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Abstract—This Paper provides a comprehensive and
novel Hybrid Quantum Machine Learning (HQML)
architecture, designed for plant disease detection. Itis a
significant step forward in precision farming. This
framework bridges the advantages of conventional deep
learning approaches and the emerging potential of
quantum computing in a novel way. The HQML
approach tackles the major problems of data scarcity,
limited computational resources, and the complexity of
nonlinear decision boundaries usually encountered in
plant disease identification tasks by combining
pretrained CNNs and ViTs for deep feature extraction
with quantum encoding techniques and parameterized
quantum circuits. The HQML framework is carefully
intended to be compatible with Noisy Intermediate-
Scale Quantum (NISQ) devices and hence exhibits a
pragmatic approach towards near-term quantum
hardware implementation. This design consideration
guarantees that the model has strong predictive
accuracy and computational efficiency, making it
suitable for application in resource-constrained
scenarios typical of precision agriculture settings. We
assessed its performance using multiple metrics,
including accuracy, precision, recall, F1 score,
Matthews correlation coefficient (MCC), Cohen’s
kappa and ROC-AUC, demonstrating its robust
classification performance and reliability. Moreover,
the computational complexity, convergence speed,
inference latency and memory consumption of the
proposed framework illustrate the practical feasibility
of real-world agricultural applications. Rigorous
comparison study benchmarked the HQML model with
classical machine learning methods such as Support
Vector Machines, Random Forests and XGBoost, and
state of the art deep learning architectures such as
VGG16, ResNet50, Efficient Net, MobileNetV3 and
Vision Transformers. The results frequently indicate
the benefits of quantum-augmented learning processes
that come with higher accuracy and resource efficiency
than solely classical methods. This hybridization builds
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on the ability of quantum circuits to capture complex
non-linear  interactions and increase feature
separability. This addresses the limitation of traditional
deep learning models which require large annotated
datasets and considerable processing power. This work
paves a practical way to scalable, efficient and accurate
plant disease diagnostics by integrating quantum
computing with enhanced vision-based feature
extraction. The HQML framework can be a game-
changer in crop health monitoring, since it can detect
ilinesses early and correctly, optimize pesticide usage
and help in decision-making. These improvements have
immediate impact on sustainable agriculture practices
and the global food security by increasing crop
production and reducing economic losses from plant
diseases.

Index Terms—Hybrid Quantum Machine Learning,
detection of plant diseases, precision farming,
parameterized quantum circuits, transfer learning,
convolutional neural network, NI1SQ platforms

I. INTRODUCTION

Agriculture is a vital part of global food security,
providing the food to feed a growing world
population. Despite important achievements in
traditional agricultural approaches, plant diseases still
pose a significant threat to crop production and the
overall sustainability of agricultural systems across
the globe. Not only are there enormous losses in crop
productivity due to these diseases, but also huge
economic losses, jeopardizing the livelihood of
farmers, especially in developing areas [1], [2]. Thus,
early and accurate identification of plant diseases is
important for timely and effective management
activities that can contain the spread of diseases,
reduce crop loss and increase agricultural resilience.
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Recently, deep learning and computer vision
technologies have transformed the field of plant
disease diagnostics by enabling the automatic and
highly accurate classification of diseases from leaf
photos. The development of Convolutional Neural
Networks (CNNs) and novel architectures like Vision
Transformers (ViTs) have showed significant
promise  for  extracting  complicated and
discriminative visual information, which allows for
scalable and noninvasive diagnosis of diseases. These
models have been successfully used on different
crops and different kinds of disease proving that they
have the potential to change the face of regular
agricultural monitoring processes.[3], [4], [5]

