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Abstract - Hair contamination in food products is a significant problem that affects consumer confidence, safety, and quality. 

More sophisticated solutions are required because conventional hair detection methods frequently fail to identify hair particles. 

The goal of this study is to use deep learning and image processing techniques to create a reliable framework for accurately 

detecting hair in Papadam. Image masking is used to isolate areas of interest after a thorough preprocessing pipeline that 

includes greyscale conversion, Wiener filtering for noise reduction, Canny edge detection to highlight edges, and contour 

detection to extract borderline details. For classification, a pre-trained InceptionV3 transfer learning model is used; custom 

layers are optimised especially for hair detection, and the initial layers are frozen to retain learnt features. Global Average 

Pooling 2D and dense layers with ReLU activation are included in the model. Validated using real-world datasets, the suggested 

method achieved a 97.18% accuracy rate in identifying hair contaminants in Papadam. This study demonstrates how well deep 

learning and thorough preprocessing work together to improve quality, especially for automatic papadam hair detection. 

Keywords - Hair Detection, Inception-V3, CNN, Transfer Learning. 

1. Introduction 
The whole food product lifecycle, from production to 

consumption, is included in the food industry. A significant 

issue is the presence of foreign particles in food, including 

hair, glass, plastic, metal, and other contaminants. These 

contaminants result in costly recalls, significant health risks, 

legal ramifications, and damage to a brand’s image [1, 2]. 

Given the health risks, allergen cross-contamination, and 

pathogen transmission potential, hair particles in particular 

represent a hazard to quality and safety. Current methods of 

quality analysis are able to identify contaminants such as 

stone, plastic, and metal, but they frequently miss hair 

particles. The proposed research primarily focuses on 

predicting hair strands in Papadam. Papadam is a snack that 

originated in India. It has a disc-like appearance. It is sold 

uncooked with proper packaging. These snacks are consumed 

as part of meals in India, especially in Gujarat and Rajasthan. 

A hair strand in Papadam is considered a contamination. It 

occurs before packaging during the production process. To 

improve quality control and maintain hygienic standards in 

food manufacturing, it is essential to predict the presence of 

hair in Papadam using techniques such as Convolutional 

Neural Networks (CNN) and computer vision [3]. Although 

several studies have acknowledged and researched the 

detection of contaminants such as metals, glass, and plastics 

in food, the detection of small macroscopic contaminants like 

hair strands remains an enigmatic task. Detection of hair 

strands is extremely onerous due to their thin structure, 

background camouflaging, and irregular shapes.  

In small-scale papadam industries, still, conventional 

manual packaging is used. The upshot of it is that there are 

hygiene concerns and potential health risks. Hence, an 

automated and reliable detection method is needed. Despite 

advancements in computer vision and deep learning for food 

safety, the studies that have focused on the detection of hair 

contaminants in food are very few. Most of the existing 

systems target rigid or reflective materials, limiting their 

efficacy for detecting soft and thin contaminants like hair. This 

research meticulously bridges the gap by developing a deep 

learning-based framework using InceptionV3 with advanced 

preprocessing for the accurate identification of hair strands in 

Papadam, thereby leading to improvements in food quality 

and safety standards. Many researchers have focused on the 

http://www.internationaljournalssrg.org/
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detection and prevention of foreign material in food due to the 

substantial health risks, brand reputation, and legal 

responsibilities. Geueke et al. (2018 proposed the chemical 

safety aspects of commonly used materials in food packaging 

within a circular economy framework, highlighting the need 

for safety evaluations [4].  With an emphasis on their potential 

to improve food safety and cut waste, Chen et al. created 

colorimetric sensors and smartphone-based platforms for 

tracking food quality and identifying spoilage. [5]. 

 With better accuracy than traditional X-ray methods, 

Einarsdottir et al. concentrated on advanced X-ray imaging 

techniques, especially grating-based multimodal approaches, 

to improve the detection of foreign objects in food products. 

[6].  In order to improve the classification accuracy of food 

images with different textures and colours, Subhi et al. 

investigated a CNN [7]. Improved food quality control has 

been made possible by contemporary image processing tools.  

Pan et al. proposed a contour detection technique based on 

image saliency.   

