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Abstract: Food adulteration in powdered food products is a critical issue that affects public health and food quality, particularly in 

regions where rapid and low-cost testing methods are limited. Traditional laboratory-based detection techniques are often time-

consuming, expensive, and inaccessible for real-time consumer use. This research proposes a hybrid explainable computer vision 

framework called Computer Vision–Adulteration Fusion Network (CV-AFNet) for detecting adulteration in powdered commodities 

such as maida and red chilli powder using image-based analysis. A custom dataset is developed using mobile phone cameras under 

both controlled and real-world environmental conditions, incorporating multiple adulteration ratios to improve model robustness. 

The proposed framework integrates preprocessing and hybrid segmentation techniques to improve the quality of the extracted 

sample region. Both handcrafted features, including color moments and texture descriptors, and deep features extracted through a 

lightweight convolutional architecture are combined using a feature fusion strategy. An Enhanced Recursive Feature Elimination 

(ERFE) method is applied to remove redundant features and improve generalization performance while reducing computational 

complexity. Multiple classifiers are evaluated to validate the effectiveness of the fused feature representation. In addition, 

explainable artificial intelligence techniques are incorporated to improve transparency and interpretability of the model predictions. 

The system provides a cost-effective, non-destructive, and practical solution for consumer-level food adulteration detection and 

supports future development of real-time mobile-based food quality monitoring systems. 
Keywords: Computer Vision, CV-AFNet, Explainable AI (XAI), Feature Fusion, Food Adulteration, Hybrid Feature Extraction, 

Image Segmentation, Mobile Imaging, Powdered Foods, Texture Analysis 
 

1. Introduction  
Food adulteration is a serious concern because it compromises food quality, safety, and human health, leading 

to both short-term and long-term medical complications. Food adulteration can cause digestive disorders, organ 

damage, allergic reactions, toxicity, and chronic diseases such as cancer. It also reduces nutritional value and erodes 

public trust in the food supply system. Adulterators and unethical traders benefit financially by reducing production 

costs. Consumers—especially children, elderly people, and low-income populations—are the most affected because 

they consume adulterated food unknowingly and lack access to quality testing mechanisms. Food adulteration research 

is vital to ensure public health, food safety, and consumer protection. It helps in developing reliable detection 

mechanisms that can prevent health hazards and support regulatory enforcement. Traditional laboratory-based 

methods are time-consuming, costly, and inaccessible to common consumers [1]. 
Computer Science enables automated, scalable, and cost-effective solutions using data-driven techniques. 

Explainable AI (XAI) provides transparency in decision-making by showing why a food sample is classified as 

adulterated. This builds trust among consumers, food inspectors, and regulatory authorities. XAI identifies critical 

visual and non-visual features responsible for adulteration detection, enabling interpretability and accountability. This 

helps in validating results and supporting legal and regulatory actions. Visible adulteration includes impurities 

detectable by appearance or texture, while non-visible adulteration involves chemical or compositional changes not 
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detectable by the human eye. Identifying both ensures comprehensive food safety [2]. Visible adulteration is identified 

using image-based analysis, texture features, and color patterns extracted through computer vision and machine 

learning techniques. Non-visible adulteration is detected using feature extraction, statistical patterns, and predictive 

modelling based on chemical or sensor-derived data. Maida is commonly adulterated with chalk powder, introducing 

calcium carbonate that affects digestion and kidney health. Red chilli powder is often adulterated with brick powder 

or synthetic dyes, causing toxicity and liver damage [3]. This research empowers consumers and authorities with 

accessible detection tools, discourages unethical practices, and strengthens food quality monitoring, thereby helping 

to prevent adulteration at early stages. 
The major contributions of this research are summarized as follows: 
❖ A hybrid computer vision framework named CV-AFNet is developed for detecting adulteration in 

powdered food products using image-based analysis. 
❖ A Hybrid Adaptive Texture-Aware Segmentation (HATAS) method is proposed to accurately isolate 

powder regions from complex backgrounds. 
❖ A feature fusion strategy is introduced that integrates handcrafted color and texture descriptors with deep 

convolutional features to enhance discriminative representation. 
❖ An Enhanced Recursive Feature Elimination (ERFE) method is employed to remove redundant features 

and improve model generalization while reducing computational complexity. 
❖ Explainable artificial intelligence techniques are incorporated to provide visual interpretation of the 

model’s decision-making process. 
❖ A custom powdered food adulteration dataset is constructed using mobile camera images captured under 

both controlled and real-world environmental conditions. 
This research proposes a computer vision–based framework called CV-AFNet for detecting food adulteration 

from image data. The model focuses on extracting meaningful visual features that help identify adulteration patterns 

more effectively. In addition, a Hybrid Adaptive Texture-Aware Segmentation (HATAS) method is introduced to 

accurately locate suspicious regions in food images by analyzing texture and structural variations. By combining 

segmentation with adaptive feature learning, the proposed framework improves detection performance compared to 

conventional classification approaches. The system is trained using standard datasets and appropriate preprocessing 

techniques to ensure reliability and consistency in results. The effectiveness of the model is evaluated using statistical 

metricsemonstrating that the proposed approach can support automated food quality monitoring and adulteration 

detection[4]. 

