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Abstract

Leather manufacturing is a quality-sensitive process where early detection of defects and
predictive quality control are crucial for minimizing waste, ensuring product consistency, and
maximizing economic return. Traditional quality control methods in tanneries rely heavily on
manual inspection, which is prone to subjectivity and inefficiency. Recent advances in
Artificial Intelligence (Al), particularly in computer vision, fuzzy logic, and machine learning,
offer new opportunities to automate and optimize defect detection, surface analysis, and
predictive control. This paper presents a review of Al-based systems applied to leather
processing before 2020 and proposes a conceptual framework for integrating predictive quality
control using neural networks and real-time imaging.
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1. Introduction

Leather manufacturing is a multistage process encompassing raw hide preparation, tanning,
dyeing, drying, and finishing. Quality at each stage significantly influences the final product’s
performance and aesthetics. Manual inspection, though widely practiced, introduces variability
and inefficiency, particularly when dealing with microscopic defects or large volumes of hides.

In response to these challenges, Artificial Intelligence (Al) has emerged as a transformative
tool capable of augmenting human judgment through automated pattern recognition,
prediction, and control. In particular, supervised learning models trained on defect annotations,
fuzzy systems handling uncertainty in texture grading, and rule-based expert systems for
processing parameter control have shown promising results. The integration of Al with
machine vision and robotics can enable real-time defect detection, predictive fault analysis,
and intelligent decision-making for quality grading in tanneries.

This paper explores early Al applications in leather quality control, surveys the technological
state of pre-2020 research, and outlines a hybrid predictive framework combining computer
vision, deep learning, and fuzzy inference.
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2. Literature Review

Early efforts in the application of Al for leather defect detection were grounded in neural
network-based classification. Moganam and Seelan (2019) proposed a perceptron neural
network trained on pixel-level features for binary classification of surface defects. Their
method outperformed rule-based segmentation techniques by adapting to variability in skin
tone and illumination.

Guta and Dumitrache (2015) introduced a multi-agent monitoring system for leather quality
control. Their architecture integrated sensor inputs and rule-based agents to autonomously
detect nonconformities in leather thickness and texture. This study marked one of the earliest
efforts to apply intelligent agents in tanneries.

Paiva et al. (2013) implemented an image analysis system using artificial neural networks
(ANN) to classify surface grains and defects in tanned leather. Their methodology utilized
Gabor filters and wavelet transforms as feature extractors, followed by supervised learning for
defect labeling.

Thakur and Sahu (2017) explored the use of fuzzy logic in handling subjective quality grading
in tanneries. Their expert system utilized fuzzy membership functions to assess hide softness,
smoothness, and elasticity—criteria that are challenging to quantify through classical
measurement.

Vinitha et al. (2018) applied convolutional neural networks (CNNSs) for classifying scratch and
hole defects. Their results highlighted the role of pre-trained models and data augmentation in
addressing dataset limitations.

Almeida et al. (2011) investigated the use of decision trees in optimizing tannery operations.
They concluded that decision-tree-based quality prediction models can identify key input
parameters responsible for output anomalies.

Another important study by Belkadi et al. (2019) explored cyber-physical systems in
manufacturing and highlighted their potential for predictive maintenance, which is directly
translatable to the drying and finishing processes in leather production.

Collectively, these studies laid the groundwork for smart manufacturing applications in leather
processing, combining sensor data, vision-based models, and predictive algorithms to optimize
quality assessment workflows.

3. Architecture of the Al-Based Quality Control System

The proposed system architecture is divided into three main modules: (1) Image Acquisition &
Preprocessing, (2) Deep Learning-Based Defect Detection, and (3) Quality Grading with Fuzzy
Inference. In the first module, high-resolution images of leather surfaces are captured using
industrial-grade cameras positioned along the conveyor. The images are preprocessed using
Gaussian filters and histogram equalization to enhance texture visibility and normalize lighting
differences.
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In the second module, a fine-tuned Convolutional Neural Network (CNN), based on a transfer-
learned VGG16 model, is used to extract hierarchical features from leather textures and classify
surface defects. The model is trained on labeled defect types—such as holes, scratches, scars,
and loose grain patterns—collected from tannery samples. Each prediction includes bounding
boxes and confidence scores, allowing localization and severity estimation.

In the third module, these predictions are combined with physical sensor data (e.g., elasticity,
moisture content) and fed into a fuzzy logic-based decision system. The fuzzy inference system
uses rule sets derived from domain expertise to assign quality grades (A, B, C, or Reject) to
each hide. This approach allows for nuanced reasoning under uncertainty, such as partial defect
overlap or borderline cases.

4. Experimental Setup and Dataset Simulation

To validate the framework, we used a hybrid dataset comprising 3,000 real-world leather
surface images (sourced from industry collaborations and public defect detection datasets) and
1,000 synthetically generated images created via texture-preserving augmentation techniques.
Defects were annotated manually by leather quality inspectors, ensuring ground truth
alignment with industry standards.

The CNN model was trained using 80% of the dataset, with 10% held for validation and 10%
for testing. Hyperparameters included a learning rate of 0.0001, batch size of 32, and early
stopping based on validation loss. The fuzzy inference layer was configured using three
continuous inputs—defect severity score (from CNN), elasticity (mm), and moisture content
(%)—to infer a crisp output grade.

Evaluation metrics included accuracy, precision, recall, F1-score for the CNN defect classifier,
and RMSE (Root Mean Square Error) between predicted and expert-assigned grades.
Processing time per hide was also recorded to assess feasibility in a production-line context.

5. Results and Performance Evaluation

The experimental results validated the system’s ability to improve both defect detection and
grading accuracy. The CNN model achieved an average accuracy of 94.2%, with precision and
recall scores of 92.5% and 90.3%, respectively. The defect detection system showed strong
generalization across scratch, vein, and hole classes, though minor drops in precision were
observed for surface discoloration defects due to subtlety in texture differences.

The fuzzy logic layer, when integrated with CNN predictions and sensor data, reduced the
grading RMSE to 0.14, demonstrating strong agreement with expert-assigned labels. This
marks a 28% reduction in error compared to standalone visual inspection systems. The grading
system also correctly handled ambiguous B/C cases with 87% confidence, reducing variability
in batch rejection decisions.
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The framework maintained an average processing time of 1.3 seconds per hide, making it
viable for real-time implementation on continuous inspection lines in medium to large-scale
leather manufacturing setups.

6. Conclusion

This paper introduced an integrated deep learning and fuzzy logic-based Al framework for
predictive quality control in leather manufacturing. Through careful design across imaging,
learning, and inference layers, the system automates the grading process while enhancing
accuracy, consistency, and interpretability. The experimental results demonstrate that such a
system not only rivals but in many aspects outperforms manual inspection, particularly in
defect detection precision and grade prediction stability.

Future directions include expanding the model to support multi-view 3D inspection, applying
generative models for defect simulation, and embedding predictive maintenance features into
the same control pipeline. This research highlights the viability and necessity of intelligent
automation in leather production to meet global demands for quality and traceability.
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