 

opportunities. Medical image analysis : 176–196. 

 

Eskenazi, S., Gomez-Krämer, P. & Ogier, J.M. (2017). A comprehensive survey of 

mostly textual document segmentation algorithms since 2008. Pattern Recognition 

64: 1–14. 

 

Fowler, J.E. (2005). The redundant discrete wavelet transform and additive noise. IEEE 

Signal Processing Letters 12: 629–632. 

 

Gu, W., Lv, Z. & Hao, M. (2017). Change detection method for remote sensing images 

based on an improved Markov random field. Multimedia Tools and Applications 76: 

17719–17734. 

 

Guo, Y., Zhao, G. & Pietikäinen, M. (2012). Discriminative features for texture 

description. Pattern Recognition 45: 3834–3843. 

 

Guo, Z., Zhang, L. & Zhang, D. (2010). A completed modeling of local binary pattern 

operator for texture classification. IEEE Transactions on Image Processing 19: 

1657–1663. 

 

Han, Y., Kim, J., Lee, K., Han, Y., Kim, J. & Lee, K. (2017). Deep convolutional neural 

networks for predominant instrument recognition in polyphonic music. IEEE 

Transactions on Audio, Speech and Language Processing 25: 208–221. 

 

Hien, T.D., Nakao, Z. & Chen, Y.-W. (2006). Robust multi-logo watermarking by RDWT 

and ICA. Signal Processing 86: 2981–2993. 

 

Irani Mehr, M., Riahi, M.A. & Goudarzi, A. (2013). Innovative RDWT: a new DWT-

based method with applications for seismic ground roll attenuation. Journal of 

Geophysics and Engineering 10: 1–11. 

 

https://www.sciencedirect.com/book/9780128092842


90 

Jarholiya, S.N. (2016). Medical image fusion methods- a comparative analysis. 

International Journal of Scientific & Engineering Research 7: 1379–1387. 

 

Jasiewicz, J. & Stepinski, T.F. (2013). Geomorphons a pattern recognition approach to 

classification and mapping of landforms. Geomorphology 182: 147–156. 

 

Jha, M.K., Roy, S.D. & Lall, B. (2017). New context of compression problem and 

approach to solution: a survey of the literature. International Journal of Signal and 

Imaging Systems Engineering 10: 204–222. 

 

Jia, S., Hu, J., Xie, Y., Shen, L., Jia, X. & Li, Q. (2016). Gabor cube selection based 

multitask joint sparse representation for hyperspectral image classification. IEEE 

Transactions on Geoscience and Remote Sensing 54: 3174–3187. 

 

Joshi, S. & Karule, P.T. (2018). Review of preprocessing techniques for fundus image 

analysis. AMSE-IIETA Journals-2017-Series: Advances B 60: 593–612. 

 

Jović, A., Brkić, K. & Bogunović, N. (2015). A review of feature selection methods with 

applications. International Convention on Information and Communication 

Technology, Electronics and Microelectronics, hlm. 1200–1205. 

 

Junior, G.B., de Paiva, A.C., Silva, A.C. & de Oliveira, A.C.M. (2009). Classification of 

breast tissues using Moran’s index and Geary’s coefficient as texture signatures and 

SVM. Computers in Biology and Medicine 39: 1063–1072. 

 

Kovac, O., Lukacs, P. & Gladisova, I. (2018). Textures classification based on DWT. 

International Conference Radioelektronika, hlm. 1–5.  

 

Kylberg, G. (2011). Kylberg Texture Dataset v. 1.0. Centre for Image Analysis, Swedish 

University of Agricultural Sciences  

 

Lazebnik, S., Schmid, C. & Ponce, J. (2005). A sparse texture representation using local 

affine regions. IEEE Transactions on Pattern Analysis and Machine Intelligence 27: 

1265–1278. 

 

Li, W., Pan, H., Li, P., Xie, X. & Zhang, Z. (2017). A medical image retrieval method 

based on texture block coding tree. Signal Processing: Image Communication 59: 

131–139. 

 

Lisin, D.A., Mattar, M.A., Blaschko, M.B., Benfield, M.C. & Learned-miller, E.G. 

(2005). Combining local and global image features for object class recognition. 

IEEE Computer Society Conference on Computer Vision and Pattern Recognition, 

hlm. 47–47. 

 

Liu, L., Chen, J., Fieguth, P., Zhao, G., Chellappa, R. & Pietikäinen, M. (2019). From 

BoW to CNN : Two Decades of Texture Representation for Texture Classification. 

International Journal of Computer Vision 127: 74–109. 

 

Liu, L., Fieguth, P., Guo, Y., Wang, X. & Pietikäinen, M. (2017a). Local binary features 

for texture classification: Taxonomy and experimental study. Pattern Recognition 



91 

62: 135–160. 