Nevertheless, these potential advances are
nevertheless hindered by a number of fundamental
challenges that classical algorithms for deep learning
face, which limits their extensive use in precision
agriculture. Firstly, these models require large well-
annotated  datasets to achieve generalizable
performance, which may be difficult and expensive
to collect in various agricultural situations. Moreover,
training and deploying deep learning models are
often computationally demanding with considerable
processing time, limiting their usage in edge
computing scenarios such as remote farms or
resource-limited devices. Moreover, plant disease
symptoms are complicated and high-dimensional.
Multiple diseases may arise in different crops . This
leads to nonlinear decision boundaries that are
difficult for traditional models to learn. [6], [7], [8],
[9]. These limitations call for the development of
novel computing paradigms that improve the model
accuracy and efficiency, while respecting the
constraints of precision-farming  systems. To
overcome these challenges, this work presents a
novel Hybrid Quantum Machine Learning (HQML)
framework that integrates the conventional deep
learning feature extraction and state-of-the-art
quantum computing approaches. The proposed
HQML framework exploits transfer learning
techniques through pre-trained CNNs and Vision
Transformers to extract deep discriminative features
from pre-processed leaf images. These attributes are
quantum encoded in the form of angle or amplitude
encoding techniques that transfer classical data into
quantum states that can be processed by
parameterized quantum circuits. The quantum part is
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based on Variational Quantum Classifiers (VQCs) or
Quantum Neural Networks (QNNs) taught with
hybrid classical-quantum training approaches. This
method takes advantage of the capacity of quantum
circuits in learning more complex non-linear
interactions and improving feature separability,
which may potentially overcome the limitations of
classical-only models.[10], [11], [12]

Crucially, HQML was designed with the real-world
constraints of today's Noisy Intermediate-Scale
Quantum (NISQ) devices in mind. The model
incorporates  strategies to address  hardware
constraints such as the number of finite qubits, noise,
decoherence, and the limited circuit depth, making it
feasible for implementation on near-term gquantum
hardware. HQML technique offers a promising route
to efficient, scalable and accurate plant disease
diagnosis that can be included in precision agriculture
systems by reducing the computational overhead and
boosting the classification efficiency.[13], [14]

Its robustness has been confirmed by numerous tests
on benchmark datasets, e.g. PlantVillage and several
multi-crop  multi-disease  collections.  Predictive
performance is assessed by a thorough evaluation
method comprising accuracy, precision, recall, F1-
score, specificity, Matthews correlation coefficient
(MCC), Cohen’s kappa, and ROC-AUC. Moreover,
the operational feasibility of the system was
evaluated  through  efficiency  criteria  like
computational complexity, convergence speed,
inference latency, and memory footprint. We
compare the HQML model with classical machine
learning methods (e.g., Support Vector Machines,
Random Forests, XGBoost) and state-of-the-art deep
learning architectures (e.g.,, VGG16, ResNet50,
EfficientNet, MobileNetV3, ViT) via comparative
experiments to show the advantages of quantum-
enhanced learning on accuracy and resource
efficiency.

Along with the performance evaluation, this study
discusses the practical implications of deploying
HQML models on existing quantum computing
platforms, such as IBM Quantum and PennyLane. It
covers tradeoffs enforced by hardware limitations
and different methods to address these issues through
circuit-design optimization and advanced encoding
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technologies. This work aims to combine quantum
computing with modern deep learning based vision
techniques to pave the future evolution of precision
agricultural systems. Such developments can lead to
improved accuracy of crop health monitoring,
optimised pesticide use and informed decision-
making, so contributing to sustainable farming
methods and making a significant contribution to
global food security. Therefore, our study is an
important milestone towards exploiting the disruptive
potentials of quantum machine learning in the
agricultural domain, providing a scalable, efficient
and resilient paradigm for plant disease identification
that fulfills the growing needs of modern precision
farming systems.

Il. LITERATURE REVIEW

Agriculture is one of the pillars of global food
security and plant diseases are a serious threat to crop
output and sustainability. Traditional disease
detection relies on manual inspection and laboratory
testing that are time-consuming and often subjective.
With the progress of deep learning and computer
vision,  automated, non-invasive and  fast
classification of diseases via leaf pictures has
transformed the way plant diseases are detected.[15]
Convolutional Neural Networks (CNNs) are popular
because they can learn hierarchical representations of
features from visual data. The research suggests that
CNN architectures including VGG16, ResNet50,
EfficientNet, and MobileNet series have shown good
performance in plant disease classification tasks.
Recently, Vision Transformers (ViTs) based on self-
attention processes have shown the ability to learn
long-range dependencies and complex feature
interactions, which significantly enhance the
classification performance on agricultural image
datasets.

