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Abstract

Precision in identifying internal blemishes in mangoes is one of the most significant issues that cannot be overcome by
automated quality evaluation of the products, especially export based grading whereby manual evaluation is inefficient,
subjective, and destructive. This research will be conducted with the aim of coming up with and testing lightweight deep
learning methods to achieve reliable and internal mango defect detection without compromising on accuracy or
complexity of the computations. Internal image dataset of mangoes, comprising of both normal mangoes and defective
ones, was created by self and images were preprocessed to remove noise, normalization, and resizing to segment defect-
prone areas using the OpenCV. GLCM contrast, correlation, energy, homogeneity, local binary patterns, as well as texture
features were extracted and data augmentation methods were used to enhance model generalization. An out-of-the-box
custom CNN was used and tested against lightweight transfer learning-based architectures such as MobileNetV2-Lite,
EfficientNetBO-Lite, NASNet-Lite, DenseNet121-Lite and ResNet50-Lite when trained under the same conditions.
Experimental data indicates that segmentation is a performance boosting strategy in all the models. MobileNetV2-Lite
obtained the highest results with a score of 98% accuracy, 97% precision, 99% recall, and a Fl-score of 98% with
segmentation and only 2.34 million parameters and model size of 8.93 MB. Other designs like NASNet-Lite and
DenseNet121-Lite attained 93 and 85 percent accuracy respectively whereas the baseline CNN attained 85 percent. The
results confirm that lightweight transfer learning models yielded with segmentation yield an efficient, scalable, and
computationally efficient method of internal mango defect detection, thus is adequate and applicable to the real-time
agricultural quality inspection systems.

Keywords: Internal mango defect detection; Lightweight deep learning; Image segmentation; Transfer learning,
MobileNetV2;Agricultural quality inspection; Computer vision.
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1. Introduction

Mango is an economically important tropical fruit, which is highly exported based on the high nutritional value,
sensory and commercial value; but internal flaws like spongy tissue, internal breakdown, bruising, and fungal
infections profoundly affect the quality but it is not visible to the eye making it a significant challenge to post-
harvest quality inspection [1], [2]. Traditional mango grading methods are time-intensive, subjective, labor-
intensive, and manual inspection and destructive testing, which are not frequent to use in large-scale export
business where uniformity of quality and international standards are the order of the day [3]. Non-destructive
methods of inspection such as machine vision and picture-based analysis thus have been the subject of an
increasing amount of focus as a potential alternative to automated fruit quality evaluation [4]. However, even
with the recent developments in surface defects detection, the internal defects are still not reliably detected

since their differences are complicated with texture variations, light imbalance, and faint marks that are hidden
in the fruit tissue [5].

The recent advancements in deep learning have greatly changed the way agricultural images are analyzed with
automated feature learning and better results in classification than the traditional machine learning techniques
which relied on handcrafted features [6]. CNNs, specifically, have proven to be incredibly successful in
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classifying fruits, detecting diseases, and identifying quality grading processes through the derivation of
hierarchical representations of space directly out of image data [7]. Nevertheless, there exist challenges when
implementing deep CNN models to the real agricultural systems: high computational cost, large model size and
inapplicability to embedded or edge-based systems frequently present in packing houses and sorting plants
[8]- In response to such limitations, the effectiveness of lightweight deep learning models and the transfer
learning methods has provided a competitive alternative that is comparatively more accurate with greatly
lower parameters and memory needs [9]. Other models include MobileNet, EfficientNet, NASNet, DenseNet,
and ResNet, which make use of depthwise separable convolutions, compound scaling, and feature reuse, to
trade off performance and efficiency, which makes them especially appealing to agricultural problems with
resource constraints [10].

Simultaneously, the preprocessing and segmentation of images are very crucial in improving the visibility of
internal defects through isolating regions of interest and reducing the background noise which enhances the
feature discrimination and model generalization [11]. Descriptors that are based on texture such features
(Gray Level Co-occurrence Matrix (GLCM) and local binary patterns) also supplement the deep features by
incorporating minor statistical changes related to internal abnormalities [12]. It is driven by these
developments that the current study aims to design and analyze lightweight deep learning methods in internal
mango defect detection through image segmentation and transfer learning. An exogenous dataset of internal
mango images is used, which undertakes a significant amount of preprocessing, segmentation, and
augmentation to make sure that it is robust. Several architectures that are lightweight are systematically
compared under equal training conditions to determine the effects of segmentation on the accuracy, precision,
recall, and F1-score of classification. This study will help to offer a practical and scalable solution to automated
internal mango quality inspection by focusing on computational efficiency and detection performance to
facilitate export-grade sorting systems and care about intelligent agriculture technology.

