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Abstract

This article introduces a new hybrid deep learning framework that combines
ResNet-50 and Vision Transformer (ViT) models to classify tomato fruits by ripe-
ness and quality. The hybrid model takes advantage of the ResNet-50's capability
to extract features in local spatial regions. Additionally, it combines ResNet-50
with ViT's ability to establish a global contextual relationship between elements
with self-attention. The framework overcomes the limitations of utilizing a single
model. The framework was trained and evaluated, using a balanced and diverse
dataset. It consists of four tomato classes, ripe, unripe, unevenly ripened, and
damaged, collected under controlled conditions in the field. The experiments
conducted aggressively in the study demonstrated a high classification accuracy of
98% with a hybrid framework compared to individual ResNet-50 and ViT models.
The results in addition to the general performance were validated further using
precision, recall, the area under the curve (AUC) and the F1-score. The study also
included a computational efficiency test to look for accuracy versus multiple time
and spatial resource costs. The research successfully addresses the challenges
with dataset diversity, computational costs, and real-time feature deployments
through the conceptualization of strategies (data augmentation, transfer learning)
to improve generalization. The hybrid framework is expected to provide similar
design principles and measures for use with other agricultural products. It can
help in real-time sorting applications in variable real-world scenarios in agricul-
tural operations. The research provides a pathway for developing smarter, scala-
ble, and sustainable solutions in food quality and safety systems within precision
agriculture. Future work will incorporate deployment and optimize the frame-
work for edge devices in a real-world variable farm environment.
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1. Introduction

Tomato (Solanum lycopersicum L.) is among the ten most produced horticulture
crops worldwide, with 186 million tonnes harvested in 2022. Tomatoes serve as a
dietary staple that is rich in vitamins and antioxidants and has a large economic im-
pact in both fresh and processed commodities and export markets. Accurate ma-
turity and quality classification of tomato fruit is critical for pricing, post-harvest
handling, predicting shelf-life and reducing food waste through targeted sorting.
Figure 1 shows the production quantity of tomatoes and the harvested area.

Production/Yield quantities of Tomatoes in World + (Total)
1994 - 202

Figure 1. Production Market Statistics of Tomatoes

Traditional manual sorting is based on trained workers visualizing tomato fruit, but
there is inherent variability in the classification due to human factors (e.g. fatigue,
lighting, and human bias). This can create issues of economic loss, alter ripening
distributions, and ultimately create situations whereby consumer satisfaction dwin-
dles. Automated systems utilizing computer vision can achieve consistent and ex-
tensive classification of tomato fruit. However, they face challenges that seek
adaptability and scalability within the environment of relentless change. The rise of
deep learning and the use of imaging in agriculture have recently become prominent.
ResNet-50 has exhibited superior hierarchical extracts of local features across edges,
textures and color. It can struggle with recognizing long-range dependencies, such
as spatial displacement across multiple fruit or background contexts. Vision
Transformers (ViTs) use self-attention to model images as sequences of patches and
facilitate a global context model, but typically require large data and significant
computing power. In agriculture, hybrid models that incorporate CNNs' inductive
biases and contextual reasoning of transformers have been proposed to address
these limitations. They have shown successful applications in domains such as med-
ical imaging, remote sensing, and plant disease detection.

This research explores how the ResNet-50 and ViT models can classify different

types of tomato fruits while considering their ripeness levels. On the other hand, it is
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also necessary to implement significant changes in how farms operate to enhance
the quality of food production for a better and sustainable future. Integrating the
models allows the ResNet-50's localized feature extraction abilities to work along-
side the contextual analysis provided by ViT. This enables the model to assess sig-
nals with greater and more beneficial accuracy for predictive maintenance ap-
proaches. It will be assessed using standard evaluation metrics. The method used in
this study is unspecific to tomatoes; it can apply to other fruits and vegetables.

Here we present Integrating ResNet-50 and Vision Transformer Architectures for
Robust and Efficient Tomato Fruit Ripeness Classification. A hybrid framework for
classifying tomato fruit into four classes; ripe, unripe, uneven ripe, and damaged by
the integration of feature representations ResNet-50 and ViT.

Our contributions are the following:

* Adataset of 2,741 high-resolution tomato images was expertly annotated.