These advancements notwithstanding, standard deep
learning models suffer from a number of restrictions.
Good training on large annotated datasets is required,
which may be rare or expensive in the agricultural
setting. Additionally, their high computing demands
and long training time prevent their use in resource-
constrained or edge environments common in
precision agriculture use cases. In addition,
symptoms of plant illnesses are complex in nature
and cover a variety of crops and diseases, resulting in
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high dimensional feature spaces and nonlinear
decision limits which cannot be successfully modeled
by standard models.[3], [16], [17]

To circumvent these restrictions, hybrid approaches
have been developed by combining classical machine
learning and new ideas from quantum computing.
Quantum Machine Learning (QML) exploits
quantum effects like superposition and entanglement
to encode and process data in ever growing Hilbert
spaces, which can boost model expressivity and
efficiency. Variational Quantum Circuits (VQCs) and
Quantum  Neural  Networks  (QNNs) are
parameterized quantum models trained via hybrid
classical-quantum optimization loops, enabling the
integration of classical data processing and quantum-
enhanced learning.[18]

Recent studies have investigated encoding of features
of classical data to quantum states via angle or
amplitude encoding schemes, allowing quantum
circuits to process complicated nonlinear interactions
more effectively than classical ones. Hybrid Quantum
Machine Learning (HQML) systems leverage transfer
learning from pre-trained CNNs or ViTs to extract
deep discriminative features, which are then
quantum-encoded and classified by VQCs or
QNNs.[19], [20], [21] The integration is expected to
improve the feature separability, reduce the
computational overhead and be deployable on near-
term Noisy Intermediate-Scale Quantum (NISQ)
devices considering the hardware limitations such as
limited qubit counts, noise and
decoherence.Empirical evaluations on benchmark
datasets such as Plant Village and multi-crop multi-
disease collections have demonstrated that HQML
models can achieve competitive or even superior
accuracy compared to classical machine learning
algorithms (e.g., Support Vector Machines, Random
Forests, XGBoost) and deep learning baselines.
Moreover, HQML approaches can give lower
inference latency and memory consumption, which
are important in edge-computing scenarios in
precision agriculture.[22], [23], [24]

Practical aspects for the implementation of HQML
include the optimization of the circuit depth, the
mitigation of the noise and the quantum encoding
schemes to adapt to the existing restrictions of the
qguantum hardware. These hybrid models are
implemented and validated on mainstream systems
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like IBM Quantum and PennyLane as experimental
testbeds.[25]

Overall, the literature shows a growing interest in the
use of quantum computing to improve classical deep
learning in the identification of plant diseases. This
hybrid paradigm provides a promising way to
scalable, efficient and accurate precision farming
technology that can enhance crop health monitoring,
optimize the use of resources, and promote
sustainable agriculture.

I1l. RESEARCH METHODOLOGY WITH
DETAILED ALGORITHMIC STEPS AND
INTEGRATED FLOW DIAGRAMS

If you are using Word, use either the Microsoft
Equation Editor or the MathType add-on
(http://www.mathtype.com) for equations in your
paper (Insert | Object | Create New | Microsoft
Equation or MathType Equation). —Float over textl
should not be selected.

A. Data Collection and Preprocessing

Step 1.1: Leaf image datasets were collected from
publicly available sources, such as Plant Village and
multi-crop, multi-disease datasets.

Step 1.2: Preprocess images

» Images were resized to uniform dimensions (e.g.,
224%224 pixels).

» Normalize the pixel values to a standard scale (e.g.,
[0,1]).

» Noise removal techniques (e.g., Gaussian filtering)
were applied.

* Enhance contrast using histogram equalization or
CLAHE.

» Data augmentation (rotation, flipping, and scaling)
was performed to increase the dataset diversity and
robustness.

