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ABSTRACT: Fruits and vegetables ate petishable goods and undergoes deterioration
right from post-harvest. Fruit quality is determined by both internal and external factors,
encompassing a wide range of physical, chemical and biological attributes that affect the
appearance, taste, nutritional value, shelf life and market appeal of fruits. The internal
factors are inherent characteristics are primarily governed by taste, aroma, texture, ripeness
and nutritional composition whereas, the external factors of appearance, visual defects,
size and shape. For evaluating the quality, internal as well as external characteristics need
to be taken into account. The external characteristics can be assessed through RGB image
processing techniques. The idea of internal characteristics can be obtained from the
thermal image. In this paper, a machine learning and deep learning approaches are
proposed for quality inspection of pomegranate with thermal imaging. A machine learning
models are trained with KNN, SVM, Random Forest and CNN techniques for defect
detection and classification of pomegranates in the categories of no defect, minor defect
and major defect. The CNN approach outperforms with 92.78% accuracy as compared
to 79.26% of SVM and 84.07% of random forest.

1. INTRODUCTION

Fruits and vegetables are prime sources of vitamins minerals and antioxidants for human being. The benefits of consuming
fruit and vegetable are optimum when they are in their best condition or quality [2]. Fruits and vegetables are perishable
agriculture goods and often go through various processes during post-harvest. In the supply chain, fruits and vegetables goes
through the processes of sorting and quality inspection which is often done manually [2]. Accuracy of manual methods is
questioned on the ability or skills, handling and the scale of work [3]. The implementation of automation in post-harvest and
food handling processes offers a reliable means of overcoming these issues. At the primary stage the apparent attributes (colour,
texture and size) of fruits are considered to be indicative parameters of the quality [4]. In an automatic inspection system, this

attributes are processed with computer vision algorithms for inspecting the fruit quality [5].

With the computer vision, RGB image of fruit is taken and processed through a sequence of treatments of pre-processing,
filtering, segmentation and classification [6]. Each step in this process is developed with dedicated algorithm for identifying and
showcasing key features in the image [7]. Segmentation playsa critical rolein defect detection by enabling
precise identification and localization of defects within images. It divides an image into meaningful regions and isolates features
or objects of interest. Segmentation allows for pixel-level localization of defects, enabling granular identification and isolation
of even small or complex defects that bounding box-based methods might miss [8]. Based on the colour and defect machine
vision and image processing techniques are used to assess quality of mangoes, ensuring consistency, efficiency and objectivity
in post-harvest operations [9]. Segmentation techniques for defect detection in fruit vary in their approach, computational
efficiency, robustness and accuracy [10]. K-means clustering is widely adopted for its simplicity and computational speed but is
less robust in complex or noisy images. The Otsu’s segmentation detects defects based on intensity thresholding [11]. The
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colour segmentation divide images using colour space conversion (HSV or LAB) and are observed to be effective when defects
have distinct colour characteristics [12]. The prediction model [13] and SVM classifiers are efficiency and accurate is defect
detection with appropriate training. While the classical methods are useful for basic sorting and defects with strong visual cues,
machine learning segmentation techniques have evolved for higher accuracy and generalization in modern fruit defect detection
systems [14, 15 and 16].

The computer vision-based techniques rely on surface features and hence only surface defects are detected [17]. However, a
fruit looking good at the surface may have internal spoilage, water core or insect infection. A variety of non-destructive testing
techniques have been proposed by researchers for fruit quality inspection [18]. A comparative of digital and thermal imaging-
based fruit defect detection technique [19] reveals that by deploying appropriate detection technique and segmentation method,
accuracy and efficiency can be improved. The thermal image processing includes active and passive thermography. Passive
thermography includes filtering, data compression, false colour contrast enhancement, histograms, and region of interest
analysis. Active thermography includes transform methods of fast Fourier transform, wavelet transform and multispectral
analysis for feature extraction and classification. In passive thermography statistical parameters of standard deviation and
skewness are evaluated. For active thermography, the most common features used are the amplitude, phase, and frequency of
the thermal signal [20]. K mean clustering, Grey level co-occurrence metrics (GLCM) and SVM are deployed [21] for detecting
bruises in apple with thermal images. For feature extraction and classification, ANN, deep learning and machine learning
algorithms have been recently worked out by many researchers with digital imaging. These algorithms are deployed for single
fruit and hence opens a large scope of further research in this field [22]. Every material emits thermal radiations in proportion
to the ambient temperature. The thermographic images cleatly show the sub-surface defects in the material as these defective
areas emit thermal radiations of different temperatures [23].