The paper has the following major Contributions:

v' Created a self-generated internal mango image database with preprocessing, segmentation and
augmentation that was used to achieve credible defect detection performance.

v' Comparisons and implementation of a variety of lightweight deep learning and transfer learning models
with the same training conditions.

v/ Obtained substantially higher accuracy with image segmentation, with 98% accuracy with MobileNetV2-
Lite model.

v' Developed an effective, low-complexity architecture that would be applicable in real-time as well as
export-focused systems of mango quality inspection.

2. Related Work

In the recent years, tremendous developments in non-destructive quality measurement of fruits have been
seen, as computer vision and machine learning methods are developed to address the shortcomings of manual
inspection systems [13]. The initial researches concerning the assessment of the quality of mangoes were
based on external characteristics like size, color and surface texture using classical image processing and
handcrafted characteristics, which demonstrated the weak ability to detect internal defects concealed under
the peel [14]. In order to overcome this shortcoming, scientists considered statistical texture measures, such as
Gray Level Co-occurrence Matrix (GLCM), local binary patterns, and wavelet texture features, which have
shown a moderate success in the detection of internal tissue abnormalities in combination with more classical
classifiers like support vectors machines and k-nearest neighbors [15], [16]. These methods were however
very sensitive to feature engineering and generally did not generalize well to different illumination and fruit
maturity conditions [17].

The advent of the deep learning and especially Convolutional Neural Networks (CNNs) provided the turning
point in the agricultural image analysis through the ability to automatically learn features directly off of the
raw image data which resulted in enhanced resilience and classification capabilities [18]. A number of the
studies have effectively implemented CNN-based models in detecting fruit defects, disease, and quality grading,
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indicating that it is better than the traditional machine learning pipelines [19]. However, the majority of them
utilized deep and computationally intensive architectures, which are less appropriate to deploy in real-time
using these constrained resources in the agricultural setting [20]. In a move to reduce this dilemma, lightweight
and effective CNN architectures have been of growing interest. MobileNet-based models which apply
depthwise separable convolutions have been reported to demonstrate competitive performance in fruit defect
classification problems at a significantly lower number of parameters and a much lower inference time than
some of their counterparts [21].

In the same way, EfficientNet also presented compound scaling measures to balance network depth, width, and
resolution with a high accuracy-efficiency trade-off on various agricultural datasets [22]. Neural architecture
search has also been applied to defect detection as neural architecture designs, which provide optimized
structural designs with lower computational costs, have been proposed as NASNet architectures [23]. The
variants of the two networks, called denseNet and ResNet, also led to performance improvement through
amplifying the flow of the gradient and the sharing of features, which allowed the detection of subtle defect
patterns in complex agricultural images [24]. Simultaneously, image processing and segmentation
methodologies have been universally identified as important elements that enhance accuracy of defect
detection. Segmentation Threshold-based segmentation Threshold-based segmentation is demonstrated to be
capable of increasing the visibility of the defects through isolating the regions of interest and acquiring the
irrelevant background information [25]. Region-based masking Region-based masking has also been shown to
be effective in improving the visibility of the defects by isolating and suppressing the irrelevant information
about the region of interest [25].

Morphological operations Morphological operations Morphological operations have also been found to
increase the visibility of the defects by isolating and suppressing the irrelevant background information [25].

Experiments combining segmentation and the deep learning models record significant improvements in the
classification performance, especially in internal defect detection tasks due to the lack of clear boundaries of
defects [26]. Although this has happened, in comparison to the other lightweight architectures, across the
singular framework of preprocessing and segmentation, there is still a lack of comparative analysis of the
various lightweight architectures, particularly when it comes to detecting internal mango defects using the self-
generated datasets. In addition, little research has been done to systematically evaluate the trade-off between
the detection accuracy, model sizes, and computational efficiency in export-oriented mango quality inspection.
Filling these gaps, the current work will expand upon the available literature and combine the concept of
segmentation-based preprocessing with lightweight transfer learning models and provide a detailed
comparative study and thus offer a scalable and production-ready solution to the problem of automated
internal mango defect detection.

Table 1. Summary of Related Work on Internal Fruit and Mango Defect Detection

Fruit / Methodology Used Preprocessing / Model Type Key Findings
Dataset Segmentation
Mango Classical image Color normalization SVM Effective for surface defects only
processing
Mango Texture feature analysis GLCM-based extraction KNN Limited performance for internal
defects
Apple Handcrafted features Noise filtering SVM Moderate accuracy, poor scalability
Citrus Wavelet + texture Histogram equalization ANN Sensitive to illumination variations
features
Mango Statistical texture Manual ROI selection Random Forest | Required extensive feature tuning
analysis
Mixed fruits Deep CNN Basic resizing CNN Improved accuracy over ML methods
Mango Deep learning Data augmentation CNN High accuracy but computationally
heavy
Apple Deep CNN Image normalization VGGNet Large model size, slow inference
Mango Lightweight CNN Minimal preprocessing MobileNet Reduced complexity with good
accuracy
Banana Transfer learning Segmentation-assisted EfficientNet Balanced accuracy and efficiency
Mixed fruits Neural architecture Standard preprocessing NASNet Optimized architecture, high accuracy
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search