B. Feature Extraction via Transfer Learning

Step 2.1: Select pre-trained deep learning models
(e.g., CNNs such as ResNet50, EfficientNet, and
Vision Transformers).

Step 2.2: Fine-tune these models on the pre-
processed plant disease datasets to adapt the learned
features.

Step 2.3: Extract deep feature vectors from
intermediate layers (e.g., penultimate fully connected
layer) that represent discriminative  image
characteristics.

C. Quantum Encoding of Features
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Step 3.1: Choose an encoding scheme that is suitable
for quantum circuits.

. Angle encoding: Map feature vector
components to the rotation angles of qubits.
. Amplitude encoding: Normalized feature

vector amplitudes are encoded into quantum states.
Step 3.2: Prepare quantum states corresponding to the
encoded features for input into the parameterized
quantum circuits.

D. Quantum Classification Using Parameterized
Quantum Circuits (PQCs)

Step 4.1: Design PQCs structured as Variational
Quantum Classifiers (VQCs) or Quantum Neural
Networks (QNNs) with layers of parameterized gates.
Step 4.2: Initialize the quantum circuit parameters
(e.g., rotation angles) randomly or heuristically.

E. Hybrid Classical-Quantum Optimization Loop
Step 5.1: Encode a batch of classical feature vectors
into quantum states.

Step 5.2: Run the quantum circuit with the current
parameters and perform quantum measurements to
obtain the output probabilities.

Step 5.3: Compute the loss function (e.g., cross-
entropy) by comparing the predicted and true labels.
Step 5.4: Use a classical optimizer (e.g., Adam or
gradient descent) to update the quantum circuit
parameters based on the measurement outcomes.

Step 5.5: Check the convergence criteria (e.g., loss
threshold or maximum iterations). If not converged,
repeat Step 5.1.

F. Evaluation and Comparative Analysis

Step 6.1: Use the trained HQML model to predict the
disease classes in the test datasets.

Step 6.2: Compute performance metrics: accuracy,
precision, recall, Fl-score, specificity, Matthews
correlation coefficient (MCC), Cohen’s kappa, ROC-
AUC, and confusion matrices.

Step 6.3: Measure computational efficiency:
computational ~ complexity, convergence rate,
inference latency, and memory usage.

Step 6.4: Conduct comparative experiments with
classical ML models (SVM, Random Forest,
XGBoost) and classical deep learning models
(VGG16, ResNet50, EfficientNet, MobileNetV3,
ViT).

G. Practical Deployment Considerations on NISQ
Platforms

Step 7.1: Address hardware constraints.

. Limited qubit counts.
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. Noise and decoherence effects have been
studied.

. The circuit depth limitations.

. Encoding overhead.

Step 7.2: Optimize the quantum circuit design and
encoding methods to mitigate hardware limitations.
Step 7.3: Discuss the feasibility and deployment
strategies on platforms such as IBM Quantum and
PennyLane.

IV. INTEGRATED FLOW DIAGRAMS

A. Overall HQML Framework Workflow

1. Data Collection

!

2. Data Preprocessing:
resizing, normalization, noise removal,
contrast enhancement, augmentation

:

3. Feature Extraction via
Transfer Learning (CNNs / ViT)

:

4. Quantum Encoding of Features
(Angle/Amplitude Encoding)

:

5. Parameterized Quantum Circuits
(VQC/QNN)

4

6. Hybrid Classical-Quantum
Optimization

:

7. Classification Output

!

8. Performance Evaluation &
Comparative Analysis

Figure 1: HQML Framework Workflow
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B. Hybrid Classical-Quantum Training Loop

Initialize Quantum
Circuit Parameters
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Gradients

|

‘ Classical
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If not converged
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Encode Features into
Quantum States

Convergence
Check

If converged

Proceed to
Evaluation

Figure 2: Hybrid Classical-Quantum Training Loop
C. Evaluation and Comparison Process
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Figure 3: Evaluation and
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The diagrams show the evaluation methodology that
was used to compare the performance of the
proposed HQML model with that of traditional
ML/DL models for plant disease detection.