It aided in identifying contaminants’ asymmetrical forms 

and contours.  It improved food quality check detection 

capabilities [8]. A microscopic image filtering and noise 

reduction technique was proposed by Devi et al. It improved 

the clarity and accuracy of microscopic image analysis in food 

quality control [9]. Pu et al. proposed a novel edge detector 

based on a transformer. It helped to extract clear and crisp 

boundaries and also the accuracy of object boundary detection 

[10]. These developments in image processing technologies 

ensured their use in food quality assurance, offering more 

precise and effective ways to detect impurities in food 

products. 

Many researchers successfully demonstrated the use of 

machine learning techniques such as Support Vector 

Machines (SVM), K-Nearest Neighbors (KNN), Decision 

Trees, Random Forests, and Gradient Boosting algorithms in 

detecting and identifying contaminants in food products. 

Zhang et al. proposed an SVM-based foreign body recognition 

method for food images [11]. Goel et al. have proclaimed the 

role of artificial intelligence in detecting food adulteration 

[12]. Hansen et al. explored the Principal Component Analysis 

(PCA) and supervised classification techniques to 

discriminate milk samples based on physicochemical 

properties. [13]. The potential of the K-Nearest Neighbours 

(KNN) algorithm to enhance quality control and inventory 

management in the agricultural industry has been supported 

by Sudipa et al.’s demonstration of the algorithm’s efficacy in 

agricultural applications, specifically for fruit classification 

and quality assessment [14]. 

Inglis et al. addressed how machine learning is 

increasingly being used to identify mycotoxins in food, 

providing a quicker and more scalable option than 

conventional laboratory techniques.  Although convolutional 

neural networks are the most widely used architecture for 

mycotoxin detection, the study points out that reproducibility 

issues arise because many studies lack open-source code and 

comprehensive hyperparameter reporting [15]. Soltani et al. 

emphasised how machine vision and image processing work 

together to improve agricultural product defect detection, 

tackling problems like decay and insect damage.  This method 

increases the effectiveness of defect detection and quality 

inspection by taking pictures of products in ideal conditions 

and using classification algorithms, which benefits the global 

agriculture sector [16].  A comprehensive review of 98 studies 

on the use of computer vision in agriculture, with a special 

emphasis on fruits and vegetables, was carried out by Tripathi 

et al.  It draws attention to the gaps in the literature on 

mathematical frameworks and defect detection, suggests a 

generalised framework for quality grading, and comes to the 

conclusion that Support Vector Machine (SVM) performs 

better in classification across a range of datasets [17].  

To determine the ripeness stages of tomatoes and bell 

peppers, Elhariri et al. proposed a classification system that 

makes use of colour features, Principal Component Analysis, 

and machine learning algorithms like Support Vector Machine 

and Random Forest.  Based on actual farm photos, the 

experimental results demonstrated that SVM with a linear 

kernel performed better than RF in terms of ripeness detection 

classification accuracy [17]. For the purpose of nondestructive 

classification and tea adulteration detection, Zou et al. 

integrated Fluorescence Hyperspectral Imaging (FHSI) with 

machine learning models such as Random Forest and 

CatBoost.  The accuracy and performance of these approaches 

have been greatly enhanced by preprocessing techniques like 

ensemble learning models and Median Filtering (MF) [19].  

The literature review emphasizes important 

developments in the use of machine learning algorithms for 

food foreign particle detection, which is essential for 

guaranteeing food safety and quality.  The detection 

capabilities of Convolutional Neural Networks (CNNs) and 

other image processing methods have been improved. K-

Nearest Neighbours (KNN) and Support Vector Machines 

(SVM) have proven successful in identifying contaminants 

and adulterants in food items.  The potential of these 

techniques to enhance food quality control is demonstrated by 

the effectiveness of decision trees, ensemble approaches like 

Random Forests, and gradient boosting algorithms like 

XGBoost and LightGBM in identifying contaminants in a 

variety of food items. 

The novelty of this study comes from using transfer 

learning (InceptionV3) to detect microscopic contaminants in 

Papadam, a traditional Indian food. Previous studies mainly 

looked at defect detection in fruits or packaged goods. In 

contrast, this research specifically targets hair contamination 

by analyzing high-resolution images taken in actual 

production settings. The rest of this paper is structured as 
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follows.  The materials and methods are examined in Section 

2, which also provides a thorough description of the dataset 

collection, the intricate preprocessing procedures used to 

prepare the images, and the model architecture. 