2. Related Works  
Research on food adulteration detection has progressed through several technological phases. Early studies 

mainly relied on chemical analysis techniques such as spectroscopy, chromatography, and infrared sensing to identify 

foreign substances in food materials. Although these laboratory-based approaches provide reliable results, they require 

expensive equipment, trained personnel, and considerable processing time, which limits their applicability for large-

scale or consumer-level testing. With the advancement of machine learning, researchers began exploring automated 

detection approaches using statistical and pattern-based models [5]. Algorithms such as Support Vector Machines, 

Random Forest, and K-Nearest Neighbors have been applied to classify adulterated food samples using extracted 

color, texture, and compositional features. These methods improved automation but often struggle when the visual 

difference between pure and adulterated samples is subtle. Recent research has increasingly focused on deep learning 

techniques, particularly convolutional neural networks, which automatically learn discriminative visual patterns from 

image data. CNN-based models have shown promising results in food quality analysis and adulteration detection. 

However, many deep learning systems operate as black-box models, providing limited explanation for their 

predictions, which raises concerns regarding reliability and transparency in safety-critical applications. To address this 

limitation, explainable artificial intelligence techniques such as Grad-CAM, LIME, and SHAP have been integrated 

with deep learning frameworks to highlight the visual regions responsible for classification decisions. While these 

approaches improve interpretability, several challenges remain, including limited dataset availability, high 

computational requirements, and lack of unified frameworks capable of handling real-world imaging conditions. 

Therefore, there is a need for an efficient and explainable computer vision framework that combines multiple feature 

extraction strategies and operates reliably under practical conditions. This research aims to address these limitations 

by introducing a hybrid feature fusion framework specifically designed for powdered food adulteration detection. 

Addressing this gap is essential for ensuring food safety, enhancing consumer trust, and supporting regulatory 

enforcement, thereby justifying the necessity and societal impact of the proposed research. Existing studies on food 
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adulteration detection primarily rely on traditional laboratory testing methods or standard machine learning models 

that require extensive manual intervention and controlled experimental environments. Although several computer 

vision and deep learning techniques have been introduced for food quality analysis, many of these approaches face 

limitations such as inadequate segmentation accuracy, sensitivity to lighting variations, and limited capability in 

identifying subtle adulteration patterns within complex food textures. Furthermore, most existing models focus on 

classification tasks without emphasizing robust segmentation mechanisms that can precisely isolate adulterated 

regions within the image. Another significant limitation observed in prior research is the lack of adaptive feature 

extraction strategies that can effectively capture fine-grained visual characteristics associated with adulteration. 

Conventional convolutional architectures often struggle to distinguish between natural texture variations and 

adulterated components. As a result, there is a need for a more robust framework that integrates advanced segmentation 

and adaptive feature extraction techniques to improve detection reliability [6]. To address these limitations, this work 

proposes a novel framework that combines Hybrid Adaptive Texture-Aware Segmentation (HATAS) with a Computer 

Vision Adaptive Feature Network (CV-AFNet) to enhance the detection and localization of adulteration patterns in 

food images. 
Table 1: Comprehensive Survey Table for Food adulteration detection using ML / DL / XAI – focus on 

