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 Artificial intelligence was the powerful approach that was proven to be 

impactful for solving several problems. In the leather inspection cases, 

artificial intelligence also contributed some research works that effected for 

leather inspection process. In this research, we employed NasNet 

architecture conducted by using fine-tunning transfer learning method to 

distinguish the types of leather defects. We used 3600 images that was 

distributed into six classes which are folding marks, grain off, growth 

marks, loose grains, pinhole and non-defective. Our proposed solution 

successfully achieved accuracy for training data is 0.9788 with loss of 

0.0198. While the maximum accuracy in validation data is 0.8059 with loss 

of 0.2126. In the testing data, our experiment obtained accuracy of 0.8603 

with loss of 0.1603. These results indicated that our proposed solution was 

suitable to recognize the characteristics of leather defects and suitable to 

distinguish them. 
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1. INTRODUCTION 

Hides (refers to large animals' skin, such as cows) and skins (refers to the small animals' skin, such 

as sheep) are mostly produced in slaughterhouses [1]. Those materials are then processed chemically to 

produce leathers. In the leather factory, leather is denatured by three major processes, i.e., sorting, 

chemical processing and physical processing [2]. Those three steps are strongly important and have to 

conducted thoroughly due to the production of high-quality leather since their quality may give 

significant impact to the price. Hence, factory workers have to ensure that the leather denaturing process 

is well carried out before it is used for creating products such as clothes, shoes, bags, etc. Considering 

to the leather quality, it is not only affected by the denaturation process. The natural defect (such as 

scars, spots, wrinkles, holes and uneven color created from the animal fur (see in Figure 1) in the leather 

surface also become the hurdle for creating the good quality of leathers [2]. In the leather factory, 

workers conduct an inspection of leather defects and conduct monitoring consistently. However, since 

the inspection proses is conducted manually, it leads to the subjective evaluation and may cause the high 

false defect recognition due to the human mistake and mis-interpretation. Furthermore, the quantity of 

professional leather inspector is quite small due to the qualification process. The qualified inspectors 

have to accomplish a series of inspector professional training to be certified as a high quality of leather 

defect inspector [2]. 
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(a) (b) (c) 

Figure 1. Example of several leather defects: (a) black line; (b) wrinkle, and (c) insect bite [2] 

Regarding to the aforementioned problem, artificial intelligence (AI) offers a significant 

contribution in the leather defect detection process. Several research communities and academy have 

been done in the development of intelligent system for detecting leather defect by applying artificial 

intelligent. Jawahar et.al., [3] proposed a combination of wavelet (refers to feature extraction method) 

and support vector machine as classifier which was evaluated in 700 data with resolution of 256 by 256 

pixels. The dataset was comprised into two classes which are 500 data containing of leather defect and 

200 normal images. 70% of those data were performed as the training data and 30% of the total data 

were performed as testing data. This research work successfully achieved accuracy of 95%. Bong et.al., 

[4] evaluated 2500 images containing of four classes such as scar, pinhole, scratch and normal leather. 

This study successfully obtained accuracy of more that 98%. Liong et.al., [5] performed canny edge 

detection combined with artificial neural network for evaluating 2378 images and achieved accuracy of 

84%. Another research performed segmentation technique for recognizing the location and area of 

leather defect. Liong et.al., [1] successfully utilized Mask R-CNN for evaluating 584 images and 

achieved accuracy of 91.5%. 

Regardless to the excellent performance resulted from the previous research works, developing 

intelligent inspection method for detecting leather defect still remained some hurdles. Almost previous 

studies were carried out by utilizing traditional method in which it was not suitable enough for the 

complex dataset. It also required more time for executing the method. Hence, an alternative method that 

was suitable with complex dataset was needed. To address those problems, we proposed deep learning 

approach for identifying the type of leather defect by developing deep learning architecture that was 

suitable for recognizing five types of leather defects. 