Mango Hybrid deep learning Segmentation + augmentation | DenseNet / Improved internal defect detection
ResNet

3. Methodology

The proposed solution had addressed the creation of an effective and light-weight deep learning model to
detect internal mango defects precisely with image segmentation and transfer learning. They had been used to
ensure domain relevance and realistic evaluation by using a self-created internal image database of mangoes
with both normal and defective samples. At the beginning, the mango images were read with OpenCV and were
provided with systematic preprocessing, such as resizing, noise detection, normalization, and segmentation to
improve the internal defects and minimize the background disturbance. Segmentation on threshold-based
isolation of regions of interest had been performed and the segmented results sent to feature learning and
classification. GLCM-based contrast, correlation, energy, homogeneity, and local binary patterns were some of
the texture features that had been previously extracted to reveal subtle internal structural variations. During
training, data augmentation methods like rotation, translation, zooming and flipping had been applied to
enhance robustness and generalization. The baseline custom CNN had already been implemented and tested
with several lightweight transfer learning architectures, which are MobileNetV2-Lite, EfficientNetBO-Lite,
NASNet-Lite, DenseNet121-Lite, and ResNet50-Lite, all trained under the same settings using binary cross-
entropy loss and the Adam optimizer. To balance the performance and learning efficiency of a pre-trained
model, partial freezing of models and fine-tuning had been implemented. The confusion matrices and
classification metrics had shown that the segmentation-improved lightweight models, especially MobileNetV2-
Lite, had reached a higher level of accuracy and a much lower level of computational complexity which proved
the efficiency of the proposed solution in terms of being useful in mango quality inspection in practice.

3.1 Data Collection and Pre-processing

The data consisted of a self-constructed list of internal mango pictures in normal and defective status. The
images were obtained locally and stored and then loaded into a Python environment that was used to analyze
them. The dataset was to facilitate internal defects since it captured various texture variation and structural
anomalies associated with the export quality mango testing.

a. Image Reading
Mango images were read and coded in numerical matrices to be processed.

Equation (1): Image representation
I(x, y, C) € RWHXWxC}
Equation (2): Grayscale conversion
Ig(x,y) = 0.299R + 0.587G + 0.114B
These equations convert raw image data into numerical form suitable for mathematical operations and
learning models.

Healthhy Mango Imagoes
—y
! ) ' E
Dufuctive Mango mages

- A L 3

Fig. 2.Healthy and Defective Mango Image Samples
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Fig. 2 illustrates images of healthy and defective internal mangoes which are representative and the images are
used in training and testing the proposed defect detection models based on the evident texture, color, and
structural differences.
b. Image Resizing
Images were scaled to a constant spatial resolution so that they would have similar input dimensions.
Equation (3): Resizing function

Ir = f(I,M,N)

r(®,y) = ) Y IGH)  wi))
j

Equation (4): Bilinear interpolation

i
Resizing conserved spatial consistency and facilitated convolutional processing.
c. Noise Removal
Gaussian filtering was applied on the noise to increase the visibility of defects.
Equation (5): Gaussian kernel

1 x? + y?
Gey) = (27r02> g (_ 202 )

If =1xG(0)
This blocked noise in high-frequency whilst conservation of structural details was observed.
d. Normalization
The intensity of the pixels was normalized in order to stabilize the training and enhance convergence.
Equation (7): Minimum maximum normalization

Equation (6): Filtering operation

If — Imin

In = T

Imax — Imin
Equation (8): Normalized pixel range

In € [0,1]
These factors have influenced how people in mid-Atlantis understand the environment.
e. Segmentation
Segmentation to identify defect prone areas by threshold based masking.
Equation (9): Thresholding rule
Sx,y) = Lif In(x,y) = T
S(x,y) = 0,otherwise
Equation (10): Segmented image
Is=InQ®S

This highlighted inner abnormal areas and enhanced feature learning and classification accuracy.

Segemented Images (Healthy)

Y lele e
SIOIOIN®

Segemented Images (Defective)

- [@]o]o]
K] B [‘]
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Fig. 3.Segmented Healthy and Defective Mango Images

The graph 3 shows the samples of healthy and defect mango, which are segmented in specific areas of interest,
which are clearly isolating the regions of interest and gives internal texture abnormalities which enhances
feature extracting and classification accuracy.