 

Liu, L., Fieguth, P., Guo, Y., Wang, X. & Pietikäinen, M. (2017b). Local binary features 

for texture classification: Taxonomy and experimental study. Pattern Recognition 

62: 135–160. 

 

Liu, L., Long, Y., Fieguth, P.W., Lao, S. & Zhao, G. (2014). BRINT : binary rotation 

invariant and noise tolerant texture classification. IEEE Transactions on Image 

Processing 23: 3071–3084. 

 

Liu, S., Pan, X., Liu, R., Zheng, H., Chen, L., Guan, W., Wang, H., Sun, Y., Tang, L. & 

Guan, Y. (2018). Texture analysis of CT images in predicting malignancy risk of 

gastrointestinal stromal tumours. Clinical radiology 73: 266–274. 

 

Mallat, S.G. (1989). A theory for multiresolution signal decomposition: the wavelet 

representation. IEEE Transactions on Pattern Analysis and Machine Intelligence 11: 

674–693. 

 

Mehta, R. & Egiazarian, K. (2016). Dominant rotated local binary patterns (DRLBP) for 

texture classification. Pattern Recognition Letters 71: 16–22. 

 

Nair, A.S. & Jacob, R. (2017). A survey on feature descriptors for texture image 

classification. International Research Journal of Engineering and Technology 4: 

782–784. 

Nanni, L., Lumini, A. & Brahnam, S. (2010). Local binary patterns variants as texture 

descriptors for medical image analysis. Artificial Intelligence in Medicine 49: 117–

125. 

 

Nanni, L., Lumini, A. & Brahnam, S. (2017). Ensemble of texture descriptors for face 

recognition obtained by varying feature transforms and preprocessing approaches. 

Applied Soft Computing 61: 8–16. 

 

Nayak, D.R., Dash, R. & Majhi, B. (2016). Brain MR image classification using two-

dimensional discrete wavelet transform and AdaBoost with random forests. 

Neurocomputing 177: 188–197. 

 

Ojala, T., Pietikäinen, M. & Harwood, D. (1996). A comparative study of texture 

measures with classification based on featured distributions. Pattern recognition 29: 

51–59. 

 

Ojala, T., Pietikäinen, M. & Mäenpää, T. (2002). Multiresolution gray-scale and rotation 

invariant texture classification with local binary patterns. IEEE Transactions on 

Pattern Analysis and Machine Intelligence 24: 971–987. 

 

Pan, Z., Li, Z., Fan, H. & Wu, X. (2017). Feature based local binary pattern for rotation 

invariant texture classification. Expert Systems with Applications 88: 238–248. 

 

Pham, M.-T., Aptoula, E. & Lefèvre, S. (2018). Feature Profiles from Attribute Filtering 

for Classification of Remote Sensing Images. IEEE Journal of Selected Topics in 

Applied Earth Observations and Remote Sensing 11: 249–256. 



92 

Pietikäinen, M. & Zhao, G. (2015). Chapter 9 - Two decades of local binary patterns: A 

survey BT  - Advances in Independent Component Analysis and Learning Machines. 

hlm. 175–210.  

 

Polat, K. & Kayaalp, F. (2019). Classification of R, G and B values from face images 

using weighted k-nearest neighbor classifier to predict the skin or non-skin.  

International Congress on Fundamental and Applied Sciences, hlm. 1–5. 

 

Prakash, S. & Chaudhury, N.K. (2017). Dicentric chromosome image classification using 

fourier domain based shape descriptors and support vector machine. Proceedings of 

International Conference on Computer Vision and Image Processing, hlm. 221–227.  

 

Rahimi, M. & Moghaddam, M.E. (2015). A content-based image retrieval system based 

on Color Ton Distribution descriptors. Signal, Image and Video Processing 9: 691–

704. 

 

Rassem, T.H. & Khoo, B.E. (2014). Completed local ternary pattern for rotation invariant 

texture classification. The Scientific World Journal, hlm. 1–10. 

 

Rassem, T.H., Khoo, B.E., Mohammed, M.F. & Makbol, N.M. (2017). Medical, scene 

and event image category recognition using completed local ternary patterns 

(CLTP). Malaysian Journal of Computer Science 30: 200–218. 

 

Rassem, T.H., Mohammed, M.F., Khoo, B.E. & Makbol, N.M. (2015). Performance 

evaluation of Completed Local Ternary Patterns (CLTP) for medical, scene and 

event image categorisation. International Conference on Software Engineering and 

Computer Systems, hlm. 33–38. 

 

Ren, J., Member, S., Jiang, X., Member, S. & Yuan, J. (2013). Noise-resistant local binary 

pattern with an embedded error-correction mechanism. IEEE Transactions on Image 

Processing 22: 4049–4060. 