powders, spices, flour 

S.N

o 
Year Title Method Used 

How 

Adulteration 

Identified 

Why This 

Work is 

Needed 

Research Gap 

1 2025 

DL & XAI for 

Red Chilli 

Adulteration 

CNN + Grad-

CAM 

Image-based 

texture & color 

Manual 

inspection 

unreliable 

Limited 

adulterant types 

2 2025 

XAI-enabled 

CNN for Spice 

Adulteration 

DenseNet + 

LIME 
Visual patterns 

Trustworthy 

AI 

Dataset 

scalability 

3 2024 
Spectroscopy + 

ML Review 
ML + NIR 

Chemical 

composition 

Non-

destructive 

testing 

No explainability 

4 2025 
AI for Food 

Fraud Detection 

CNN, RF, 

SVM 

Multi-source 

data 

Food safety 

automation 
No real-time use 

5 2024 

Visible Imaging 

for Spice 

Adulteration 

HOG + SVM Surface texture 
Low-cost 

detection 

Low accuracy for 

complex cases 

6 2023 

Flour 

Adulteration 

Detection 

CNN Image pixels 
Wheat flour 

purity 

No non-visible 

detection 

7 2022 

Chalk Powder 

Detection in 

Flour 

SVM 
Chemical 

features 

Health risk 

mitigation 
Small dataset 

8 2024 
ML for Food 

Powder Quality 
RF, KNN 

Statistical 

patterns 
Automation 

Black-box 

models 

9 2023 
Deep Learning 

for Food Safety 
CNN Image + sensor 

Industry 

monitoring 
No XAI 

10 2025 
Explainable AI 

for Food Fraud 
SHAP, LIME 

Feature 

attribution 

Regulatory 

trust 

Computational 

cost 

11 2022 
Chilli Powder 

Adulteration 
PCA + SVM Color histogram Spice quality 

Low 

generalization 

12 2021 
Chalk Detection 

in Wheat Flour 
Spectral ML FTIR 

Non-visible 

adulteration 
Equipment cost 

13 2023 

CNN for 

Powder 

Adulteration 

CNN Texture learning 

Accuracy 

improvemen

t 

No explanation 

14 2024 
Hybrid ML for 

Spices 
CNN + RF Feature fusion 

Robust 

detection 

Model 

complexity 
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15 2020 

ML Review on 

Food 

Adulteration 

ML survey Multiple 

Research 

consolidatio

n 

No 

implementation 

16 2021 
Adulterant 

Classification 
ANN Numeric data 

Food 

authenticity 
No image data 

17 2022 

Non-visible 

Food 

Adulteration 

Chemometrics 
Chemical 

signals 

Safety 

assurance 
Limited foods 

18 2023 
Powder Image 

Classification 
CNN Visual cues Automation Dataset bias 

19 2024 
Coconut Milk 

Adulteration 
FTIR + ML 

Chemical 

profile 

Non-

destructive 

Not applicable to 

powders 

20 2025 
BART for Food 

Authenticity 
BART 

Feature 

importance 

Explainabilit

y 

Limited 

categories 

21 2022 
Food Quality 

Monitoring 
IoT + ML Sensor data 

Smart 

systems 
No XAI 

22 2023 
ML for Food 

Safety 
KNN, RF Data patterns 

Low-cost 

testing 
Low accuracy 

23 2024 
DL for Powder 

Food Analysis 
CNN Visual features 

High 

precision 

No non-visible 

analysis 

24 2025 
Sustainable AI 

for Spices 
CNN + XAI 

Visual 

explainability 

Trustworthy 

AI 
Small samples 

25 2023 
Intelligent Food 

Inspection 
ML + CV 

Image 

processing 
Automation 

No social 

deployment 

Outline of the Proposed Research Work  
The proposed methodology introduces a novel Computer Vision–based Adulteration Fusion Network (CV-

AFNet) designed to detect food adulteration efficiently and reliably shown in figure 1. The importance of this 

methodology lies in its ability to enhance real-time usability, reduce dependency on large-scale datasets, improve 

model transparency and trust, and enable cost-effective implementation, making it suitable for practical and societal 

deployment [7].  
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Figure 1: Outline of the Research Work 

3. Proposed Methodology  
3.1 Data Collection  

Since there is no publicly available benchmark dataset specifically for maida and red chilli powder adulteration, 

a custom image dataset is created for this research [8]. The dataset consists of both pure samples and adulterated 

samples prepared using commonly reported household-level adulterants. The dataset contains images captured under 

multiple adulteration ratios (e.g., 5%, 10%, 20%, 30%, and 40%) to simulate real-world scenarios. The dataset is 

collected from the following sources: 

1. Local grocery stores and markets (real commercial samples) 
2. Controlled laboratory preparation (manual mixing of adulterants) 
3. Supplementary reference images from Kaggle datasets related to spice textures (used only for visual 

diversity and preprocessing validation) 
This hybrid collection improves generalization and reduces dataset bias. Since publicly available benchmark 

datasets specifically designed for powdered food adulteration detection are extremely limited, a dedicated dataset was 
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created for this study. The dataset was constructed following standard image dataset preparation procedures commonly 

adopted in computer vision research. Samples of maida and red chilli powder were collected from local markets and 

controlled laboratory preparation environments. Multiple adulteration ratios were prepared to simulate practical 

contamination scenarios. Images were captured using mobile phone cameras under different lighting conditions to 

ensure dataset diversity and improve model generalization [9]. This dataset design enables the proposed framework 

to learn subtle visual variations associated with adulteration while maintaining real-world applicability. 

3.2 Image Acquisition 
Images are captured using mobile phone cameras, ensuring accessibility and real-world applicability. Data 

collection is performed in both controlled environments (laboratory) and uncontrolled environments (market/home), 

with multiple adulteration ratios included. This approach ensures dataset diversity and strengthens real-world 

robustness of the model [10]. To ensure uniform processing, all images are resized to: 224 × 224 pixels (rows × 

columns) This resolution is selected because it is standard for lightweight deep learning models such as MobileNet 

and reduces computational cost. Since this is an image dataset, rows and columns refer to pixel dimensions rather than 

tabular entries. 
Table 2: Dataset Size (Rows and Columns Interpretation) 

Parameter Value 

Total Images 1200 (approx.) 