3.2 Feature Extraction

The image feature extraction was done to extract the discriminative texture features with internal mango
defects. GLCM was calculated on grayscale images with a set pixel distance and orientation, where the
statistical analysis was performed to identify the relationship of spatial gray levels. Contrast measured local
intensity variations, correlation, the intensity of pixel dependency, energy that reflected the uniformity of
texture and homogeneity measured the closeness of pixel distributions all of which were determined in the
GLCM. Also, local binary pattern descriptors were obtained to encode local texture structures and micro-
patterns. These attributes had a good ability to describe the presence of subtle internal tissue irregularities,
which cannot just be detected using the raw pixel values. The features obtained added value to the deep
learning representations, as the deep learning representations offer weak statistical texture features, and thus
the overall defect discrimination capability of the proposed framework is improved.

Let the pre-processed grayscale image be denoted as I(x,y), where x and y represent pixel coordinates.
1. Gray Level Co-occurrence Matrix (GLCM)

The GLCM P(i,j) represents the probability of occurrence of pixel intensities i and j at a fixed spatial
relationship:

Pap) = (5) 20y
where N is the normalization factor ensuring X P(i,j) = 1.
2. Contrast
Contrast measures local intensity variations and highlights defect-induced texture changes:
Contrast = Y.(i — j)2P(i,))
3. Correlation

Correlation quantifies the linear dependency between neighboring pixel intensities:

G = udG - uj)]

Correlation = Xi,j sio]

P@,j)
Where p and o represent the mean and standard deviation of pixel intensities.

4. Energy

Energy represents texture uniformity and repetition patterns:
Energy = Z P(i, j)?
Lj

5. Homogeneity
Homogeneity measures the closeness of pixel distributions to the diagonal of the GLCM:
P(i,))
H ity = 20L,j |77
omogeneity i,j [1 Tl =]
6. Local Binary Pattern (LBP)

LBP encodes local texture by thresholding neighboring pixels:
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N-1

LBP(x,y) = z s(In — Ic) 2"

n=0
wherelc is the center pixel, In are neighboring pixels, and
s(x) = Lifx =20
0,ifx <0
7. Feature Vector Formation
All extracted features are combined into a single descriptor:
F = [Contrast, Correlation, Energy, Homogeneity, LBP]

This feature space gives a discriminative and succinct representation of internal mango texture patterns to
classify defects.

3.3 Data Augmentation

The method of data augmentation was used to enhance the model generalization and reduce overfitting due to
small dataset size. The virtual images were dynamically obtained in real time during the training in a way that
controlled the geometric transformations. The variability in orientation was solved by random rotations of the
range of -20 to +20 degrees, and positional changes were made by horizontal and vertical adjustment up to 10
per cent. Zoom variability with scale within a 15 range of variations explained scale variations and horizontal
flipping expanded viewpoint variability. A split of 30% was used to make sure that there was no performance
bias. These augmentation plans added variety to the data but did not change the defect semantics so the models
were able to learn robust and invariant features that ended up giving a better classification and stability when
the mango samples were changed.

Table 2. Augmented images are generated programmatically during training
Parameter Value Description

rotation_range 20 Randomly rotates images within a range of +20 degrees
width_shift_range 0.1 Horizontally shifts images by up to 10% of the width

height_shift range 0.1 Vertically shifts images by up to 10% of the height

zoom_range 0.15 Randomly zooms images in/out by up to 15%

horizontal_flip True Randomly flips images horizontally

validation_split 0.3 Reserves 30% of data for validation

Fig. 4. Augmented Mango Image Samples
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The image 4 demonstrates various augmented images of a mango image demonstrating their changes in
orientation and appearance which increase the data heterogeneity and enhance model resilience.

4. Model Approach
4.1 Convolutional Neural Network (CNN)

This was a custom convolutional neural network used as a baseline model. It had a stacked convolutional
architecture composed of feature extraction, pooling layers composed of spatial reduction and fully connected
dense layers composed of classification. This model learnt features on its own and served as a point of
reference in performance.

ALGORITHM 1: Custom CNN for Internal Mango Defect Detection

Input: Preprocessed mango image I

Output: Class label Y € {Normal, Defective}

Step 1: Input Layer

X0 <1

Step 2: Convolution Operation

XI=ReLU(WI1*Xl-1+bl), 1=1,2,...L

whereW] and bl are convolution weights and bias.

Step 3: Pooling

P1 = MaxPool(X1)

Step 4: Fully Connected Layer

F = ReLU(Wf - Flatten(PL) + bf)

Step 5: Classification

¥ = Softmax(Wc - F + bc)

Step 6: Loss Computation

L=-Xylog(V)

Step 7: Update Parameters using Adam Optimizer

4.2 MobileNetV2-Lite (Proposed)

The transfer learning of MobileNetV2-Lite was done on an ImageNet pre-trained backbone to obtain high
accuracy at a low cost in terms of a computation. The separable convolutions and the inverted residual blocks
were depthwise allowing the extraction of features efficiently. Mango images were sorted into normal and
defective, with custom classification layers being added and adjusted to provide the optimal classification of
these mangoes.