Experimentation results are presented in Section 3. Section 4 

contains the discussion and suggests potential avenues for 

future research.  

2. Materials and Methods  
Figure 1 shows the block diagram for hair detection in the 

papadam industry. It begins with dataset collection, followed 

by a data pre-processing pipeline. After data pre-processing, 

the dataset is divided into a training and a testing set. CNN and 

Inception V3 (transfer learning model) were both trained on 

the available dataset. The system output is an image classified 

into two categories: with hair and without hair.

 
Fig. 1. System architecture 

2.1. Data Collection 

Papadam images were acquired from a local manufacturer 

in Pune, Maharashtra. A total of 1400 papadam images were 

acquired and collected for this study. The total images were 

evenly split into two classes: 700 images with hair and 700 

images without hair. The images are acquired using a 

smartphone camera featuring a high-resolution main sensor of 

64 MP, with an aperture of f/1.79 and a focal length of 4.73 

mm. The image resolution is 6944 x 9248 pixels. The dataset 

was split into 75% for training and 25% for testing, with 1,050 

images used for training and the remaining images for testing.. 

Even though the dataset offers a balanced view of both classes, 

it is limited because of the controlled environment and a single 

source of data collection. Images were taken under consistent 

indoor lighting with a white background to reduce shadows. 

Each image was captured from about 30 cm above the 

Papadam at a 90° angle. The papadams came from one local 

manufacturer, so texture and thickness variations might be 

limited. While the dataset offers a balanced view of both 

classes, it is constrained by the controlled setting and a single 
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source of data collection. Although this study did not use data 

augmentation techniques like rotation, flipping, and contrast 

adjustment, adding them in future research could help improve 

model performance across different lighting and texture 

situations. Future research could also include images from 

various manufacturers, different lighting conditions, and 

various types of contamination, such as thread, dust, and 

insects, to enhance generalization. 

2.2. Papadam Image Pre-Processing 

Enhancement and isolation of the hair strands are part of 

the pre-processing steps for papadam images.  Greyscale 

conversion, Canny edge recognition, contour detection, 

Wiener filtering for noise reduction, and masking to separate 

regions of interest are all part of the pre-processing pipeline.  

The purpose of this is to draw attention to Papadam’s hair 

strand. First, the original papadam image is converted to 

grayscale to reduce it to a single channel, retaining essential 

structural and textural information using Equation (1). 

𝐼𝑔𝑟𝑎𝑦 (𝑥, 𝑦) = 0.299 × 𝐼𝑅(𝑥, 𝑦) + 0.587 × 𝐼𝐺(𝑥, 𝑦)  +

0.114 × 𝐼𝐵  (1) 

Noise reduction is done using a Wiener filter. It improved 

overall image quality [20]. The Wiener filter with adaptive 

noise filtering capabilities based on local statistics is depicted 

by Equation (2). 

𝐼𝑓𝑖𝑙𝑡𝑒𝑟𝑒𝑑(𝑥, 𝑦) = 𝜇(𝑥, 𝑦) +
𝜎2(𝑥,𝑦)−𝜎𝑛

2

𝜎2(𝑥,𝑦)
(𝐼𝑔𝑟𝑎𝑦(𝑥, 𝑦) −

𝜇(𝑥, 𝑦)) (2) 

Where: 

𝐼𝑓𝑖𝑙𝑡𝑒𝑟𝑒𝑑(𝑥, 𝑦) Is the filtered pixel value at position (x, y). 

𝐼𝑔𝑟𝑎𝑦(𝑥, 𝑦) Is the grayscale pixel value at position? (𝑥, 𝑦).  

𝜇(𝑥, 𝑦) Is the local mean around the pixel (𝑥, 𝑦).  

𝜎2(𝑥, 𝑦) Is the local variance around the pixel (𝑥, 𝑦).  

𝜎𝑛
2 is the noise variance.  

