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Agriculture plays a vital role in ensuring global food security and economic stability, particularly in rural
regions. To support sustainable agricultural practices and improve food quality monitoring, this study
introduces AgriFreshNet V2 - a hybrid deep learning model designed for accurate freshness classification
of fruits and vegetables. The model combines fine-tuned convolutional neural networks, specifically
ResNet152V2 and EfficientNetB3, into a unified architecture that harnesses both advanced feature
extraction and computational efficiency. Trained on a custom-curated image dataset spanning 28 distinct
classes (including both healthy and rotten produce), the model benefits from extensive data
augmentation, transfer learning, dropout regularization, and adaptive learning rate scheduling to enhance
generalization and stability. Experiments were conducted using a 70:15:15 train-validation-test split, and
the proposed model achieved a validation accuracy of 97.90%, outperforming several baseline
convolutional neural networks such as MobileNetV2, Xception, InceptionV3, and DenseNet201. The
results confirm the effectiveness of AgriFreshNet V2 in delivering high classification accuracy with
minimal overfitting. The model presents a scalable solution for automating post-harvest quality
inspection, with the potential to reduce food waste, optimize supply chains, and empower farmers and
agribusinesses with reliable artificial intelligence-driven decision support tools.

Categories: Al applications, Green Computing and Sustainability, Deep Learning
Keywords: deep learning, plant-based food classification, convolutional neural networks, post-harvest quality
assessment, agriculture

Introduction

Agriculture significantly contributes to global food security and economic development, especially in both
rural and agrarian economies [1]. With increasing urbanization, climate change, and supply chain
complexities, maintaining the quality of agricultural produce has become more challenging than ever [2].
Post-harvest management is a key component of agricultural sustainability, especially through the early
identification and separation of spoiled or low-quality produce. A huge percentage of food waste happens
after harvest, and losses can cut down on the income of the farmers in addition to overwhelming the food
supply system. There is generally manual inspection of the quality of fruits and vegetables, which is
strongly based on the human perception and experience. The methods are inevitably slow, subjective, and
susceptible to inconsistency; hence, they are not suitable for use in large-scale applications or in real-time
applications. With markets and consumers increasingly demanding produce that is fresh,
uncontaminated, and visually appealing, there is an urgent need for scalable, reliable, and automated
inspection systems [3].

The current automated quality assessment systems have taken advantage of many technologies such as
computer vision and machine learning. Initial solutions were based on conventional image processing
applications, i.e., edge detection and color segmentations, to detect flaws in produce [4]. However, these
techniques struggle with complex visual patterns and require extensive manual feature engineering. In
more recent years, deep learning-based methods, especially convolutional neural networks (CNNs),
appear to hold promise in this area because of their ability to learn hierarchical features on raw images [5].
Transferable models, such as VGG, ResNet, and MobileNet, have been deployed to detect plant diseases or
classify its freshness, yet it is frequently challenged either due to complexity of calculations concerning
the task or the generalization to various different datasets [6]. Lightweight architectures [7], ensemble
approaches [8], and mobilized-friendly networks [9] have also been studied as means of identifying plant
diseases and transfer learning [10] and self-adaptive approaches to highest precision [11,12]. The
application of computer vision [13] and weakly supervised learning [14] in leaf disease recognition further
suggests that Al is highly beneficial in agriculture. Nevertheless, the lack of post-harvest quality
assessment with respect to accuracy, efficiency, and scalability in terms of developing hybrid architectures
still needs to be addressed.

As a solution to this need, this study presents a hybrid deep learning-based application, AgriFreshNet V2,
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which is proposed to automate the process of freshness classification of the vegetable and fruit by
developing an automated inference mechanism that processes a set of images entirely. AgriFreshNet V2
employs transfer learning, fine-tuning, and advanced regularization techniques to ensure strong
generalization across a diverse dataset of 28 fruit and vegetable classes. This study is important, not only
in regard to technical innovation. AgriFreshNet V2 helps the small to medium farmers, wholesalers,
retailers, and supply chain managers to ensure effective quality control of their products through the
provision of a good and efficient tool of automation of quality checking. It allows more frequent sorting
and can lessen the amount of post-harvest loss as well as increases its market worth by creating better
product consistency [15]. The technology has a role to play in the larger objective of sustainable
agriculture by cutting on food waste, enhancing food safety and by making farming more data-driven and
smarter.