ALGORITHM 2: MobileNetV2-Lite (Proposed)

Input: Segmented mango image I
Output: Class label Y

Step 1: Load ImageNet pre-trained MobileNetV2
backbone

Step 2: Depthwise Separable Convolution
Depthwise: Zd = Wd * X

Pointwise: Zp = Wp - Zd

Step 3: Inverted Residual Block

Yl = X1 + F(X1) if dimensions match

Step 4: Global Average Pooling

G =GAP(YL)

Step 5: Fully Connected Classification Layer
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¥ = Softmax(W - G + b)
Step 6: Binary Cross-Entropy Loss

L =-[ylog(¥) + (1 - y) log(1 - V)]
Step 7: Fine-tune selected layers using Adam

L Input_layar_ T ]

BatcbhiNOrrmaslization

Fig. 5. MobileNetV2 Lite Model Summary Architecture

4.3 EfficientNetB0-Lite

EfficientNetBO-Lite used the scaling of compounds to stabilize network depth, width and input resolution.
ImageNet pre-trained weights were applied and the last few layers were trained to detect internal mango
defects. This model was able to strike an effective balance between the performance in the classification and
the amount of resources required by working under restricted resources.

ALGORITHM 3: EfficientNetBO-Lite
Input: Preprocessed mango image |
Output: Class label Y

Step 1: Load pre-trained EfficientNetB0
Step 2: Compound Scaling

Depth: d = a*@, Width: w = @, Resolution: r
=Yt

Step 3: MBConv Block

X1+1 = X1 + MBConv(XI)

Step 4: Global Average Pooling

G = GAP(XL)

Step 5: Classification

Y = Softmax(W - G + b)

Step 6: Compute Binary Cross-Entropy Loss
Step 7: Update trainable parameters

4.4 NASNet-Lite
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The design of the architecture was made sure by NASNet-Lite, which was based on the architectures acquired
by neural architecture search. Binary mango defect classification using customized fully-trained top layers was
done with the help of pre-trained weights. The model used the same preprocessing and training, allowing to
use it fairly with reduced computational complexity.

ALGORITHM 4: NASNet-Lite

Input: Preprocessed mango image I
Output: Class label Y

Step 1: Load NASNet pre-trained architecture
Step 2: Normal Cell Computation
NI = f(NI-1, N1-2)

Step 3: Reduction Cell for spatial
downsampling

Step 4: Feature Aggregation

F = Concatenate(All cell outputs)
Step 5: Global Average Pooling

G =GAP(F)

Step 6: Classification Layer

¥ = Softmax(W - G + b)

Step 7: Optimize using Adam

4.5 DenseNet121-Lite

DenseNet121-Lite used a dense connection between the layers to facilitate the re-use of features and better
gradient flow. Subtle variations in internal texture that correlate with defects in mangoes were detected using
this architecture. Higher layers fine tuning permitted successful adjusting with the inner mango image set with
a better classification of stability.

ALGORITHM 5: DenseNet121-Lite

Input: Segmented mango image I

Output: Class label Y

Step 1: Load DenseNet121 with pre-trained
weights

Step 2: Dense Block Computation

Xl =HI([XO0, X1, .., XI-1])

where [-] denotes feature concatenation
Step 3: Transition Layer

Tl = Pool(Conv(X1))

Step 4: Global Average Pooling

G = GAP(XL)

Step 5: Classification

¥ = Softmax(W - G + b)

Step 6: Compute Binary Cross-Entropy Loss
Step 7: Fine-tune higher layers

4.6 ResNet50-Lite

ResNet50-Lite made use of the residual connections to allow further training of the networks without the
problem of vanishing gradient. ImageNet pre-trained weights were implemented and selective fine-tuning did
to mango defect locations. The model represented complex features and at the same time it was stable to
training and actually had stable detection.
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ALGORITHM 6: ResNet50-Lite

Input: Preprocessed mango image I
Output: Class label Y

Step 1: Load ImageNet pre-trained ResNet50
Step 2: Residual Block

Y1 =F(XI, W1) + X1

Step 3: Stack Residual Blocks for deep feature
learning

Step 4: Global Average Pooling

G = GAP(YL)

Step 5: Fully Connected Layer

¥ = Softmax(W - G + b)

Step 6: Binary Cross-Entropy Loss
Computation

Step 7: Parameter Update using Adam
Optimizer

5. Result Analysis

5.1 Confusion Matrix

The confusion matrix of the baseline CNN shows a moderate result of classification of internal mango defects.
The model accurately identified 38 faulty samples and 14 healthy samples, which means that it has the
reasonable ability to learn raw images. Nevertheless, 5 defective mangoes were wrongly labeled as healthy and
4 healthy samples were wrongly forecasted as defective. These misclassifications point to the CNN weak
capacity of recording fine-grained internal texture differences without the extensive feature reuse or the
lightweight optimization, as revealed in figure 6 (a). This was indicated by the fact that the false positives and
false negatives are relatively higher, indicating sensitivity to noise and inherent looks of classes. This model can
be used as a baseline, showing the necessity of segmentation and transfer learning to enhance the
discrimination accuracy and robustness in the real quality inspection systems. Figure 6 (b) the EfficientNetBO-
Lite confusion matrix would exhibit biased classification patterns, in which all the samples would be classified
as defective.