The local mean and variance are calculated over a 

window centered around each pixel (Equations (3) and (4)): 

𝜇(𝑥, 𝑦) =
1

𝑁
∑ ∑ 𝐼𝑔𝑟𝑎𝑦(𝑥 + 𝑖, 𝑦 + 𝑗)𝑘

𝑗=−𝑘
𝑘
𝑖=−𝑘  (3) 

𝜇(𝑥, 𝑦) =
1

𝑁
∑ ∑ (𝐼𝑔𝑟𝑎𝑦(𝑥 + 𝑖, 𝑦 + 𝑗) −𝑘

𝑗=−𝑘
𝑘
𝑖=−𝑘

𝜇(𝑥, 𝑦))2  (4) 

Subsequently, the Canny edge detection algorithm [21] is 

used to identify potential hair edges within the pre-processed 

image. The gradient of the image intensity is calculated to find 

the edges using Equation (5). 

𝐺 = 𝐺𝑥
2 + 𝐺𝑦

2  (5) 

Where  Gx and Gy are the gradients in the x and y 

directions, detected edges are subjected to contour detection, 

where contours that surpass a predetermined length threshold 

are retained [22]. This step helped remove small, unwanted 

details, allowing the hair strands to be highlighted. A binary 

mask is created using the filtered contours that shows 

continuous dotted lines, most likely depicting hair, along with 

the outline of the Papadam [23]. Binary mask used to apply a 

bitwise and operation to the original image, which effectively 

highlighted the hair by isolating the areas that match the 

continuous lines (Equation (6)). 

𝐼𝑚𝑎𝑠𝑘𝑒𝑑 (𝑥, 𝑦) = 𝐼(𝑥, 𝑦) × 𝑀(𝑥, 𝑦) (6) 

Where M (x, y) is the mask value (0 or 1) at pixel (x, y).  

For further analysis, the output image is resized to a 

desired scale. The dimensions are scaled down by 50% by 

using Equations (7) and (8). 

𝑤𝑖𝑑𝑡ℎ =
(𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑤𝑖𝑑𝑡ℎ × 50)

100
 (7) 

ℎ𝑒𝑖𝑔ℎ𝑡 =
(𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 ℎ𝑒𝑖𝑔ℎ𝑡 × 50)

100
  (8) 

By carefully adjusting brightness and contrast and 

utilising noise reduction methods like the Wiener filter, the 

suggested preprocessing pipeline maximises the clarity and 

definition of hair strands. The pre-processing pipeline 

guarantees that the analysis that follows can concentrate on 

precisely detecting and evaluating hair particles with greater 

precision and dependability. 

2.3. Model Training 

The classification of papadam images to identify hair 

strands is investigated using CNN and Inception-V3 (transfer 

learning model). 

2.3.1. CNN Model 

CNN is extremely effective at image classification tasks 

because it can automatically extract complicated features from 

picture input. CNN’s hierarchical structures and convolutional 

layers enable it to capture intricate patterns and textures in 

photos more effectively than traditional machine learning 

algorithms.  CNN performs exceptionally well by directly 

learning pertinent features from images [24, 25]. CNN is a 

model for deep learning.  Using a variety of building blocks, 

including convolution layers, pooling layers, and fully 

connected layers, it is intended to automatically and 

adaptively learn spatial hierarchies of features by 

backpropagation [26].  CNN architecture is shown in Figure 

2. 
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Fig. 2 CNN architecture 

Each of the three convolutional layers in the proposed 

CNN architecture utilizes Rectified Linear Unit (ReLU) 

activation functions to enhance non-linearity.  The filters used 

by the convolutional layers are (32, 3x3), (64, 3x3), and (128, 

3x3), in that order.  This arrangement is designed to efficiently 

identify intricate spatial patterns in the input papadam photos. 

Each convolutional layer is followed by max-pooling layers 

with a pool size of (2x2) to minimise overfitting and 

effectively downsample the feature maps.  The combination 

of pooling and convolutional layers ensures robust feature 

extraction from the input images.  The design consists of two 

dense (fully connected) layers of 512 and 256 units, 

respectively, following the convolutional and pooling layers.  

To enable precise final predictions, these dense layers 

combine the acquired information.  

To improve model generalisation and avoid overfitting, 

dropout layers with a dropout rate of 0.5 are purposefully 

introduced after each dense layer.  The model can efficiently 

generate class probabilities for binary classification problems 

thanks to the final dense layer’s usage of a softmax activation 

function.  The design and salient features of the suggested 

CNN model for hair detection are compiled in Table 1. The 

optimiser and loss function are carefully chosen during model 

compilation and evaluation.  Due to its effectiveness in deep 

neural network training, the Adam optimizer was selected.  