Classes 2 (Pure / Adulterated) 

Image Resolution 224 × 224 pixels 

Channels 3 (RGB) 

After feature extraction: 
• Handcrafted feature vector size ≈ 30–60 features 
• Deep feature vector size ≈ 128–1024 features 
• Final fused feature vector ≈ 200–1100 columns (features) 
The dataset is specifically designed because: 
• Real adulteration datasets for powdered food are rare and not standardized 
• Powdered substances require texture-level analysis, which needs controlled preparation 
• Household-level adulterants (chalk powder, brick powder) are commonly reported in India 
• Real-world lighting variation is necessary to test robustness 
This dataset allows the proposed hybrid model to: 
• Capture color deviations 
• Detect granularity changes 
• Improve real-world performance 
Food adulteration is a significant public health issue, particularly in developing regions where routine laboratory 

testing is not accessible. The selected dataset has strong societal relevance because it reflects: 
• Daily-use food materials (maida and chilli powder) 
• Low-cost adulteration practices used in local markets 
• Real consumer-level purchasing environments 
Real-time importance includes: 
• Consumer safety at the household level 
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• Quick mobile-based detection support 
• Reduction in health risks caused by chemical adulterants 
• Support for food inspection authorities 
This dataset directly supports the development of a low-cost, non-destructive, mobile-based adulteration 

detection framework, making the research practically deployable. The dataset developed for this research represents 

a custom real-world powdered food adulteration dataset specifically designed to address the absence of publicly 

available benchmark datasets for household-level adulteration detection. Images are collected under multi-

environment conditions, including both controlled laboratory settings and uncontrolled real-world environments such 

as homes and local markets, ensuring robustness against lighting and background variations. To simulate practical 

adulteration scenarios, multiple adulteration ratios are systematically prepared and captured, enabling the model to 

learn subtle visual differences between pure and adulterated samples. Furthermore, the dataset is structured to support 

explainable hybrid feature learning, where both handcrafted features (color and texture) and deep features are 

effectively extracted and analyzed. This design enhances model interpretability, improves generalization capability, 

and strengthens the practical applicability of the proposed computer vision framework for real-time food quality 

assessment[11]. 

3.3  Image Preprocessing 
Preprocessing techniques such as illumination normalization, background removal, and CLAHE are applied to 

address inconsistent lighting conditions and image quality variations. These steps ensure that the sample region is 

clearly isolated and texture details are enhanced for effective analysis. Image preprocessing plays an essential role in 

improving the reliability of feature extraction. Raw images captured in uncontrolled environments often contain noise, 

illumination variations, and background interference [12]. To address these challenges, several preprocessing 

operations are applied, including illumination normalization, contrast enhancement using CLAHE, and background 

removal. These steps improve the visibility of texture patterns within powdered samples. Experimental analysis shows 

that preprocessing improves feature consistency and contributes to higher classification accuracy in the final model 

[13]. 
Methodology  
The core novelty of the proposed work lies in hybrid feature extraction, which integrates both handcrafted 

features and deep features. Handcrafted features such as color moments capture color deviations, while texture features 

(GLCM and LBP) analyze granularity changes. Deep features are extracted using a lightweight CNN / MobileNet 

architecture, enabling hierarchical spatial representation learning. This combination ensures that handcrafted features 

provide interpretability, while deep features offer strong discriminative power, resulting in improved accuracy and 

explainability [14]. 
Feature Fusion Layer 
Handcrafted and deep features are concatenated and normalized to align feature scales. This fusion improves 

class separation and helps in reducing overfitting, leading to better model stability.  
Proposed Feature Selection 
An Enhanced Recursive Feature Elimination (ERFE) technique is applied to remove redundant and weak 

features. ERFE improves generalization performance while significantly reducing computational complexity, making 

the framework efficient and lightweight. 
Classification 
Multiple classifiers, including Random Forest, XGBoost, and CNN–ML hybrid classifiers, are employed to 

perform comparative evaluation under real-world constraints. This ensures reliable performance assessment across 

different learning paradigms. 
Explainability Module 
Explainability is incorporated using Grad-CAM for CNN-based models and feature importance visualization 

for machine learning classifiers. This module ensures transparency, trust, and regulatory acceptability, which are 

essential for real-world adoption. 
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Implementation Details 
The framework is implemented using Python, with libraries such as OpenCV, TensorFlow, and PyTorch. The 

dataset consists of pure and adulterated image samples, and performance is evaluated using Accuracy, Precision, 

Recall, and F1-score. The final output identifies samples as adulterated or non-adulterated with a confidence score. 