* A hybrid fusion network utilizing concatenation of ResNet-50 and ViT embed-
dings before a classifier with a lightweight model.

* Extensive evaluation through ablation studies, class activation mapping, and la-
tency benchmarks that demonstrate both state-of-the-art performance and feasibil-
ity.

The remainder of the article is organized as follows: Section 2 presents a review of
related work; Section 3 describes the dataset, preprocessing, and model architecture;
Section 4 presents results; Section 5 discusses limitations and future work; Section 6

provides conclusions.

2. Related Work
2.1. Traditional Methods

The classification of Tomatoes using traditional methods is mainly based on visual
inspection, referring to a manual grading process paying attention to attributes like
color, size and surface imperfections. Although these methods are inexpensive to
implement, the entire process is intrusive, labor-intensive, subject to human error
or bias, repetitive and generally unsustainable. These methods are greatly limited by
the instability and lack of scale that these commercial agricultural processes must
constantly contemplate. Over the last ten years, automated fruit classification has
moved from classical image processing methods to deep learning models. Here, we
review important developments of different classification methods for agriculture

applications.
2.2. Machine learning Approaches

Conventional machine learning methods are still in use, and they continue to be ap-
plicable—albeit with algorithms such as support vector machines (SVM), decision
trees and k-nearest neighbors (KNN), among others. These machine learning ap-

proaches require working with effective feature extraction; in other words, they re-
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quire determining the essential features of the tomato images for classification. Alt-
hough conventional methods can be impactful, the work required in feature extrac-

tion and algorithm tuning requires a fair amount of manual work.
2.3. Deep Learning Techniques

Deep learning, particularly convolutional neural networks (CNNs), has greatly im-
proved the state of the art in classification accuracy. CNNs take raw image data as
input and automatically learn hierarchical features, both improving classification
accuracy and reducing preprocessing effort significantly. Similar to the tomato clas-
sification that [ outlined above, data can now be analyzed in depth with limited hu-
man-engineered feature engineering or similar preprocessing functionality. Models
such as VGG16 and ResNet-50 are highly favored for their outstanding feature ex-
traction abilities from image data. This allows them to learn hierarchically and ef-
fectively to detect diseases, assess fruit ripeness, and perform quality grading. Stud-
ies have provided evidence of the increase in accuracy and reliability compared to
using traditional models including studies applying transfer learning for faster
training convergence using appropriately pre-trained weights.

Vision Transformer (ViT), a development designed for natural language processing,
continues to be successfully used for image classification. They segment images into
patches and use a modified self-attention schema to allow ViT to capture global
contextual information. There is evidence that ViT models are superior to CNNs be-
cause they can model long-range (i.e., between spatially distant) dependencies with
less reliance on pre-processing pipelines and pre-training periods. In some cases of
plant disease recognition, ViT models have been shown to outperform CNNs. How-

ever, these models generally require large datasets and heavy computation.

2.4. Enhanced Classification Strategies

An increasing number of research studies are exploring the possibilities of hybrid
models that combine CNNs for local feature extraction with ViT models to enhance
global attention. This effectively overcomes the limitations that come with relying
solely on one approach. Models that integrate ViT and CNN architectures have
achieved better classification accuracy and robustness. In recognizing plant images
under diverse field conditions. Allowing them to handle uncertainties arising from
environmental variations, occlusions caused by plant structures, and subtle disease
indicators. Other approaches have incorporated classic machine learning techniques,
like SVMs, to classify based on detector features extracted using CNN architectures
and improved scores from classification. Other complementary technologies, such as
IoT devices and real-time image analysis, have been considered in some systems to
allow for 24 /7 crop monitoring and real-time disease identification. Data augmenta-
tion techniques and explainable Al methods (such as Grad-CAM++) are methods to
improve the generalizability of the model and are helpful when farmers evaluate

trust and ease of deployment.
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Nonetheless, several challenges remain with obtaining high-quality and highly en-
riched labeled datasets, overfitting on small datasets and computational efficiency
for real-time capabilities for edge devices. These issues highlight the need for addi-
tional research into optimized architectures, complementary multimodal data (e.g.,

hyperspectral imaging), and more lightweight model alternatives.