 

Rioul, O. & Vetterli, M. (1991). Wavelets and signal processing. IEEE signal processing 

magazine 8: 14–38. 

 

Ruiz, M., Mujica, L.E., Alférez, S., Acho, L., Tutivén, C., Vidal, Y., Rodellar, J. & Pozo, 

F. (2018). Wind turbine fault detection and classification by means of image texture 

analysis. Mechanical Systems and Signal Processing 107: 149–167. 

 

Sahu, O., Anand, V., Kanhangad, V. & Pachori, R.B. (2015). Classification of magnetic 

resonance brain images using bi-dimensional empirical mode decomposition and 

autoregressive model. Biomedical Engineering Letters 5: 311–320. 

 

Singh, C., Walia, E. & Kaur, K.P. (2018). Color texture description with novel local 

binary patterns for effective image retrieval. Pattern Recognition 76: 50–68. 

 

Smistad, E., Falch, T., Bozorgi, M., Elster, A.C. & Lindseth, F. (2015). Medical image 

segmentation on GPUs – A comprehensive review. Medical Image Analysis 20: 1–

18. 

Sree, C.S. (2015). Survey on extraction of texture based features using local binary 



93 

pattern. International Journal of Engineering Research & Technology 4: 334–338. 

 

Sree, C.S. & Rao, M. (2017). Adjacent evaluation of completed local ternary count for 

texture classification. IEEE International Advanced Computing Conference, hlm. 

690–696. 

Subhedar, M.S. & Mankar, V.H. (2016). Image steganography using redundant discrete 

wavelet transform and QR factorization. Computers and Electrical Engineering 54: 

406–422. 

 

Suresha, M. & Naik, T.H. (2017). A survey on image analysis based on texture. 

International Journal of Advanced Research in Computer Science and Software 

Engineering 7: 686–695. 

 

Tan, X. & Triggs, B. (2010). Enhanced local texture feature sets for face recognition 

under difficult lighting conditions. IEEE Transactions on Image Processing 19: 

1635–1650. 

 

Tang, Q., Liu, Y. & Liu, H. (2017). Medical image classification via multiscale 

representation learning. Artificial intelligence in medicine 79: 71–78. 

 

Tang, Z., Su, Y., Er, M.J., Qi, F., Zhang, L. & Zhou, J. (2015). A local binary pattern 

based texture descriptors for classification of tea leaves. Neurocomputing 168: 

1011–1023. 

 

Taouche, C., Batouche, M.C., Chemachema, M., Taleb-Ahmed, A. & Berkane, M. 

(2014). New face recognition method based on local binary pattern histogram. 

International Conference on Sciences and Techniques of Automatic Control and 

Computer Engineering , hlm. 508–513. 

 

Tech, M. & Somwanshi, D.K. (2017). Medical images texture analysis : a review. 

International Conference on Computer, Communications and Electronics, hlm. 

436–441.  

 

 

Velasco-Forero, S. & Angulo, J. (2013). Classification of hyperspectral images by tensor 

modeling and additive morphological decomposition. Pattern Recognition 46: 566–

577. 

 

Wan, C.H., Lee, L.H., Rajkumar, R. & Isa, D. (2012). A hybrid text classification 

approach with low dependency on parameter by integrating K-nearest neighbor and 

support vector machine. Expert Systems with Applications 39: 11880–11888. 

 

Weese, J. & Lorenz, C. (2016). Four challenges in medical image analysis from an 

industrial perspective. Medical image analysis 33: 44–49. 

 

Xu, Y., Quan, Y., Ling, H. & Ji, H. (2011). Dynamic texture classification using dynamic 

fractal analysis. IEEE International Conference on Computer Vision, hlm. 1219–

1226. 

 

Yadav, A.R., Anand, R.S., Dewal, M.L. & Gupta, S. (2017). Binary wavelet transform-



94 

based completed local binary pattern texture descriptors for classification of 

microscopic images of hardwood species. Wood Science and Technology 51: 909–

927. 

 

Yoo, S.B., Choi, K., Jeon, Y.W. & Ra, J.B. (2016). Texture enhancement for improving 

single-image super-resolution performance. Signal Processing: Image 

Communication 46: 29–39. 

Yu, Z., Chen, H., Liu, J., You, J., Leung, H. & Han, G. (2016). Hybrid k-nearest neighbor 

classifier. IEEE transactions on cybernetics 46: 1263–1275. 

 

Zhao, Y., Huang, D.S. & Jia, W. (2012). Completed local binary count for rotation 

invariant texture classification. IEEE Transactions on Image Processing 21: 4492–

4497. 

 

Zoidi, O., Nikolaidis, N., Tefas, A. & Pitas, I. (2014). Stereo object tracking with fusion 

of texture, color and disparity information. Signal Processing: Image 

Communication 29: 573–589. 

 