3.4 Segmentation Techniques  
3.4.1 Otsu Threshold-Based Segmentation 

Segmentation is an important preprocessing step that helps isolate the powdered food sample region from the 

background before feature extraction. In this research, the first segmentation approach uses Otsu threshold-based 

segmentation, which is an automatic global thresholding technique suitable for separating foreground and background 

regions based on pixel intensity distribution. Initially, the captured RGB image is converted into a grayscale image to 

simplify intensity analysis. Then, Otsu’s method computes an optimal threshold value by minimizing the intra-class 

variance between the foreground and background pixel groups. This approach is effective for powdered food images 

because texture and intensity variations between the sample region and the background are usually distinguishable 

under controlled capture conditions. After threshold computation, binary segmentation is applied to extract the sample 

region. Morphological operations such as erosion and dilation are further used to remove noise and refine the 

segmented region [15]. This ensures that only the relevant powder area is preserved for subsequent feature extraction. 

The main advantages of this technique include low computational complexity, automatic threshold selection, and 

suitability for lightweight real-time implementation. However, performance may reduce when illumination variation 

is high or when foreground and background intensities overlap significantly. Therefore, additional segmentation 

strategies are incorporated in later stages to improve robustness. Otsu’s method determines the optimal threshold by 

minimizing the intra-class variance (or equivalently maximizing the inter-class variance) between foreground and 

background pixel distributions. 
The between-class variance is given by: 

𝜎𝑏
2(𝑡) = 𝜔0(𝑡) 𝜔1(𝑡) [𝜇0(𝑡) − 𝜇1(𝑡)]2                     (1) 

Where: 

• 𝑡= threshold value 

• 𝜔0(𝑡)= probability of background class 

• 𝜔1(𝑡)= probability of foreground class 

• 𝜇0(𝑡)= mean intensity of background pixels 

• 𝜇1(𝑡)= mean intensity of foreground pixels 

• 𝜎𝑏
2(𝑡)= between-class variance 

The optimal threshold 𝑡∗is selected such that the between-class variance is maximized: 

𝑡∗ = arg max 𝜎𝑏
2(𝑡)                           (2) 

This equation enables automatic separation of the powdered sample region from the background, which 

improves the accuracy of subsequent feature extraction. 
3.4.2 K-Means Clustering-Based Segmentation 

The second segmentation approach employed in this research is K-Means clustering-based segmentation, which 

is an unsupervised learning technique used to group pixels into clusters based on their color similarity. Initially, the 

input RGB image is reshaped into a two-dimensional pixel feature matrix, where each pixel is represented by its color 

intensity values [16]. The K-Means algorithm partitions the image into K clusters by minimizing the distance between 

each pixel and its corresponding cluster centroid. In this work, K is typically set to 3 or 4 to separate the background, 

pure powder region, and possible adulterated regions. 
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The objective function of K-Means clustering is defined as: 

𝐽 = ∑ ∑ ∣∣ 𝑥 −𝑥∈𝐶𝑖

𝐾

𝑖=1
𝜇𝑖 ∣∣2                                    (2) 

Where: 

• 𝐾= number of clusters 

• 𝐶𝑖= set of pixels belonging to cluster 𝑖 

• 𝑥= pixel feature vector 

• 𝜇𝑖= centroid of cluster 𝑖 

• 𝐽= total within-cluster variance 

After clustering, the cluster corresponding to the powder region is selected based on color distribution and 

spatial continuity. Morphological filtering is then applied to refine the segmented area. This technique improves 

segmentation performance under varying lighting conditions and helps capture subtle color deviations caused by 

adulterants. However, it requires proper selection of the number of clusters and may slightly increase computational 

cost compared to threshold-based methods [17]. 
3.4.3 Watershed-Based Segmentation 

The third segmentation method used in this research is Watershed-based segmentation, which is a region-based 

approach widely used for separating closely connected regions in texture-dominated images such as powdered food 

samples. This method treats the grayscale image as a topographic surface, where pixel intensity represents elevation. 

High-intensity regions correspond to peaks, while low-intensity regions represent valleys. Initially, the input image is 

converted into grayscale and pre-processed using smoothing filters to reduce noise. Then, the gradient magnitude of 

the image is computed to highlight the boundaries between different texture regions [18]. The watershed algorithm 

floods the gradient image from local minima, gradually forming region boundaries where different flooding regions 

meet. This process helps in accurately separating the powdered sample area from the background and identifying 

subtle structural variations caused by adulteration. 
The gradient magnitude used in watershed segmentation is defined as: 

𝐺(𝑥, 𝑦) = √(
∂𝐼

∂𝑥
)

2

+ (
∂𝐼

∂𝑦
)

2

                                             (3) 

Where: 

• 𝐼= input grayscale image 

• 
∂𝐼

∂𝑥
= intensity change along the horizontal direction 

• 
∂𝐼

∂𝑦
= intensity change along the vertical direction 

• 𝐺(𝑥, 𝑦)= gradient magnitude image 

To avoid over-segmentation, marker-controlled watershed segmentation is applied, where foreground and 

background markers are identified using morphological operations. This method is effective for texture-based 

powdered samples because it captures fine boundary details. However, it is sensitive to noise and requires proper 

preprocessing to achieve stable segmentation results. 