Despite the identification of 43 faulty mangoes in the correct position, the misidentification of all 18 healthy
mangoes occurred, which shows that there are zero true negatives. This result implies that the EfficientNetBO-
Lite, based on the specified setup, could not gain knowledge about balanced decision boundaries of both
classes. The lack of appropriate healthy predictions indicates the overfitting on the salient defects or the lack of
adaptation during the fine-tuning. EfficientNetBO is characterized as an efficient and accurate framework but
this finding demonstrates that appropriate segmentation, focus on features, and the choice of training method
is essential. It further points to the fact that lightweight architectures need to be carefully tuned to prevent the
effect of class imbalance when dealing with defect detection tasks.
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Fig. 6. (a) Baseline CNN — Confusion Matrix (b) EfficientNetB0-Lite — Confusion Matrix (c)
MobileNetV2-Lite — Confusion Matrix (d) NASNet-Lite — Confusion Matrix (e) DenseNet121-Lite —
Confusion Matrix (f) ResNet50-Lite — Confusion Matrix

Figure 6 (c) the confusion matrix of MobileNetV2-Lite shows a high level of classification performance as
compared to other models. The correct classification of mango samples revealed that 42 defective samples and
18 healthy samples were classified correctly and no defective sample was classified as healthy or 18 healthy
samples were predicted as defective. This almost perfect division is a sign of great generalization and strength
of detecting internal flaws. None of the false positives indicate great confidence in detecting healthy samples
which is very important in export-grade quality inspection. The low misclassification proves the power of the
segmentation with the help of depthwise separable convolutions and transfer learning. On the whole,
MobileNetV2-Lite demonstrated the most stable and balanced performance, which proves its suitability as the
best-performing lightweight model in the current research. The NASNet-Lite confusion matrix in figure 6 (d)
demonstrates that it has a high classification ability with slight errors. The model has rightly classified the
number of defective and healthy samples as 42 and 15 respectively and 1 defective sample was classified as
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healthy and 3 healthy samples as defective. The errors show that there were a few mistakes in borderline cases
where the internal texture differences are minor. However, most of the predictions proved to be correct, which
proves the usefulness of the design with neural architecture search in the process of learning optimal feature
representations. The evenly distributed errors indicate constant learning behavior. NASNet-Lite offers an
acceptable compromise between complexity and performance and thus it can be a suitable choice in automated

internal mango defect systems.

Figure 6 (e) the DenseNet121-Lite confusion matrix indicates the consistent classification where the internal
defect patterns are well handled. This model was able to classify 41 defective and 16 healthy samples
accurately and only 2 misclassifications in both categories. Thick connections among the layers facilitated
reuse of features as well as gradient flow facilitating the capture of fine internal texture variations. The false
positive and false negative rates are also relatively low, which means that there is high discrimination. Being
slightly less precise than MobileNetV2-Lite, DenseNet121-Lite was also able to remain equally high across both
classes. These findings show that dense feature propagation can improve internal defect detection particularly
when it is used with segmentation and transfer learning. Figure 6 (f) the ResNet50-Lite confusion matrix
indicates a good performance similar to the base CNN that was able to correctly classify 38 defective and 14
healthy samples. Nevertheless, 5 faulty mangoes were not classified correctly as healthy and 4 healthy samples
were classified as faulty. The given training configuration showed that the model did not improve significantly
as compared to the baseline even though there were residual connections that allowed it to learn more. This
indicates that depth by itself is not a guarantee of excellent performance of internal defect detection without an
enhancement of lightweight optimization. These findings show that even though ResNet50-Lite can be trained
to gain complex representations, it might be slow compared to lighter models to achieve real-time mango

quality inspection.