 

2. RESEARCH METHOD 

The defect identification process was occurred by conducting several processes as depicted in the 

Figure 2. Generally, the defect identification process was done by employing deep learning classification 

network. NasNet was considered to be classification network in this research work since its outstanding 

performance in distinguishing the feature patterns of small objects. Before we began those processes, 

we conducted the data acquisition by creating an xml file of data and ground truth since it was required 

for the deep learning training process. 
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Figure 2. Flowchart of the proposed solution 

2.1.  Dataset 

This research work used leather public dataset comprising of 3600 images. The dataset consisted 

of six classes which are folding marks, grain off, growth marks, loose grains, pinhole and non-defective. 

The dataset was completed with classification ground truth. An example of dataset is depicted in Figure 

3. Therefore, the detail information of dataset is illustrated in Table 1. 

   
(a) (b) (c) 
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(d) (e) (f) 

Figure 3. Example of data : (a) folding marks, (b) grain off, (c) growth marks, (d) loose grains, (e) pinhole and 

(f) non-defective 

 
Table 1. The Detail Information of Dataset 

Component Detail Information 

Type of image Leather defect images 

Dimension 227 x 227 

Ground truth Classification which contained of six classes (folding 

marks, grain off, growth marks, loose grains, pinhole and 

non-defective). 

Number of data The dataset consisted of 3600 images divided in the 

following proportion: 

a. folding marks : 600 images 

b. grain off : 600 images 

c. growth marks : 600 images 

d. loose grains : 600 images 

e. pinhole  : 600 images 

f. non-defective : 600 images 

Source of data The used dataset was secondary dataset from previous 

research work conducted by Vasagam et.al [6] 

 

2.2.   Experimental Design 

 Our experiment was divided into three major processes. In the first processes, we divided the data 

into three part of data which are training data, validation data and testing data with proportion of 

80:10:10. We used training data and validation data as an input of training process. Whereas, the testing 

data was used in the testing process. In this study, we employed NasNet architecture [7] by conducting 

transfer learning method to distinguishing the types of leather defect. Transfer learning was a practical 

deep learning approach that transferred knowledge from the trained model. It worked by extracting 

certain data to produce a weight representing the data. The weight was then called as a pre-trained model. 

To utilize the pre-trained model, we can used two approach which were using the pre-trained model as 

feature extractor [8][9] and using it as fine-tuning [10]. Using the pre-trained model for extracting the 

feature was like we employing this method to extract all important information from the data and then 

fit those results to the classifiers. While, fine-tunning allowed us to re-create a new model considering 

the weight of the existing model which it was powerful to handle overfitting and underfitting problem. 

It also can improve the performance of model [11]–[14]. 

In this research work, we employed fine-tunning method by utilizing the weight from ImageNet 

[15]. Its architecture is illustrated in Figure 4. This weight was then fit to the architecture of NasNet. 

NasNet was considered to be implemented in this study since it performed outstanding result comparing 

other architecture [16]. The architecture of NasNet is illustrated in Table 2. 
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Figure 4. Architecture of fine-tuning pre-trained model 

 
Table 2. The architecture of NasNet 

Layer (type) Output shape Parameters 

NasNet (functional) (None, 11, 11, 4032) 84916818 

global_average_ pooling2d (None, 4032) 0 

dropout (Dropout) (None, 4032) 0 

dense (Dense) (None, 16) 64528 

dropout_1 (Dropout) (None, 16) 0 

dense_1 (Dense) (None, 8) 136 

dropout_2 (Dropout) (None, 8) 0 

dense_2 (Dense) (None, 2) 18 

 

3. RESULTS AND ANALYSIS 

In this research, we performed NasNet architecture by using fine-tunning transfer learning method. 

Before conducting training process, we divided the data into three part which are training data, validation 

data and testing data with proportion of 80:10:10. Result of training process is illustrated in Figure 5. 