3. Methodology
3.1. Overview of the Hybrid Model

ResNet-50 is a 50-layer deep, convolutional neural network (CNN) that provides re-
sidual skip connections to alleviate the vanishing gradient problem and enables
training very deep architectures. In the case of transfer learning, ResNet-50 will en-
able the model to train to tomato-based imagery using weights from large public
datasets (like ImageNet). This would require less time and dramatically smaller
computational memory than training a model from scratch.

The ViT was originally developed with tasks in natural language processing in mind.
To employ an elegant approach to processing images by cutting them into fixed-size
patches, and relying on self-attention to identify global dependencies. This ability
provides more flexibility in thinking about the images that make up complex visual
displays, with the understanding of frequent change (i.e., occlusions, variable light
conditions) in agriculture. In the hybrid model we envision, we will take ResNet-50
with its high-level feature maps and cut the images into patches for the ViT layers.
The hybrid model combines the advantages of the two networks for maximum ac-
curacy of local features (i.e., tomato) places with global features (i.e., local conditions)
to consider the visual domain. Figure 2 depicts the steps of the Hybrid Model.

Position Class
Embedding Token

{ Input Imagel [:> [ Regﬂfptjo ! l [> [ g‘;‘;ﬁgg l [> [ Add 1 [> [Concatenatel [> {Transformerl

Figure 2. The phase of the combination of the ResNet-50 with ViT

3.2. Dataset and Experimental setup

A balanced dataset consisting of 2,741 tomato images corresponding to four classes:
ripe, unripe, damaged, and uneven ripe, is prepared from publicly available reposi-
tories under different environmental conditions. The images are preprocessed by
resizing to 224x224 (width x height) pixels, normalization, and extensive use of data
augmentation through numerous features including flipping, rotating, brightness
change, zooming, and cropping. This preprocessing is used to improve the robust-
ness of the model and prevent overfitting. Figure 3 shows a Sample Representation
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of the Four classes of Tomatoes in the dataset. The experimental process involves
using ResNet-50, which has been previously proven to produce local feature extrac-
tion, using pre-trained weights from ImageNet, and fine-tuned to perform tomato
classifications. In this process, we replace its fully connected layers with a flat-
tened and softmax layer corresponding to the four classes. In the first stages of
model development, the lower layers are frozen and used to maintain general fea-
tures learned in the lower layers of the model. Eventually, these layers will also be
tuned for features specific to the domain. To achieve this, ViT takes input from the
feature maps generated from the ResNet-50 and produces patches. Then feed these
patches through transformer encoder layers, utilizing a multi-head self-attention
mechanism to look for contextual relationships within the global space of the image;
this feature is frequently missed with convolution networks alone. The fusion step
will combine the higher-level feature maps generated by ResNet-50 with the global
view produced from ViT's attention-driven layers. This will generate the patch em-
beddings for the feature maps and feed them into the layers of the transformer en-
coder which will train the entire model. Then, it will produce a final output of class

labels through a fully connected layer taking the aggregated class token output pro-

vided from the final transformer encoder output.

(@) (b) (© (d)

Figure 3. Illustrations of Tomatoes in our file (a-d) are enlarged views of Four group folders
of the dataset
Hyperparameters were selected to balance convergence and generalization to train
the model over fifty epochs for all labeled images in the dataset, utilizing categorical
cross entropy for loss. The Adam optimizer was adopted with a learning rate set of
0.0001, 50 epochs and the batch size set for 32.
Implementation of the study is completed in Python utilizing TensorFlow and Keras
for the utilization of a deep learning framework, using an AMD Ryzen CPU and AMD
Radeon GPU. Other libraries include OpenCV for image processing and scikit-learn
to evaluate models, metrics, and graphs to support the evaluation process. The de-
velopment environment is VS Code, which allows a complete coding experience to
produce code and debug and implement version control.
Evaluation of the model using the appropriate metrics has been defined to evaluate
the overall performance of the model. Accuracy, precision, recall, F1-score, confu-
sion matrix, ROC curves and area under the curve (AUC) have been provided as ap-
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propriate for each class of classification.

4. Results and Comparative Analysis

The hybrid model attained a notable classification accuracy rate of 98%, which is a
marked improvement over the individual ResNet-50 (85.2%) and ViT (94.3%) mod-
els. Balanced precision and recall indicated the model’s reliability of correctly clas-
sifying tomato classes under a range of conditions at approximately 0.99. The
ROC-AUC score of 0.9646 provided additional evidence of the model's superior dis-

criminating power. Table 1 is the summary of trained Models in this project.