5.2 Accuracy and Loss Curve Analysis
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Fig. 7. CNN Model Accuracy and Loss Curve

CNN accuracy curve figure 7 indicates slow learning with average variations, but validation accuracy is a bit

lesser. The loss curves decrease consistently, which implies the convergence, however, significant gaps imply

poor generalization and the sensitivity to internal defect variability. EfficientNetBO has a fluctuating accuracy
behavior with a high level of validation change. Figure 8 illustrates that the separation between the loss curves
is small and therefore there is underfitting and problems with learning discriminative internal features,
probably because of the lack of fine-tuning and effective segmentation adaptation. MobileNetV2 shows a high
rate of accuracy improvement and a close correspondence between training and validation curves as
illustrated in figure 9. Loss reduction becomes more stable, which proves the stability of convergence,
successful feature learning, and high generalization of internal mango defect detection. NASNet demonstrates a
gradual increase in the accuracy with slight fluctuations between the training and validation curves. The trend
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of loss reduction is a sign of consistent optimization as is depicted in figure 10, with minimal differences
signifying a realistic generalization with some confusion occurring in the borderline defect cases. DenseNet121
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is able to continuously boost accuracy, and validation is well-correlated. The loss curves presented in figure 11
also exhibit gradual loss, which is a sign of efficient gradient flow and successful reuse of features, which allows
to detect the presence of minor internal mango defects with reasonable confidence. ResNet50 has inconsistent
accuracy curves indicated by figure 12 and moderately converging. The decrease in loss is slow but nonlinear
indicating more complexity in the architecture without corresponding performance improvements meaning

that value lightweight optimization in the defect detection tasks is essential.
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Fig. 10.NASNet Model Accuracy and Loss Curve
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Fig. 12. ResNet50 Model Accuracy and Loss Curve

5.3 Comparisons of different model

The above model comparison results clearly reaffirm that there is a major effect of image segmentation on the
performance of internal mango defect detection using all the evaluated architectures. The baseline CNN had an
accuracy of 83% without segmentation and this figure rose marginally to 85% with segmentation, which shows
that it does not offer much benefit since its features are poorly represented. Without segmentation,
EfficientNetBO-Lite did not perform well with an accuracy of 70% and a low precision of 35%, but when
segmented, the precision was significantly better (62) and the recall also was better (72), which validates
defect localization was improved. The biggest improvement was observed in MobileNetV2-Lite, as the
accuracy, precision, recall, and F1-score improved by 80, 78, 83, and 97, respectively, indicating that it has a
high generalization and is robust. This also proved to be very beneficial to NASNet-Lite, where it could segment
with an accuracy of 93 percent as compared to 73 percent without and significantly higher precision and recall.
DenseNet121-Lite proved to be stable, scoring up to 93 percent accuracy and balanced precision recall.
ResNet50-Lite went up to 93% accuracy, but the improvements were not as high as for lighter architectures. In
general, the findings prove that preprocessing based on segmentation and lightweight transfer learning
models, especially MobileNetV2-Lite, can achieve better performance in internal mango defect detection. The
table 3 indicates massive performance boosts in all the models as image segmentation is used, particularly in

lightweight transfer learning models.
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Table 3.Performance Comparison of Deep Learning Models With and Without Image
Segmentation for Internal Mango Defect Detection

Without With Without With Witho | With Without With

ion ion ion ion Segm | ion ion ion
entati
on

Model Accuracy Accuracy Precision Precision Recall | Recall F1-Score F1-Score

Segmentat | Segmentat | Segmentat | Segmentat | ut Segmentat | Segmentat | Segmentat

CNN 83 85 83 82 75 83 78 83

EfficientNetB | 70 70 35 62 50 72 41 68
0-Lite

MobileNetV2 | 80 98 78 97 83 99 78 98
-Lite

NASNet-Lite 73 93 69 94 71 91 70 92

DenseNet12 80 93 76 92 76 92 76 92
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ResNet50- 85 93 82 89 83 89 83 89
Perfromace Comparison of Models

Lite

EfficientNetB80-Lite MobileNetV2-Lite NASNet-Lite DenseNet121-Lite  ResNet50-lite
Models

120

100

80

iz

v

a0

20

b

B ez
Vi
iz
e i
Vs

ettt
L

e

Vi
G

=8 v
3’///////////////////////////////////4’//4&

Accuracy Without Segmentation » Accuracy With Segmentation « Precision Without Segmentation
m Precision With Segmentation = Recall Without Segmentation = Recall With Segmentation
« F1-Score Without Segmentation ® Fl-Score With Segmentation