Figure 5(a) illustrates the accuracy during training process, while Figure 5(b) illustrates the loss during 

training process. In both figure, blue line illustrates the result in every epoch for training data. Whereas 

the orange line illustrates the result in every epoch for validation data. According Figure 5, we can 

conclude that maximum accuracy for training data is 0.9788 with loss of 0.0198. While the maximum 

accuracy in validation data is 0.8059 with loss of 0.2126. In the testing data, our experiment obtained 

accuracy of 0.8603 with loss of 0.1603. The detail result of our experiment can be seen in Table 3.  

 
(a) 
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(b) 

Figure 5. Result of training process: (a) accuracy of training process and (b) loss of training process 

 
Table 3. Summary of Results 

Component Description/Results 

Size of input data 227x227 

Proportion of data 80:10:10 

Augmentation Online 

Number of epochs 45 

Number of parameters 84,916,818 

Accuracy Training 0.9788 

 Validation 0.8059 

 Testing 0.8603 

Loss Training 0.0198 

 Validation 0.2126 

 Testing 0.1603 

 

According to Table 3, it can be concluded that the NasNet was suitable for distinguishing the leather 

defects with the accuracy of more than 80% in training data, validation data and testing data. Actually, 

the dataset has been employed by the previous research work and has achieved an accuracy of 94.25%. 

However, it only used a part of data which was consisted of two classes of defect. The researcher also 

used several image processing techniques that was more suitable for the proposed cases. Comparing to 

our proposed solution results, that previous research was seemingly much better. Despite of its 

consideration, our proposed solution was employed six type of leather defects that was much difficult 

to be distinguished. Hence, in the future, we can combine our proposed solution with additional pre-

treatment processes to increase the results. 

 

4. CONCLUSION 

This study focused to create a deep learning model for distinguishing the types leather defects. We 

introduced the proposed solution that was divided into three main processes which are data acquisition, 

training process and testing process. We performed our proposed solution in 3600 images that was 

distributed in five classes of defect. Our proposed solution successfully achieved accuracy for training 

data is 0.9788 with loss of 0.0198. While the maximum accuracy in validation data is 0.8059 with loss 

of 0.2126. In the testing data, our experiment obtained accuracy of 0.8603 with loss of 0.1603. The used 

data has actually been utilized by the previous research work and has achieved an accuracy of more than 
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90% in which it seemingly much better than our findings. Despite of its consideration, our proposed 

solution was conducted by performing six types of defects. While, the previous research only used two 

types of defects. Hence, for further research, we can employe additional processes that supporting in 

achieving an outstanding performance. 

 

ACKNOWLEDGEMENTS 

The author would like to thank Department of Information Technology, Faculty of Engineering, 

Universitas Tidar and Department of Leather Product Processing Technology, Politeknik ATK 

Yogyakarta for inspiring discussion and motivation. The author would also like to thank for encouraging 

suggestion from the reviewers. 

 

REFERENCES  

 

[1] S.-T. Liong, Y. S. Gan, Y.-C. Huang, C.-A. Yuan, and H.-C. Chang, “Automatic Defect 

Segmentation on Leather with Deep Learning,” 2019, [Online]. Available: 

http://arxiv.org/abs/1903.12139. 

[2] S. T. Liong, D. Zheng, Y. C. Huang, and Y. S. Gan, “Leather defect classification and 

segmentation using deep learning architecture,” Int. J. Comput. Integr. Manuf., vol. 33, no. 10–

11, pp. 1105–1117, 2020, doi: 10.1080/0951192X.2020.1795928. 

[3] M. Jawahar, N. K. C. Babu, and K. Vani, “Leather texture classification using wavelet feature 

extraction technique,” in 2014 IEEE International Conference on Computational Intelligence and 

Computing Research, 2014, pp. 1–4. doi: 10.1109/ICCIC.2014.7238475. 

[4] H.-Q. Bong, Q.-B. Truong, H.-C. Nguyen, and M.-T. Nguyen, “Vision-based Inspection System 

for Leather Surface Defect Detection and Classification,” in 2018 5th NAFOSTED Conference 

on Information and Computer Science (NICS), 2018, pp. 300–304. doi: 

10.1109/NICS.2018.8606836. 