3.4.4 Hybrid Adaptive Texture-Aware Segmentation (HATAS) 

The proposed segmentation method introduces a Hybrid Adaptive Texture-Aware Segmentation (HATAS) 

approach that combines adaptive thresholding, texture response mapping, and clustering refinement to accurately 

isolate powdered food regions under real-world variations. Unlike conventional segmentation techniques that rely 
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only on intensity or color, the proposed method integrates both texture and intensity characteristics, making it more 

suitable for detecting subtle adulteration patterns in fine-grained powder images shown in Figure 2. 

Figure 2: Architecture of proposed HATAS  

 

Explanation of the Proposed Method 

Powdered food samples such as maida and red chilli powder often exhibit micro-level texture variations when 

adulterants are present. Traditional segmentation techniques fail when: 

• Lighting conditions vary 

• Texture differences are subtle 

• Background interference exists 

To overcome these issues, the proposed method follows a hybrid pipeline: 

1. Adaptive Illumination Normalization: Reduces lighting variation using contrast enhancement. 

2. Texture Response Extraction: Local Binary Pattern (LBP) is applied to highlight micro-texture structures. 

3. Adaptive Thresholding: A locally computed threshold separates foreground powder regions from the 

background. 

4. K-Means Refinement: Pixel clusters are refined using both intensity and texture features. 

5. Morphological Optimization: Noise removal and boundary smoothing improve segmentation quality. 

This multi-stage design improves segmentation robustness for real-world images. 

Mathematical Model of the Proposed Segmentation 

Texture Mapping using LBP 

𝐿𝐵𝑃(𝑥𝑐 , 𝑦𝑐) = ∑ 𝑠(
𝑃−1

𝑝=0
𝐼𝑝 − 𝐼𝑐) 2𝑝                           (4) 

 

Where: 

• 𝐼𝑐= center pixel intensity 

• 𝐼𝑝= neighboring pixel intensity 
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• 𝑃= number of neighbors 

• 𝑠(𝑥)= step function 

𝑠(𝑥) = {
1, 𝑥 ≥ 0
0, 𝑥 < 0

 

This equation captures local texture variations caused by adulteration. 

Adaptive Threshold Calculation 

𝑇(𝑥, 𝑦) = 𝜇(𝑥, 𝑦) + 𝑘 ⋅ 𝜎(𝑥, 𝑦)                         (5) 

 

Where: 

• 𝜇(𝑥, 𝑦)= local mean intensity 

• 𝜎(𝑥, 𝑦)= local standard deviation 

• 𝑘= adaptive constant 

This improves segmentation under non-uniform lighting. 

Hybrid Feature Clustering Objective 

𝐽 = ∑ ∑ ∣∣𝑥∈𝐶𝑖

𝐾

𝑖=1
𝐹𝑥 − 𝜇𝑖 ∣∣2                                         (6) 

 

Where: 

• 𝐹𝑥= combined intensity-texture feature vector 

• 𝜇𝑖= centroid of cluster 𝑖 

This ensures better separation of adulterated regions. 

The novelty of the proposed segmentation lies in the following aspects: 
• Integration of texture-aware segmentation with adaptive thresholding 
• Combination of intensity + texture + clustering refinement 
• Designed specifically for powder-based adulteration detection 
• Works effectively with mobile camera images 
• Lightweight implementation suitable for real-time applications 

Unlike traditional segmentation methods that depend only on pixel intensity, the proposed approach captures 

micro-texture deviations, which are critical indicators of adulteration. 

4. Experimental Results  
This model is selected because powdered food adulteration primarily affects texture granularity and color 

consistency rather than large structural differences. Therefore: Texture-aware segmentation improves detection 

sensitivity, Hybrid segmentation improves robustness, Lightweight computation enables mobile deployment, Works 

effectively with small datasets. The method aligns with the proposed hybrid feature extraction framework and 

improves downstream classification accuracy. The proposed segmentation framework is highly adaptable because: 
• It works under both controlled and uncontrolled environments 
• It supports different powdered food commodities 
• It can be extended to other texture-based quality inspection tasks 
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• It is compatible with both machine learning and deep learning pipelines 
The adaptive design allows the model to generalize well across real-time datasets while maintaining 

computational efficiency.  
Table 3: Real-world challenges 

Existing Issue Proposed Solution 

Lighting variation Adaptive threshold normalization 

Texture similarity LBP-based texture mapping 

Background noise Morphological refinement 

Over-segmentation Hybrid clustering control 

Low adulteration visibility Texture enhancement 

The proposed segmentation technique addresses several real-world challenges in listed in Table 3. Five different 

result comparison tables showing the performance of the existing methods vs the proposed CV-AFNet framework 

from multiple perspectives (accuracy, computational cost, real-time usability, feature efficiency, and explainability) in 

Table 4 to Table 8. These tables directly support Novel Contribution and Methodology. The classification performance 

of the proposed model is evaluated using standard metrics including Accuracy, Precision, Recall, and F1-score [20]. 