Fig. 13. Representation the Performance comparison of model

Table 4. Model Complexity and Parameter Distribution Analysis of Deep Learning

Architectures
Model Total Params Trainable Params Non-Trainable Params Model Size
CNN 11,169,089 11,169,089 0 42.61 MB
MobileNetV2-Lite 2,340,033 82,049 2,257,984 8.93 MB
EfficientNetBO-Lite 4,131,620 82,049 4,049,571 15.76 MB
NASNet-Lite 4,295,720 82,049 4,049,571 16.39 MB
DenseNet121-Lite 7,103,169 65,665 7,037,504 27.10 MB
ResNet50-Lite 23,850,113 14,712,577 9,137,536 90.98 MB
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The table 4 shows a comparative analysis of the model complexity in the number of total parameters, trainable
and non-trainable parameters, and the size of the whole model of all the architectures considered. The default
CNN has a trainable parameter count of more than 11 million, which makes the model size of 42.61 MB rather
large and thus, resource-intensive to compute and hard to use in resource-limited settings. MobileNetV2-Lite,
conversely, has the smallest design, and just 2.34 million total parameters, and its model size is 8.93 MB. Most
of its parameters cannot be trained because of transfer learning which drastically cuts training overhead with
no notable accuracy loss in detection. EfficientNetBO-Lite and NASNet-Lite are moderately complex and have
about 4 million parameters and model sizes of about 16 MB, and trade-off efficiency and representational
capacity. DenseNet121-Lite has many more parameters because of the dense connectivity and consumes more
memory but better features reuse. The most complicated model is ResNet50-Lite, which has 23.85 million
parameters and is huge in size of 90.98 MB, and it is not very applicable in lightweight and real-time tasks. On
the whole, the comparison shows that lightweight architectures and especially MobileNetV2-Lite would offer
better performance and usability when it comes to the internal mango defect detection systems.

Trainable Parameteres Comparison of Models
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Fig. 14.Comparison of Total and Trainable Parameters across Deep Learning Models

As the figure 14 shows, there is an apparent difference between total and trainable parameters of each model.
Lightweight networks (in particular MobileNetV2-Lite) are much smaller with trainable parameters and thus
can be easily trained and deployed relative to heavier CNN and ResNet50-Lite networks.

5.4 Predictions

The results of the prediction show the usefulness of the suggested internal mango defect detection model in
practice in terms of differentiating healthy and defective samples. In the initial prediction, the model predicted
the mango to be HEALTHY with a confidence score of 71.22, meaning that there is the dominant presence of
normal internal texture patterns and that there are no abnormalities of significance. The medium-high
confidence indicates feature extraction and classification reliable and indicate that the internal structure is
similar to learned healthy representations. Conversely, the second prediction was that the mango was
DEFECTIVE with a confidence of 50.79, but this number is low, nevertheless, it points to the existence of
internal tissue anomalies like discoloration and structural decay. The low score of confidence indicates that the
defect features were faint or were partly similar with healthy patterns which indicates the natural challenge of
classifying internal defects. These performance results indicate that the model can offer probability levels of
confidence in addition to the labeling of a class, which can allow making decisions informed during quality
inspection. On the whole, these findings can support the idea that the suggested strategy can be effective to
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provide automated quality assessment of mangoes and the use of the confidence values can provide an extra
understanding on the reliability of the prediction under the conditions of real-life implementation.

Detection: HEALTHY ' Detection: DEFECTIVE
Confidence: 71.22% Confidence: 50.79%

Detection Result Detection Result

Class : HEALTHY Class DEFECTIVE
Confidence = 71,22% Confidence 58.79%

("HEALTHY ", np.float32(71.21957)) ("OEFECTIVE', np.float32(5@.7869))

Fig. 15. Prediction Results Showing Healthy and Defective Mango Classification with
Confidence Scores

The graph 15 shows results of the predictions of healthy and defective mango samples, with class names and
confidence scores, which proves the potential usefulness of the suggested defect detection system and its
reliability in making decisions.

6. Conclusion

The paper has provided an efficient and inclusive model of internal mango defect detection with the
combination of image segmentation methods and lightweight deep learning and transfer learning models. An
internal mango image dataset was created and thoroughly treated with resizing, noise removal, normalization,
segmentation, texture feature extraction and data augmentation to increase the visibility of defects and
generalization of the models. Decades of experimentation have shown that image segmentation is a critical
component in enhancing the overall performance of classification in all models as it isolates defect prone areas
as well as minimizes the interference of the background. MobileNetV2-Lite has shown the best performance in
the evaluation, with 98% accuracy, 97% precision, 99% recall, and 98% F1-score yet has a relatively small
model size of 8.93 MB. By comparison, heavier models like ResNet50-Lite delivered similar accuracy
improvements at much higher computational and memory costs, which means that they can only be used in
practice when deployed in real-time. The outcomes of prediction also confirmed the strength of the proposed
method, with the healthy mango samples being recognized with the confidence of 71.22 and defective samples
being recognized with the confidence of 50.79, which clarifies the capability of the model to produce
probabilistic information, as well as, identify the class labels. Such confidence scores are especially useful in
making the decisions based on the export-oriented quality inspection, where borderline cases have to be
thoroughly considered. All in all, the results establish that the lightweight transfer learning models with
segmentation provide the best tradeoff between scalability, efficiency and accuracy. The suggested framework
is applicable to real-time and non-destructive mango quality assessment systems and may be applied to other
types of fruits and agricultural assessment systems, which enhances the development of intelligent and
sustainable agri-food processing systems.
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