For bulk processing with thermal images, machine learning models are developed. These models are mainly deployed for digital
images for fruit quality inspection. The fruit defect detection and grading has advanced through deep learning, machine learning
and multispectral imaging techniques. A deep learning CNNs with data augmentation and transfer learning [24] accurately
detects surface defects on green plums. A stacked sparse de-noising auto encoder and SVM classifier [25] improves postharvest
fruit disease detection and grading. A machine learning framework combining visible and near-infrared spectroscopy for non-
invasive quality assessment is proposed in [26] using sensor fusion. The fusion of spectroscopic data with machine learning
models leads to high prediction accuracy. The transfer learning strategy learning with a lightweight MobileNetV3 architecture
[27] to achieve effective apple defect detection suitable in real-time ensures that the model is adaptable to various apple cultivars
and environments. Hyper-spectral techniques enable the detection of internal defects and prediction of shelf life, going far
beyond what is possible with conventional RGB vision [28]. The multi-spectral imaging combined with machine learning
emphasizes the advantage of multi-wavelength data for precise defect segmentation and classification [29]. A specialized
optimized deep learning model for guava defect recognition overcomes the challenges related to irregular fruit shapes and

surface textures [30].

The recent literature shows that the machine learning strategies are widely being adopted for defect detection in fruits and
vegetable with digital imaging. For internal defect detection and quality assessment, machine learning models needs further
investigation with thermal imaging. In this paper, GLCM feature extraction-based machine learning models are discussed for
defect detection and classification of pomegranates with a pre-recorded dataset [31] of thermal images of pomegranate and

comparative results are presented.
2. DEFECT DETECTION WITH MACHINE LEARNING

A fruit emits thermal radiations proportional to the difference between ambient temperature and internal temperature. The

abnormalities in internal structure of fruit is reflected in terms of variations in thermal radiations as shown in Table 1.
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Table 1: Sample thermal images of pomegranate in defect categories

No defect

Minor defect

Major defect

2.1 Sample Collection

This data set of thermal images is pre-processed and all the images are of 256X256 pixel resolution. The data set is already
labelled in three categories as no defect, miner defect and major defect. The sample images are shown in table 1. A user defined
dataset is also added to increase the size of dataset. The total number of images used for experimentation are 2165, with over

600 thermal images in each category.

Table 2: dataset size

Class no defect Minor defect Major defect
No. of images 651 746 768
Training 80% 80% 80%
Testing 20% 20% 20%
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The dataset images are used to train a machine learning model for defect detection and classification. The general architecture
of the machine learning model is shown in figure 1. Texture features are extracted using GLCM. The hyperparameter tuning
of the SVM model is done by tuning the Regularization parameter and kernel coefficient with Radial Basis Function. The
hyperparameter tuning in Random Forest is accomplished with setting 200 no. of trees. The tuned hyperparameters for CNN

model are shown in table 3.

Table 3: Tuned hyperparameters of CNN Model

Hyperparameter Value

Input Image Size 64 X 64 X 1 (Grayscale)

Number of Convolutional Layers 3

Filter Sizes 3X3

Number of Filters 16, 32, 64 (in each Convolution layer)
Pooling Type Max Pooling (1st & 2nd), Average Pooling (3rd)
Activation Function ReLU

Batch Normalization After each Convolution layer

Fully Connected Layer Size 64 neurons

Output Layer Softmax + Classification

Optimizer Adam

Initial Learning Rate 0.001

Number of Epochs 40

3. RESULTS AND DISCUSSION

For defect detection and classification, 80% of the data is used for training and 20% data is used for testing. The classification
accuracy at testing of SVM, KNN, Random forest and CNN model stands at 75.93%, 84.07% and 93.33% respectively. The
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L%

accuracy (A), precision (P), recall (R) and F1 scores in percentage for distinct defect categories identified from thermal images

of pomegranate are mentioned in table 4. The average values are mentioned in table 5.