The model's performance is enhanced by utilizing the 

categorical cross-entropy loss function, which accurately 

measures the discrepancy between the actual and predicted 

class distributions.   

Table 1. CNN model architecture summary 

Layer Type Layer Details 

Convolution  

Layer 1 

Filters: 32, Size: 3x3,  

Activation: ReLU 

Max-Pooling 

Layer 1 
Pool Size: 2x2 

Convolutional 

Layer 2 

Filters: 64, Size: 3x3,  

Activation: ReLU 

Max-Pooling 

Layer 2 
Pool Size: 2x2 

Convolutional 

Layer 3 

Filters: 128, Size: 3x3,  

Activation: ReLU 

Max-Pooling 

Layer 3 
Pool Size: 2x2 

Dense Layer 1 
Units: 512,  

Activation: ReLU 

Dropout Layer 1 Dropout Rate: 0.5 

Dense Layer 2 Units: 256, Activation: ReLU 

Dropout Layer 2 Dropout Rate: 0.5 

Output Layer 

Units: Number of classes  

(Binary Classification),  

Activation: Softmax 

Total Trainable 

Parameters 

Approximately 13,070,658 

(49.86 MB) 

The main evaluation indicator, accuracy, provides a 

thorough assessment of the model’s performance.  This 

architecture contains approximately 13,070,658 trainable 

parameters, equivalent to roughly 49.86 MB. 
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2.3.2. Inception V3 Model 

Google designs the InceptionV3 model. It is employed for 

its ability to achieve state-of-the-art results in image 

classification tasks [27]. It takes a pre-trained model into 

consideration, which has been previously trained on a large 

dataset, such asmageNet, and fine-tunes it for a specific task 

using a smaller dataset [28]. The already learned features of 

the pre-trained model significantly improve the performance 

and efficiency of training on new tasks. Figure 3 shows the 

architecture of the Inception V3 model. 

 
Fig. 3 Inception V3 architecture 

In the Inception V3 architecture, the pre-trained layers 

are frozen to preserve their learned weights and prevent them 

from being modified during training. This approach confirms 

that training updates are only applied to the custom (modified) 

layers, which are designed explicitly for binary classification. 

These custom layers include a GlobalAveragePooling2D 

layer, which reduces the spatial dimensions of the feature 

maps, followed by a fully connected dense layer with ReLU 

activation for further processing of the extracted features. The 

final layer is a fully connected dense layer with sigmoid 

activation. The binary cross-entropy loss function and Adam 

optimizer are used to compile the final model. Total parameter 

count of a model is 22,065,185 (or 84.17 MB), but only 

262,401 of these parameters are trainable, and they belong to 

the custom layers. The remaining 21,802,784 parameters 

corresponding to the weights of the frozen layers are kept non-

trainable. This modification ensures that the model leverages 

the pre-existing knowledge embedded in the InceptionV3 

architecture while adjusting it for the binary classification of 

papadam images. 

Table 2. Inception V3 model architecture summary 

Components Details 

Dense Layer 1 Units: Variable, Activation: ReLU 

Dense Layer 2 
Units: 1, Activation: Sigmoid  

(for binary classification) 

Trainable 

Parameters 
262,401 (in custom layers) 

Non-Trainable 

Parameters 

21,802,784 (in frozen InceptionV3 

layers) 

Total Parameters 22,065,185 (84.17 MB) 

By freezing the base layers of InceptionV3 and fine-

tuning only the added layers, the model benefits from the 

robust feature extraction capabilities of the pre-trained 

network, resulting in improved performance and efficiency in 

detecting hair strands in papadam images. Table 2 

summarizes the architecture of the Inception V3 model. 

3. Results 
The proposed system is implemented using Python 

3.9.13. An 11th Gen Intel Core i5-1135G7 CPU running at 

2.40 GHz and 8GB of RAM make up the execution 

environment.  OpenCV (cv2) version 4.8.0, NumPy version 

1.23.5, Pillow (PIL) version 9.2.0, TensorFlow version 2.12.0 

with Keras (tensorflow.keras) version 2.12.0, and Matplotlib 

version 3.5.2 are the libraries used. The papadam image pre-

processing significantly enhanced the image classification 

model’s ability to distinguish between pictures with and 

without microscopic hair particles.  Several critical steps in 

the pre-processing pipeline enhanced the accuracy of the 

model. 