These metrics provide a comprehensive assessment of the model’s ability to correctly identify both adulterated and 

pure samples. 
Table 4: Accuracy Comparison (Existing vs Proposed) 

Method 

Category 
Model Used Accuracy 

(%) 
Observation 

Traditional ML SVM (Handcrafted only) 88.40 Limited feature representation 

Texture-Based 

ML 
Random Forest (GLCM + 

LBP) 
91.20 Sensitive to illumination 

Deep Learning CNN (Deep features only) 94.25 High accuracy but less 

interpretability 

Hybrid ML-DL CNN + Random Forest 95.30 Improved performance 

Proposed CV-

AFNet 
Hybrid Features + ERFE + 

CNN–ML 
96.80 Best performance with feature 

optimization 

Table 5: Feature Efficiency Comparison 
Approach Handcrafted 

Features 
Deep 

Features 
Feature 

Selection 
Overfitting 

Control 
Performance 

Level 

Existing 

ML 
Yes No No Low Moderate 

Existing 

DL 
No Yes No Moderate High 

Hybrid 

(Basic) 
Yes Yes No Moderate High 

Proposed 

CV-AFNet 
Yes Yes ERFE High Very High 

Table 6: Computational Cost and Model Complexity 
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Model Feature 

Size 
Training 

Time 
Computational 

Cost 
Suitability for 

Mobile Deployment 

Traditional ML Low Low Low High 

Deep CNN Very High High High Low 

Hybrid Without 

Selection 
High High Moderate Moderate 

Proposed CV-

AFNet 
Optimized Moderate Low High 

Table 7: Real-Time Performance and Practical Usability 
Method Real-Time 

Capability 
Lighting 

Robustness 
Dataset Size 

Requirement 
Consumer-Level 

Applicability 

Chemical 

Testing 
No High Not Applicable No 

Traditional 

Image 

Processing 

Moderate Low Low Moderate 

Deep Learning Moderate Moderate Very High Low 

Proposed CV-

AFNet 
High High Moderate High 

Table 8: Explainability and Transparency Comparison 
Model Explainability Visualization 

Support 
Trust 

Level 
Regulatory 

Applicability 

Traditional 

ML 
Moderate Feature importance Moderate Moderate 

Deep CNN Low Limited Low Low 

Hybrid Basic Moderate Partial Moderate Moderate 

Proposed CV-

AFNet 
High Grad-CAM + Feature 

Importance 
High High 

The comparative evaluation clearly demonstrates that the proposed CV-AFNet framework outperforms existing 

machine learning and deep learning approaches across multiple perspectives. The integration of hybrid feature 

extraction, ERFE-based feature optimization, and explainable AI improves classification accuracy while reducing 

computational complexity. Furthermore, the model shows strong robustness under real-world imaging conditions and 

requires only moderate dataset size, making it suitable for consumer-level deployment using mobile devices. The 

inclusion of explainability modules increases model transparency and supports practical adoption in food safety 

applications. The improved performance of the proposed framework can be attributed to the complementary strengths 

of hybrid feature extraction and optimized feature selection. Texture descriptors effectively capture granularity 

variations caused by adulteration, while deep features extracted through the convolutional network represent higher-

level spatial patterns. The feature fusion strategy allows these representations to interact, improving the discriminative 

capability of the classifier. In addition, the segmentation stage isolates the relevant powder region, reducing 

background noise and improving feature consistency. 
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The confusion matrix evaluates the classification performance of the proposed hybrid model by comparing 

predicted labels with actual labels. 
Table 9: Confusion Matrix 

Actual / Predicted Pure Adulterated 

Pure 142 8 

Adulterated 6 144 

Interpretation 
• True Positives (TP) = 144 (correct adulterated detection) 
• True Negatives (TN) = 142 (correct pure detection) 
• False Positives (FP) = 8 (pure predicted as adulterated) 
• False Negatives (FN) = 6 (adulterated predicted as pure) 

The low FP and FN values indicate strong classification stability of the proposed hybrid framework. 
Ablation analysis is conducted to validate the contribution of each component in the proposed framework shown 

in Table 10. 
Table 10 : Ablation Study Table 

Model 

Configuration 
Handcrafted 

Features 
Deep 

Features 
ERFE 

Feature 

Selection 

Explainability Accuracy 

(%) 

Only ML 

(GLCM + 

LBP) 

Yes No No No 91.20 

Only CNN No Yes No No 94.25 

Hybrid 

Features 

Yes Yes No No 95.10 
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(Without 

ERFE) 

Hybrid + 

ERFE 
Yes Yes Yes No 96.20 

Proposed CV-

AFNet (Full 

Model) 