[5] S.-T. Liong, Y. S. Gan, Y.-C. Huang, K.-H. Liu, and W.-C. Yau, “Integrated Neural Network and 

Machine Vision Approach For Leather Defect Classification,” 2019, [Online]. Available: 

http://arxiv.org/abs/1905.11731. 

[6] S. N. Vasagam and M. Sornam, “Intermittent Leather Defect Detection Based on Ensemble 

Algorithms Derived from Black Hat Transformation and Hough Transformation BT  - ICT 

Analysis and Applications,” 2022, pp. 35–45. 

[7] B. Zoph, V. Vasudevan, J. Shlens, and Q. V. Le, “Learning Transferable Architectures for 

Scalable Image Recognition,” Proc. IEEE Comput. Soc. Conf. Comput. Vis. Pattern Recognit., 

pp. 8697–8710, 2018, doi: 10.1109/CVPR.2018.00907. 

[8] M. Rahman, Y. Cao, X. Sun, B. Li, and Y. Hao, “Deep pre-trained networks as a feature extractor 

with XGBoost to detect tuberculosis from chest X-ray,” Comput. Electr. Eng., vol. 93, p. 107252, 

2021, doi: https://doi.org/10.1016/j.compeleceng.2021.107252. 

[9] U. K. Lopes and J. F. Valiati, “Pre-trained convolutional neural networks as feature extractors for 

tuberculosis detection,” Comput. Biol. Med., vol. 89, pp. 135–143, 2017, doi: 

https://doi.org/10.1016/j.compbiomed.2017.08.001. 

[10] X. Liu, C. Wang, J. Bai, and G. Liao, “Fine-tuning Pre-trained Convolutional Neural Networks 

for Gastric Precancerous Disease Classification on Magnification Narrow-band Imaging Images,” 

Neurocomputing, vol. 392, pp. 253–267, 2020, doi: 

https://doi.org/10.1016/j.neucom.2018.10.100. 

[11] V. G. Buddhavarapu and A. A. J. J, “An experimental study on classification of thyroid 

histopathology images using transfer learning,” Pattern Recognit. Lett., vol. 140, pp. 1–9, 2020, 

http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&
http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&


 

  

Volume 10, Issue 2, Oktober 2023, pp. 200-207 

ISSN 2355-5068 ; e-ISSN 2622-4852 

DOI: 10.33019/jurnalecotipe.v10i2.4329 

207 

 

 

 

 
Toward Adaptive Manufacturing Development: Implementation…. (A. R. Prananda, et al)  

 

doi: https://doi.org/10.1016/j.patrec.2020.09.020. 

[12] Y. Wen, L. Chen, Y. Deng, and C. Zhou, “Rethinking pre-training on medical imaging,” J. Vis. 

Commun. Image Represent., vol. 78, p. 103145, 2021, doi: 

https://doi.org/10.1016/j.jvcir.2021.103145. 

[13] L. Alzubaidi et al., “Towards a Better Understanding of Transfer Learning for Medical Imaging: 

A Case Study,” Applied Sciences , vol. 10, no. 13. 2020. doi: 10.3390/app10134523. 

[14] L. Alzubaidi et al., “Novel Transfer Learning Approach for Medical Imaging with Limited 

Labeled Data,” Cancers (Basel)., vol. 13, no. 7, p. 1590, Mar. 2021, doi: 

10.3390/cancers13071590. 

[15] O. Russakovsky et al., “ImageNet Large Scale Visual Recognition Challenge,” Int. J. Comput. 

Vis., vol. 115, no. 3, pp. 211–252, 2015, doi: 10.1007/s11263-015-0816-y. 

[16] Keras, “Keras Applications,” Keras API, 2021. https://keras.io/api/applications/ (accessed Aug. 

12, 2021). 

 

 
 

 

http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&
http://issn.lipi.go.id/issn.cgi?daftar&1368096553&1&&