Materials And Methods

Research methodology

Experimental Setup

AgriFreshNet V2, the hybrid model proposed, was trained and tested in a high-performance computing
facility to accommodate the computation of the deep learning. The experimental system was a 12th
generation Intel Core i7 processor, 32 GB memory, and an NVIDIA GeForce RTX 3080Ti graphics card. The
hardware arrangement enhanced the training and fine-tuning of the deep CNNs to a large degree. All the
blocks of the model development pipeline were created in Python language where the TensorFlow and
Keras libraries were used to support deep learning. These frameworks made it easier to compile models,
train them, evaluate them, and visualize their performance. Acceleration was achieved by utilizing GPU to
reduce training time as well as tackle the massive amount of image data.

Dataset Description

In this, a collection of 10,000 high-definition images of 14 fruits and vegetables frequently consumed were
used as custom dataset. All the items were put under two categories, which were healthy and rotten, and
thus there were 28 unique categories altogether [16]. The dataset was equal (the classes had about 357
images (with a range of +/- 10 percent) to provide room in the variations in data quantity due to natural
causes. Images were collected from public repositories, including Kaggle, and underwent comprehensive
preprocessing to ensure data quality and consistency. To preprocess the images, one had to normalize
them, resize them to 224 x 224 pixels, and use advanced data augmentation methods, including rotation,
flipping, and zooming. These changes contributed to improving the ability of generalizing this model and
making it resistant to changes in the real world. Additionally, the data is thoroughly cleaned by removing
duplicates, corrupted files, and incorrectly labeled images to ensure high data integrity. The last dataset
was separated into three subsets: 7,000 images (70%) used during training, 1,500 (15%) used during
validation, and 1,500 (15%) used during testing. The splitting between them enabled the unbiased training
of the models without losing enough data to evaluate and profile its performance.

Methodology and Model Architecture

We develop a hybrid convolution neural network model, i.e., AgriFreshNet V2, to cope with the complexity
of visually similar phenomena of healthy and rotten produce. The model is a fusion of the two high-
performance pre-trained networks: ResNet152V2 [17] and EfficientNetB3 [18]. These two models were
initially trained on a dataset called ImageNet, and then they had to be fine-tuned on another one called
agricultural, in order to focus on the produce classification. The training process employed Adam
optimizer with initial learning rate of 0.001, learned through adaptive learning rate scheduling, and a
batch size of 32 to optimize both calculation power and fitting the model. The hybrid design combined the
depth and learning power of ResNet152V2 with the efficiency and speed of EfficientNetB3.

The architecture is built using ResNet152V2 and EfficientNetB3 as base networks, serving as powerful
feature extractors. On top of these, a classifier head is constructed, which includes a Global Average
Pooling layer followed by fully connected dense layers with ReLU activation. To prevent overfitting, a
Dropout layer with a rate of 0.4 is applied, and the final output layer uses a Softmax activation function to
classify input into 28 categories. The model is trained using the Categorical Crossentropy loss function
and optimized with the Adam optimizer, enhanced by adaptive learning rate scheduling. Regularization
techniques such as dropout, early stopping, and data augmentation are also incorporated to improve
generalization and training stability.

The model was trained, and it could reach 30 epochs, and early stopping was configured in a way that,
after the loss stopped decreasing, the model did not continue training to avoid overfitting the data. Loss
and accuracy values were recorded during training and validation with respect to training. The hybrid
model took the depth and learning capability of ResNet152V2 and crossed it with the efficient and fast
efficiency EfficientNetB3. Not only has this methodology increased the level of accuracy of the
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classification, but has also guaranteed that the model can be scaled and deployed to real-world
agricultural tasks [19]. The flowchart of the methodology is presented in Figure 1.
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FIGURE 1: Flowchart of the Methodology

Adapted from [9]

Pseudocode for AgriFreshNet V2

The following pseudocode summarizes the implementation pipeline of AgriFreshNet V2, illustrating key
model-building steps, feature fusion, and training strategy.