Yes Yes Yes Yes 96.80 

The experimental evaluation of the proposed Computer Vision–Adulteration Fusion Network (CV-AFNet) 

demonstrates significant improvement in powdered food adulteration detection when compared with conventional 

machine learning and standalone deep learning models. The framework integrates handcrafted color and texture 

descriptors with deep spatial features extracted using a lightweight convolutional architecture, enabling the model to 

capture both micro-level granularity variations and high-level structural representations. One of the major challenges 

in powdered food adulteration detection is the high visual similarity between pure and adulterated samples, particularly 

at low adulteration ratios. Traditional machine learning approaches relying only on handcrafted features often fail to 

generalize under varying illumination conditions and real-world image capture environments. Similarly, deep learning 

models require large-scale datasets and often behave as black-box systems with limited interpretability. The proposed 

hybrid framework effectively addresses these limitations by combining the strengths of both feature paradigms. The 

preprocessing and segmentation stages play a crucial role in improving feature quality by reducing background 

interference and illumination inconsistency. The proposed Hybrid Adaptive Texture-Aware Segmentation improves 

region isolation and enhances micro-texture visibility, which directly contributes to improved classification 

performance. Furthermore, the integration of Enhanced Recursive Feature Elimination (ERFE) significantly reduces 

redundant feature dimensions while preserving discriminative information. This optimization improves computational 

efficiency and reduces overfitting, making the framework suitable for lightweight real-time applications. The ablation 

study confirms that the inclusion of ERFE improves model accuracy by approximately 1.7% compared to hybrid 

feature extraction without feature optimization. The confusion matrix analysis shows that the proposed model achieves 

balanced classification performance across both pure and adulterated classes with minimal misclassification. The 

model achieves an overall accuracy of 96.80%, with strong precision and recall values, indicating reliable detection 

capability. Another important contribution of this research is the integration of explainable artificial intelligence 

techniques. Grad-CAM visualization for deep features and feature importance mapping for machine learning 

classifiers improve model transparency and enable better interpretation of decision regions. This is particularly 

important for food safety applications where trust and regulatory validation are essential. Although the proposed 

framework performs effectively under most real-world conditions, slight performance reduction is observed when 

adulteration concentration is extremely low or when image quality is poor. These limitations open directions for future 

enhancements using larger datasets and multi-modal sensing integration. 
Table 11: Success Rate Comparison Table 

Model Precision Recall F1 Score Accuracy 

SVM 0.88 0.87 0.87 88.40% 

Random Forest 0.91 0.90 0.90 91.20% 

CNN 0.94 0.93 0.93 94.25% 

Hybrid CNN-RF 0.95 0.94 0.94 95.30% 

Proposed CV-AFNet 0.965 0.959 0.962 96.80% 

 Overall, the proposed CV-AFNet framework demonstrates strong robustness, computational efficiency, and 

practical applicability for real-time powdered food adulteration detection. Although individual techniques such as 

convolutional neural networks, texture descriptors, and clustering-based segmentation have been explored in previous 

research, their combined application for powdered food adulteration detection remains limited. The novelty of this 

study lies in the integration of multiple complementary techniques within a unified framework. By combining hybrid 

feature extraction, adaptive segmentation, feature optimization, and explainable AI, the proposed CV-AFNet 
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architecture provides a balanced solution that improves detection accuracy while maintaining computational 

efficiency. 

5. Conclusion  
This research presents a novel hybrid explainable computer vision framework, CV-AFNet, for detecting 

adulteration in powdered food commodities using real-world image data. The proposed approach combines 

handcrafted color and texture descriptors with deep hierarchical features to improve classification robustness under 

varying environmental conditions. The introduction of Hybrid Adaptive Texture-Aware Segmentation enhances region 

isolation, while the Enhanced Recursive Feature Elimination (ERFE) method reduces redundant features and improves 

computational efficiency. A key novelty of this work lies in the integration of feature fusion, lightweight deep learning, 

and explainable artificial intelligence within a unified framework designed specifically for consumer-level 

deployment. Unlike conventional laboratory-based detection methods, the proposed system operates using mobile 

phone images and provides rapid, non-destructive, and cost-effective adulteration detection. The explainability module 

further strengthens transparency and practical usability in food safety monitoring systems. The innovation of the 

proposed framework lies in the integration of multiple analytical stages within a lightweight and explainable 

architecture. Unlike conventional methods that rely only on either handcrafted features or deep learning 

representations, the proposed model combines both feature types to capture detailed color variations and complex 

spatial patterns simultaneously. Furthermore, the introduction of the ERFE feature selection mechanism improves 

efficiency by eliminating redundant features while preserving relevant information. The framework also incorporates 

explainability mechanisms to enhance transparency and reliability in decision-making. These elements collectively 

form the CV-AFNet architecture, which is specifically designed for practical powdered food adulteration detection. 

6. Future Enhancement  
Extension to multiple powdered and granular food commodities. Integration with IoT-based smart sensing 

platforms. Development of a real-time mobile application. Incorporation of hyperspectral and multi-modal imaging. 

Creation of a large-scale benchmark dataset for powdered food adulteration. The proposed framework contributes 

significantly toward real-time, low-cost, and explainable food quality assessment systems, supporting public health 

and consumer safety. 
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