Table 1. Experiment Results

Models Accuracy Precision Recall F1-Score T]:;,’ii:lieng
ResNet-50 85.2% 0.85 0.83 0.84 ~8 hours
ViT 94.3% 0.98 0.98 0.98 ~20 hours
MobileNet 95% 0.94 0.92 0.93 ~5 hours
EfficientNet 96% 0.95 0.93 0.94 ~7 hours
Hybrid 98% 0.99 0.99 0.99 ~15 hours

While ResNet-50 demonstrated efficiency in training and inference speed for classi-
fying image input, it likely fails to capture broader supports or context cues, specifi-
cally multi-class tomato conditions; ViT was accurate, however computationally re-
source intensive. Table 2 shows the computational efficiency of the State-of-the-art
models. The hybrid model succeeds in balancing the benefits of ResNet-50 and ViT.
It has included all relevant feature analysis through multiple data analysis views
while avoiding high computational resource expenditures, i.e., approximately 8.9
GFLOPs and 4 GB of memory. This makes the model deployable in various agricul-
tural systems with mid-range capacity control computers.

Table 2. Computational Efficiency Metrics

Models Memory Usage FLOPs Param. (Mil- Inference
(GB) (GFLOPs) lions) time(ms)
ResNet-50 ~2.1 ~3.8 ~25 200-250
ViT ~5.5 ~17.6 ~86 300-350
MobileNet ~1.2 ~0.57 ~4-6 100-150
EfficientNet ~1.8 ~0.39 ~5.3 150-200
Hybrid ~4 8.9 ~112 250-300
DOI:10.63313/AERpc.2013 108 Advances in Engineering Research : Possibilities and Challenges
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Figure 4. Confusion Matrix

Figure 4 provides a detailed breakdown of the model’s performance for each class,
allowing us to observe any misclassifications. The confusion matrix analyses illus-
trated very few misclassifications among tomato classes that are visually similar,
such as ripe and uneven ripe. This is indicative of the complexity of tomato fruit
maturity stages within a practical image agricultural use case, but still evidences
model robustness.

5. Challenges and Future Directions

While the hybrid model demonstrates significant accuracy in the examination of
disease resistance, it does carry its complexity when considering deployment in a
resource-limited edge device. For instance, training the ViT components still re-
quires extensive use of GPUs. In addition, the model cannot be novelly generalized
without significant amounts of consistent labeled annotated data sets. Despite that,
using both transfer learning and data augmentation approaches would reduce some
of the limitations on both annotated and computational resource needs. Future
work will aim to reduce our current hybrid model for model size and inference
speed using model pruning or quantization. Refining the selected architecture will
improve the speed. Finally, we think that utilizing multimodal imaging capabilities
for things such as detecting internal defects using hyperspectral or thermal images
would give value to future work. We'd hope to see either an integrated methodology
for the hybrid. The development of an end-to-end station for real-time sorting that
incorporates some of the foregoing methodologies with hardware (i.e.,, cameras on
conveyor belts). The hybrid models’ architectural methodologies add utility to other
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contexts beyond the scope of disease resistance projects, moving forward. For in-
stance; generalizing the hybrid architecture to other crop projects would take the
hybrid models to multiple possibilities as well.

6. Conclusions

The combination of ResNet-50 and Vision Transformer architectures creates a
strong deep learning solution to both accurately and efficiently classify tomato fruit
ripeness with robustness. This hybrid system demonstrates superior capability and
performance than each model by integrating granular local feature extraction, along
with holistic global context understanding. It is critical with the complexity and var-
iability of agricultural images. Importantly, the promise of successful applications
with this hybrid framework paves the way for more sophisticated automated quality
control. This system reduces labor dependency and increases productivity for a
wide range of precision agriculture settings. Therefore, this study, not only de-
scribes the functionalities and use cases of the hybrid design as relates to tomato
fruit ripeness classification. It establishes a foundation for future precision agricul-
ture technology represented by smart farming with artificial intelligence. It can also
contribute to the methodological advancement of global food security and sustaina-

ble practices in agricultural production.
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