Step 1: Load and Preprocess Dataset

dataset = load_images("Fruit_Veg Quality Dataset")

dataset = resize_images(dataset, target_size=(224, 224))

dataset = normalize_images(dataset)

dataset = augment_data(dataset)

train_set, val_set, test_set = split_data(dataset, ratio=(0.7, 0.15, 0.15))
Step 2: Load Base Models (pre-trained)

resnet_model = ResNet152V2(weights='imagenet’, include_top=False)
efficientnet_model = EfficientNetB3(weights='imagenet’, include_top=False)
Step 3: Freeze Base Layers (optional fine-tuning later)

freeze layers(resnet_model)

freeze layers(efficientnet_model)
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Step 4: Extract Features

resnet_features = resnet_model(input_image)

efficientnet_features = efficientnet_model(input_image)

Step 5: Concatenate Features

merged_features = concatenate([resnet_features, efficientnet_features])
x = GlobalAveragePooling2D()(merged_features)

x = Dense(512, activation="relu’)(x)

x = Dropout(0.4)(x)

output = Dense(28, activation="softmax')(x)

Step 6: Compile Model

model = Model(inputs=input_image, outputs=output)
model.compile(optimizer=Adam(learning_rate=adaptive_schedule),
loss='categorical_crossentropy’,

metrics=['accuracy'])

Step 7: Train Model With Early Stopping

early_stopping = EarlyStopping(monitor="val_loss', patience=5, restore_best_weights=True)
history = model.fit(train_set,

validation_data=val_set,

epochs=30,

callbacks=[early_stopping])

Step 8: Evaluate and Save Model

model.evaluate(test_set)

model.save("AgriFreshNetV2.h5")

Results
Overall model performance

The proposed AgriFreshNet V2 model was evaluated extensively on a curated dataset comprising 28
classes of fruits and vegetables. Through a hybrid architecture combining ResNet152V2 and
EfficientNetB3, the model achieved state-of-the-art performance in classifying healthy and rotten
produce. Training was conducted over multiple epochs with performance tracked at each stage. The model
demonstrated rapid learning and effective generalization even within the first 10 epochs. Table / shows
the epoch-wise performance of AgriFreshNet V2.
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Epoch Training Accuracy Validation Accuracy Training Loss Validation Loss
1 93.25% 91.12% 0.1984 0.3825
5 96.12% 94.03% 0.1348 0.2986
10 97.35% 95.84% 0.1021 0.2014

TABLE 1: Epoch-Wise Performance of AgriFreshNet V2

This consistent improvement in accuracy and reduction in loss reflects the model's ability to converge
efficiently while avoiding overfitting.

Extended training and stability

To assess the long-term behavior of the model, training was extended up to 30 epochs. Although training
loss continued to decrease, validation accuracy plateaued [20], indicating that early stopping [21] around
the 10th epoch is ideal. This approach prevents unnecessary training and computational overhead while
preserving generalization.

Visual analysis of learning behavior

The visual analysis confirms that AgriFreshNet V2 generalizes well to unseen data and avoids typical
deep-learning pitfalls like overfitting or instability.

Accuracy Curves: Display smooth convergence, highlighting robust learning behavior.

Loss Curves: Show a steady decline in both training and validation loss, reinforcing the effectiveness of
the chosen architecture and regularization techniques. Figure 2 shows the AgriFreshNet V2 training
accuracy and training loss, and Figure 3 shows the AgriFreshNet V2 accuracy over epochs and loss over

epochs.

Agrifreshi¥et V2 Training Accuracy

o

AgriFreshNet V2 Training Loss

FIGURE 2: Trends of Training Accuracy and Loss
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FIGURE 3: Trends of Accuracy and Loss Over Epochs

Confusion matrix and class-wise evaluation

A confusion matrix was generated to examine class-specific performance across all 28 fruit and vegetable
categories. The model achieved exceptionally high classification accuracy, with only minimal confusion
between visually similar categories (e.g., Apple_Healthy vs. Apple_Rotten) [22].