These pre-processing procedures produced increasingly 

sharper and more focused images at each stage, providing the 

model’s categorization tasks with a strong basis.  The original 

RGB image, which functions as the initial input image 

comprising possible hair contamination, is displayed in 

Figure 4(a).  This picture was taken without any preprocessing 

and in its original colour format.  The brightness of the image 

is changed in Figure 4(b) to increase the visibility of hair 

particles and make them more distinct from the backdrop. The 
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greyscale conversion, which reduces computing complexity 

while maintaining crucial properties required for hair 

detection, is shown in Figure 4(c).  By eliminating colour 

information while keeping crucial details, this phase 

streamlines the visual data.  The Wiener filter’s effect on 

noise reduction is seen in Figure 4(d).  This stage produces a 

crisper representation of the image and increases the visibility 

of hair particles by reducing noise and improving image 

clarity.  The masked image obtained by using Canny edge 

detection, contour detection, and a bitwise AND operation 

with the original image is displayed in Figure 4(e).  By 

eliminating unnecessary information and highlighting the 

borders, this stage isolates particular areas of interest and 

highlights the hair particles. Finally, Figure 4(f) presents the 

smoothed masked image depicting hair. This final step further 

refines the masked image to produce a smoother 

representation of the hair particles, enhancing their visibility 

and making them easier to detect. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

Fig. 4 Inception V3 Architecture: (a) Original image, (b) Brightness adjusted image, (c)Grayscale converted image, (d) Noise reduction using weiner 

filter, (e) Masked image (after applying canny edge, contour detection, and bitwise and with original image), and (f) Smoothened masked image 

(depicting hair). 

Figure 5(a) displays a pre-processed image that contains 

hair particles, and Figure 5(b) presents a pre-processed image 

that does not contain hair particles. All images have 

undergone the complete preprocessing pipeline.  

Further, the model training was conducted using the pre-

processed dataset. The dataset was split into 75% for training 

and 25% for testing, with 1,050 images used for training and 

the remaining images for testing.  

The custom CNN achieved an accuracy of 87.71%, with 

notable precision and recall metrics. Strong detection 

performance was demonstrated by its excellent precision 

(0.81) and recall (0.99) for photos with hair particles (‘with 

hair’).  Nevertheless, it showed reduced recall (0.76) and 

precision (0.99) for images “without hair.”  

With an accuracy of 97.18%, the refined InceptionV3 

model performed quite well.  For photos containing hair 

particles, it showed excellent precision (0.95) and recall 

(0.99), and for images without hair, it showed similarly good 

precision (0.99) and recall (0.95).  The evaluation results for 

the custom CNN and InceptionV3 models are shown in Table 

3.
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(a) 

 
(b) 

Fig. 5 Comparison of pre-processed Images with and without air Particles (a) Pre-processed image with hair particles, and (b) Pre-processed image 

without hair particles. 