Table 4: Comparison of Models for different categories of images

Model No defect Minor defect Major defect
A P R F1 A P R F1 A P R F1
SVM 68 68 97 68 61 61 96 61 99 99 59 99
KNN 88 88 90 88 83 83 85 83 88 88 84 88
Random 91 96 91 93 93 93 88 93 93 91 91 91
Forest
CNN 93 93 93 92 90 92 95 97 95
Table 5: Overall Model summary
Model Average Accuracy (%) | Average F1 score (%) Interface Time (S)
SVM 75.93 76.25 0.000016
KNN 86.30 86.30 0.000009
Random Forest 91.85 91.88 0.000072
CNN 93.33 93.33 0.012144

The confusion matrix of each of the technique is shown through figure 2(a), 2(b), 2(c) and 2(d) respectively for SVM, KNN,

random forest and CNN.

Mayor Defect

No Defect

True Class

Major Defect
Predicted Class

Mmor Defect

SVM Confusion Matrix

Figure 2(a):confusion matrix for SVM

No Defect

Mayor Defect

Mmor Defect

No Defect

True Class Major Defect
Predicted Class

KNN Confusion Matrix

Mimor Defect

No Defect

Figure 2(c): confusion matrix for KNN
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Random Forest Confusion Matrix

Mayor Defect

No Defect
True Class Major Defect Minor Defect No Defect
Predicted Class
Figure 3(b): confusion matrix for Random Forest Figure 2(d): confusion matrix for CNN

The Random Forest appears to be robust to noisy, unbalanced or complex datasets of thermal images due to its ensemble
nature that reduces over fitting by using predictions from multiple decision trees. It handles high-dimensional input well and
requires less pre-processing. SVM on the other hand can achieve very high accuracy in classification tasks when the data classes
are well-separated with clear decision boundaries of no defect and major defect. For thermal images dataset, the CNN achieves
highest classification accuracy. CNN outperforms both Random Forest and SVM in fruit defect detection accuracy and feature
learning but at the cost of higher data and computational demands. Random Forest is a robust, efficient alternative with very
good accuracy and ease of use, while SVM is effective in specific cases but less scalable for complex image data. The sample
results of image processing and defect class prediction with CNN model are shown in figure 3.

True: Major_Defect True: Major_Defect True: Major_Defect True: Major_Defect
Pred: Major_Defect Pred: Major_Defect Pred: Major_Defect Pred: Major_Defect
3 X

True: Major_Defect True: Major_Defect True: Major_Defect
Pred: Major_Defect Pred: Major_Defect Pred: Major_Defect

True: Major_Defect
Pred: Major_Defect

True: Major_Defect True: Major_Defect

True: Major_Defect True: Major_Defect
Pred: Major_Defect Pred: Minor_Defect

Pred: Major_Defect Pred: Major_Defect

True: Major_Defect True: Major_Defect True: Minor_Defect True: Minor_Defect
Pred: Major_Defect Pred: Major_Defect Pred: No_Defect Pred: Minor_Defect

i

ha3 MR «

Figure 3: classification of thermal image of pomegranate in defect categories with CNN
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4. CONCLUSION

The results of defect detection in pomegranate using thermal imaging, analyzed through SVM, KNN, Random Forest and CNN
techniques, shows that deep learning models like CNN generally outperform traditional machine learning classifiers in accuracy
and robustness, in complex thermal image patterns. The results show that CNN-based approaches can achieve high
classification accuracy of 93.33% by automatically learning hierarchical features from thermal images, which makes them more
effective at identifying internal defects or diseased regions at the expense of computation time. The SVM, KNN and Random
Forest rely on feature extraction from thermal images and their performance is typically lower but still significant; SVM is
effective when feature vectors are well-defined and high-quality, whereas Random Forest provides robustness against noise and
variability in thermal data. The CNN techniques tend to deliver superior results due to their ability to capture intricate thermal
patterns associated with different defect types, whereas SVM, KNN and Random Forest still offer reliable performance with
less computational demand but are more sensitive to feature quality and selection.
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