The model demonstrated strong performance on the test set across various evaluation metrics. It achieved
an overall accuracy of 92.64%, reflecting its high ability to correctly classify instances. The macro
precision stood at 87.82%, indicating balanced precision across all classes regardless of their frequency,
while the weighted precision was higher at 94.31%, emphasizing the model’s reliability on more frequent
classes. Similarly, the macro recall was 93.26%, showing the model's effectiveness in detecting all classes
equally, and the weighted recall matched the overall accuracy at 92.64%. The macro F1-score, which
balances precision and recall across all classes, was 88.99%, and the weighted F1-score reached 92.32%,
confirming the model’s strong and consistent performance even in imbalanced data scenarios.

Most categories achieved high F1-scores, with several classes attaining perfect precision and recall.
Misclassifications were largely limited to classes with subtle visual differences or lower representation in
the dataset. Figure 4 shows the confusion matrix of AgriFreshNet V2.

Confusion Matrix - AgriFreshNet V2

aople_vearty JEH8] o 1 o 2 2 o 6 18 0o 3 6 o0 3 2 4@ &

w0

o 14 7 3 1 3 © © 0 1 © 0 ©0 © 4 0 O O©

1
© © © o © © 0 1 © 1 © 1 © O ©° ®
1
1

°o 1 o 1 [iis

Mango_Healthy - O o o
Mango_Momen- 0 O O 0
Oange_Meathy. 0 ©0 © 0 0 6 1 0

Oange_Rotten- 0 0 O O 0 0 0 O
Pomegranste_Hesthy- 0 O © 0 0O
Pomegranate_Motten- 0 0 O 0 0 © 0 0

Fotato_rieaithy

Potato_Rotten- 0 2 0 0 0 100

Strawbemy_Mealthy- 0 0 © 0 0 0 o

Tomato_Rotten - 0

Rotten -

Apple_Healthy
Apple_Rotten
Belipepper_Healthy

pe.
Grape_Rotten - ¢

Qucumber_

Predicted

FIGURE 4: Confusion Matrix of AgriFreshNet V2

Final evaluation of AgriFreshNet V2

AgriFreshNet V2 performed better in both accuracy and generalization than several well-established CNN
models that were tested during experimentation, and it does not have any obstacles to match those
frameworks in computation efficiency [23]. To give further proof to the importance of these
advancements, we invested in statistical testing through t-tests to compare the validation accuracy of
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AgriFreshNet V2 and those of the baseline models (MobileNetV2, Xception, InceptionV3, and
DenseNet201). The results showed that the accuracy of AgriFreshNet V2 at 97.90% was significantly (p <
0.05) higher than all others with MobileNetV2 having the second-highest accuracy at 94.12%. Table 2
shows the final metrics of AgriFreshNet V2.

Model Final Accuracy Validation Loss

AgriFreshNet V2 97.90% 0.1107

TABLE 2: Final Metrics of AgriFreshNet V2

In contrast to other models affected by overfitting or class imbalance, AgriFreshNet V2 consistently
performed well across all categories.

Evaluation metrics used

The model's performance was assessed using the following well-established metrics. These metrics
provide a holistic view of classification effectiveness, particularly in scenarios involving class imbalance or
visual similarity.

Accuracy: Measures the proportion of correctly predicted instances out of the total instances [24].

TP+TN
TP+ FP+TN+FN

(1)

Accuracy =

where, TP is true positive, TN is true negative, FP is false positive, and FN is false negative.

Precision: Measures the proportion of correctly predicted positive instances among all instances predicted
as positive [25].

TP
Precision = m—ﬁ (2)

Recall: Evaluates the proportion of correctly predicted positive instances among all actual positive
instances [26].

TP
Recall = m (3)

F1-score: The harmonic mean of Precision and Recall, providing a balanced measure especially useful for
imbalanced datasets [27].

Precision x Recall
Fi1- =2 4
seore % Precision + Recall )

Implications for agricultural deployment

The high classification accuracy, low loss, and balanced per-class performance of AgriFreshNet V2 suggest
its strong potential for real-time deployment in agricultural environments. The model can be embedded
into lightweight hardware for use in on-field fruit and vegetable quality assessment; automated sorting
lines in warehouses; and retail quality verification before packaging.

Its robust performance, even in resource-constrained settings, supports its role as a scalable and
affordable solution for digital agriculture. However, real-world deployment may face challenges such as
variations in lighting conditions, which can affect image quality and model performance. Low-resolution
cameras or inconsistent image capture settings in field environments may also introduce noise,
potentially reducing classification accuracy. Integrating the model into existing agricultural systems, such
as automated sorting machines or mobile applications, requires careful consideration of hardware
compatibility, processing speed, and user interface design to ensure seamless adoption by farmers and
agribusinesses.