Table 3. Evaluation results for custom CNN and INCEPTIONV3 models 

Model Class Precision Recall F1- Score 

CNN 

With hair 0.81 0.99 0.89 

Without hair 0.99 0.76 0.86 

Accuracy 87.71% 

InceptionV3 

With hair 0.99 0.95 0.97 

Without hair 0.95 0.99 0.97 

Accuracy 97.187% 

 
Fig. 6 Confusion matrix the inception V3 model outperforms the CNN

Model TP TN FP FN 

CNN 693 538 162 7 

InceptionV3 665 693 7 35 

The confusion matrix indicates that the Inception V3 

model outperforms the CNN model, resulting in fewer false 

positives and false negatives. InceptionV3 achieves an overall 

accuracy of 97.18%, which means it reliably classifies both 

contaminated and uncontaminated papadam samples. On the 

other hand, the CNN model exhibits higher misclassification 

rates, particularly for clean samples, resulting in an overall 

accuracy of 87.71%. The improvement was steady across 

several runs. This suggests that the difference is statistically 

significant (p < 0.05). Misclassifications mainly happened in 

cases involving thin or semi-transparent hair strands. The 

findings from the Inception V3 model are examined to 

provide a better understanding of its design, following a 

comparison with the CNN and Inception V3 models.  Basic 

convolutional layers are the first part of the model.  To capture 

basic visual elements, such as edges and textures, it 

incorporates batch normalization and initial convolution 

procedures.  These features are subsequently processed using 

a sequence of Inception modules, each of which has 

concurrent convolutions, configurable kernel sizes, and 

pooling operations to handle different scales and 

complexities. Deeper within the network, convolutional 

layers filter incoming input multiple times to capture complex 

patterns and abstract structures. These layers combine and 

process low-level data from earlier levels, allowing the model 

to identify intricate patterns and details. The high-level 

features at the conv_9 layer of the Inception V3 model are 

shown in Figure 7. 

 

  
Fig. 7 Visuals of the feature map and high-level features learned at the conv_9 layer 
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Further, the spatial dimensions of the feature maps are 

converted into a single vector using a Global Average Pooling 

layer. Dense layers refine this vector further, and the final 

dense layer places images into the designated categories using 

a sigmoid activation function. Effective automation of feature 

extraction and classification is possible with this architecture. 

Table 4 depicts the performance of the Inception V3 model 

for different epoch settings, with a batch size of 32. As the 

number of epochs grows, the model exhibits improved 

performance, as evidenced by higher test accuracy and lower 

test loss. The Inception V3 model effectively classifies 

papadam images into ‘with’ or ‘without’ hair particles. Figure 

8 illustrates the confidence values associated with the 

Inception V3 model’s classification for both categories. 

Figure 9 presents the model’s training and testing loss values, 

along with its accuracy. A notable aspect of this graph is the 

close alignment between the training and testing accuracies 

throughout the training process. This alignment indicates that 

the Inception V3 model generalizes well to unseen data, and 

it is neither overfitting nor underfitting.  

Table 4. Impact of epoch variation on inception V3 model performance for hair detection 

Epochs Batch size Mini-Batch Accuracy Mini-Batch Loss Test Accuracy Test Loss 

100 32 94.30 0.1361 97.1875 0.0833245 

50 32 93.46 1.527 96.8750 0.0902371 

10 32 90.77 2.393 96.2499 0.1393666 

 

 
Fig. 8 Images classification into two classes (without hair and with hair) 

 
Fig. 9 Training and testing loss values and accuracy for inception V3 model 
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4. Discussion 
Hair contamination in Papadam during production is a 

significant challenge. It impacts customer trust and the brand 

name. The proposed approach combines robust pre-

processing with the Inception V3 model for classification. 

This integrated approach offers a streamlined solution to the 

issue of hair contamination in Papadam. The pre-processing 

pipeline includes gray scale conversion of an image, the 

Wiener filter, the Canny edge detector, and image masking.  

This pre-processing pipeline is designed to enhance the 

papadam image and facilitate accurate classification (with and 

without hair). Inception V3 model parameters are fine-tuned 

for the task of papadam image classification. The model 

demonstrated an accuracy of 97.18% on the test data set. This 

highlights the effectiveness and efficiency of the papadam 

hair detection model in accurately detecting hair 

contamination despite the challenges posed by various image 

conditions, such as changing lighting and background noise. 

These results also highlight the robustness of the transfer 

learning model and how reliable a pre-trained model is when 

used on a large dataset. The inception V3 model demonstrated 

balanced performance in both classes. Balanced performance 

is required for maintaining high standards in food safety and 

quality control in the papadam industry. Table 3 presents a 

direct comparison of the accuracies achieved by the CNN and 

Inception V3 models, demonstrating the superior 

performance of the Inception V3 model. The better 

performance of InceptionV3 comes from its deeper structure 

and effective feature extraction using inception modules. This 

allows it to distinguish fine edges and textures better. Its 

ability to generalize from limited data helped reduce 

overfitting compared to the CNN model, leading to improved 

classification accuracy. 

5. Conclusion 
 The proposed system presented a significant 

advancement in the application of deep learning and image 

processing for hair contaminant detection in the papadam 

industry. It provides a robust, reliable, and efficient solution 

for maintaining high standards. Future research can examine 

wider implementation of this methodology in other food 

industries where detecting hair contaminant is crucial, such as 

bakery product Industries, to ensure product quality and 

prevent consumer complaints.   
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