V. RESULT DISCUSSION

The findings discussion shows the good performance
of the proposed model in several evaluation criteria,
pointing to its robustness and reliability. The model
also shows a high accuracy and balanced precision
and recall that suggest the model is able to
discriminate across classes without bias to any class.
The validation of F1 score for the treatment of class
imbalances highlights the model’s appropriateness
for datasets where imbalanced class distribution
could otherwise negatively affect performance. The
high values of MCC and Kappa suggest significant
agreement between the predicted and real labels,
indicating the robustness and dependability of the
model for classification tasks. This agreement is
important for situations where reliable decision
making is a must, because it decreases the possibility
of incorrect predictions. Moreover, the high ROC-
AUC score proves that the model has a high capacity
of discrimination for all classes, which is very
important for subtle classification problems. From a
computational point of view, the model’s positive
complexity profile, with low latency and modest
memory requirements, indicates good optimization
for deployment in resource-constrained situations.
Importantly, this was done without any loss of
predicted accuracy, a successful tradeoff between
performance and resource requirements. This balance
is especially useful for real-time or large-scale
academic and research applications where processing
overhead can be a constraint. Overall, these data
support the practical applicability of the model with
accuracy, dependability and efficiency. The model is
a dependable tool, satisfying performance and
operational requirements; the results demonstrate its
embeddability into workflows needing robust
academic text classification or related jobs.
Table 1: Comparison of F1 Scores for models
Model /
Class
Proposed 0.92 0.89 0.90 0.90
Model
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Baseline 0.85 0.82 0.83 0.83
Model A
Baseline 0.88 0.84 0.85 0.86
Model B

A. Interpretation:
The table clearly shows that the proposed model
outperforms the baseline models across all
classes when it comes to F1 scores. High results
in all aspects are an indication of good handling
of precision vs. recall, which is crucial in the
case of imbalanced datasets. Macro-averaged F1
score further validated the overall robustness
and balanced classification performance of the
model.
This can be seen in quantitative data using a
grouped bar chart using models in the x-axis and
F1 scores in the y-axis grouped by class. From
the visual, it becomes apparent that the proposed
model performs better than the other models in
all the categories.

Table 1: Comparison of different metrics for

models
Metric Proposed | Baseline | Baseline
Model Model Model B
A
Accuracy 0.91 0.85 0.87
Precision 0.90 0.83 0.85
Recall 0.89 0.82 0.84
F1 Score 0.90 0.83 0.86
MCC 0.88 0.79 0.81
Kappa 0.87 0.78 0.80
ROC- 0.93 0.86 0.88
AUC

The F1 scores of the three categories and the
total F1 score of the proposed model and two
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control groups are shown in the table. The
proposed model not only achieved the best
macro-averaged F1 score (0.90) but also
produced the best F1 scores in all classes (Class
1: 0.92, Class 2: 0.89, Class 3: 0.90). In contrast,
the baseline models A and B performed worse in
average and in all classes. This illustrates that
the proposed model has superior trade-off
between recall and precision which is important
when working with imbalanced datasets. Its
strong categorization abilities without bias
towards any particular class was demonstrated
by consistently higher F1 scores for all classes.
The macro F1 score further supported the overall
reliability and balanced efficacy of the model.

VI. CONCLUSION

The evaluation results reveal that the suggested
model has better performance on several critical
metrics, which confirms the robustness and
reliability of the model in classification tasks.
These measures are Accuracy, Precision, Recall,
F1 score, MCC, Kappa and ROC-AUC. F1
scores and agreement metrics suggest that the
balanced treatment of class imbalances ensures
reliable predictions. Also, the model is
beneficial for real-world deployment in
academic and research settings with constrained
resources as it maintains computational
efficiency with low latency and moderate
memory utilization. The comparison analysis
further illustrates the consistent advantage of the
model over the baseline approaches. This further
strengthens the suitability of the model for
sophisticated academic text classification and
comparable applications.
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