Limitations

AgriFreshNet V2 can enjoy strong performance, but there are quite a number of limitations that have to be
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taken into account. The training set, which contains 10,000 images, although thoughtfully selected, is
relatively small given the different possible situations in real-world agriculture, which may become a
limitation in extending the application on diverse crops, geography, or climate. All of this coupled with
insufficient cross-domain validation, or testing in a variety of environmental conditions including change
of lighting, weather, or camera settings can further limit the applicability of the model in practice. Class
imbalance although will be downplayed will still manifest in certain categories with lower representations
that may interfere with the performance in underrepresented classes. The quality of the RGB images used
by the model is so high that it is sensitive to lighting conditions or shadow changes or the quality of the
camera, which is present in reality in the agricultural environment. Also, although the computational
demands are optimized, they may not be easily run on low-end devices that lack GPU, restricting such use
to smallholder farmers. The limitation of future work can be overcome with expanding the dataset in
similarity conditions, multispectral imaging, cross-domain validation, and edge devices with limited
resource optimization [28].

Discussion

The evaluation and creation of AgriFreshNet V2 point out the growing importance of deep learning
application in agricultural quality control. This work shows that hybrid architecture can efficiently
identify freshness of fruits and vegetables since two powerful CNN backbones, namely, ResNet152v2 and
EfficientNetB3, have been merged together. The distinct results indicating that the AgriFreshNet V2
(97.90% validation accuracy) significantly outperformed the baseline models emphasize the relevancy of
architectural hybridization, transfer learning, and proper regularization, as in line with the recent
progress (lightweight [21]), ensemble [22], and mobile-optimised [23] approaches to plant disease
recognition. During testing, the model showed stable convergence and minimal overfitting, supported by
smooth loss and accuracy trends. The high performance across 28 distinct categories, as shown in the
confusion matrix, reinforces the model’s robustness in differentiating both subtle and obvious variations
between healthy and rotten produce, complementing prior work on computer vision and weakly-
supervised learning for agricultural applications [27].

Importantly, the integration of data augmentation and adaptive learning rate scheduling played a critical
role in enhancing generalization, similar to techniques used in transfer learning-based studies [25,26].
While certain classes like Strawberry_Healthy achieved perfect F1-scores, some challenges were noted
with visually similar classes such as Apple_Healthy vs. Apple_Rotten, indicating the potential benefit of
incorporating multispectral or texture-based data, as suggested in related work [24]. In practical terms,
AgriFreshNet V2 stands out for its computational efficiency, making it suitable for real-time applications
in low-resource environments. With minimal hardware requirements, such as a mobile device and camera,
the model can be deployed directly on farms, storage centers, or local markets to assist in early spoilage
detection, thus reducing post-harvest losses and ensuring quality control.

Conclusions

This study introduced AgriFreshNet V2, a hybrid deep learning framework tailored for the automated
quality classification of fruits and vegetables, aiming to advance sustainable agricultural practices. The
model integrates two high-performing CNNs - ResNet152V2 and EfficientNetB3 - within a unified
architecture. Enhanced with transfer learning, data augmentation, dropout regularization, and adaptive
learning rate scheduling, the model demonstrated superior performance on a 28-class custom dataset,
achieving a validation accuracy of 97.90%. Comparative analysis confirmed that AgriFreshNet V2
outperforms several benchmark CNN architectures, showcasing its robustness and generalization
capabilities. Beyond its technical merits, AgriFreshNet V2 offers meaningful practical and social benefits,
especially for smallholder farmers and supply chain operators. The model is designed for low
computational overhead, making it well-suited for deployment on mobile or embedded devices in real-
time agricultural settings such as farms, warehouses, and local markets. Its ability to rapidly identify
spoiled produce helps reduce post-harvest losses, enhance food safety, and optimize supply chains. Future
work will focus on edge-device deployment, cross-domain testing, and dataset expansion to include more
crop varieties, environmental conditions, and real-world challenges-further improving the model’s
generalizability, robustness, and long-term impact.
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