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SUMMARY

Classification of crops and weeds is an important aspect in precision agriculture, as it aids in providing a
means for efficient weed control and reduced herbicide applications to achieve high crop productivity. In
this paper, a quantum-classical hybrid deep learning approach is presented for accurate identification of
crops and weeds from sorghum images using the dataset Sorghum Crop Weed Dataset_Classification. In
this hybrid framework, a convolutional neural network (CNN) for feature extraction in the spatial domain,
along with a variational quantum circuit (VQC) to provide better feature representation and classification
abilities in higher-dimensional quantum space, is used. This allows for effective differentiation of crop
and weed instances that appear alike in different agricultural conditions. Data preprocessing methods like
resizing, normalization, and data augmentation (rotation, flipping, and brightness adjustment) are
performed to ensure uniformity in data and increase the generalizability of the trained model. According
to experimental evaluations conducted using traditional metrics, the designed model attains an accuracy
0f 97.3%, precision of 96.9%, recall of 97.2%, F1-score of 97.1%, and a training loss of 0.09. The results
show a significant increase from baseline approaches such as CNN (92.5% accuracy), ResNet (94.0%
accuracy), and transfer learning (95.0% accuracy). In addition, the designed model performs well when
tested under challenging situations encountered in the real-world agricultural environment, such as
varying illuminations, partial occlusion, and background noises. In summary, the above results prove the
success of combining classical deep learning and quantum feature learning to enhance classification
performance.
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INTRODUCTION

Precision agriculture is a revolutionary paradigm in modern agriculture, which enables decisions based
on data and optimal allocation of resources. One of the crucial factors to guarantee success in this regard
is the automated identification of crop and weed species. This is necessary to ensure reduced use of
herbicides and sustainable farming practices [3]. The current challenge of the agricultural industry
involves the implementation of real-time and highly precise detection of crops and weeds. This challenge
is particularly critical for the situation where a wide range of diverse field conditions requires reliable
identification of crops and weeds to preserve their yield and reduce negative impact on the environment

[1].

The traditional approach for weed management is associated with the application of chemical herbicides
across the entire spectrum of crop fields. However, despite the development of classical deep learning
that greatly increased the ability of image classification, the contemporary methods have several
drawbacks, such as high computational costs and poor generalization due to the variability of the
environment [5].

In order to overcome such shortcomings, this study will investigate the potential of the application of
quantum-powered deep learning algorithms to images of sorghum plants. Utilizing the power of CNNs
to extract spatial features together with the expressive capability of VQC-based computation offers a
way of modeling such high-dimensional interactions between features that would otherwise not be
possible using classical machine learning [8]. The quantum-classical approach represents an excellent
area for investigation that can contribute to improved classification performance in next-generation
smart farming.

Key Contributions

* Proposes an integrated approach that combines a CNN and a variational quantum enhanced circuit
in order to enhance the class separability of crop-weed images

* Includes an effective data pre-processing stage, including resizing, normalization, and data
augmentation to deal with illumination changes, occlusions, and background noise in realistic
farming environments

» Shows improved classification efficiency compared with the existing CNN, ResNet, and transfer
learning models in terms of accuracy and reliability on test sets.

This research paper is structured as follows: Section I gives the introduction, Section Il is a review of
the literature, Section III contains the methodology, including architecture, dataset, preprocessing, CNN,
VQC, classification, complexity, and algorithm. Section IV is the experimental analysis part, Section V
is the results section, and finally, Section VI is the conclusion.

LITERATURE REVIEW

Current progress in precision agriculture indicates the rising application of deep learning methods and
quantum-enhanced models in crop monitoring and disease detection. In studies, it was proved that
quantum convolutional neural networks considerably enhance agricultural image classification tasks due
to the representation of complicated features that cannot be captured by classical models [1]. Quantum
kernels used in conjunction with deep learning approaches also prove efficient in improving the
detection of crop diseases, especially wheat panicle classification [2]. More advanced agricultural
models underline the importance of deep learning in optimizing the process of crop production according
to climate change, which emphasizes the importance of intelligent models able to adapt to changing
conditions [3]. Additionally, hybrid CNN-QNN models proved successful in diagnosing rice diseases in
real-time decision-making applications on edge devices, which shows the possibility of implementation
of quantum-enhanced models in agriculture [4]. Leaf disease detection in tomato and cotton crops proves
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the efficiency of quantum-enhanced deep learning in fine-grained classification tasks, while survey
studies provide additional insights on the relevance of quantum learning methods in agriculture [5][6].
Hybrid quantum frameworks used in yield prediction models show promising results in combining
remote sensing and environmental information [7].

Other than disease detection, more literature has focused on the development of advanced precision
agriculture methods, such as smart farming technologies and Al-based agricultural automation [8].
Hybrid quantum neural networks have been employed for weed and crop detection problems, showing
enhanced classification performance with efficient quantum circuit design [9]. Quantum CNN models
have been successfully used for plant stress detection and nutrient detection applications [10]. On the
other hand, machine learning approaches in soil nutrient analysis support the application of data-driven
methods in optimizing agriculture. Additionally, surveys in quantum deep learning have provided
theoretical backgrounds and potential applications [11][12]. Federated learning has also been studied to
increase data privacy and collaboration in agricultural scenarios [13]. In addition to that, explainable Al
methodologies have been used to enhance classification interpretability, and hybrid machine learning
techniques have been implemented in various applications, including horticultural applications and
materials analysis [14][15][16]. Bibliometrics and scient metrics also prove the increasing presence of
Al in agriculture [17][18]; in addition, multimodal AloT and federated solutions contribute to the
development of smart agriculture [19]. Security-oriented studies guarantee the stability of the
agricultural cyber-physical systems, and optimal ensemble-based approaches continue to increase the
weed classification accuracy [20][21]. All the aforementioned studies provide an excellent base for the
implementation of quantum-classical learning in weed and crop classification systems.

Previous studies show impressive results in relation to quantum and deep learning in agricultural
systems; nevertheless, most of the techniques have some issues with generalization, efficiency, and
fine-grained weed classification. That is why a quantum-classical learning model would be beneficial.

PROPOSED METHODOLOGY
Overall Architecture of the Proposed Hybrid Framework

The proposed method utilizes classical deep learning techniques combined with quantum computing for
the enhancement of the classification of crops and weeds in the imagery of sorghum. First, the image is
preprocessed via resizing, normalization, and data augmentation. Subsequently, the preprocessed image
is provided to the CNN model, which automatically detects discriminative spatial features, including
textures, shapes, and structures of leaves. These detected features are used as inputs for the Variational
Quantum Circuit (VQC), where the complex relations of features are learned in a high dimensional
quantum feature space. Finally, the quantum-assisted features are provided to a dense layer with a
SoftMax classifier to classify crop and weeds. This proposed architecture makes the process of
collaboration of classical feature extraction and quantum feature learning more efficient.

The workflow of the proposed hybrid Quantum—Classical Deep Learning model is presented in figure 1
below. The sorghum images are initially preprocessed using operations such as image resizing,
normalization, and data augmentation prior to being used to extract features by means of the classical
CNN architecture. The obtained features are then optimized by a Variational Quantum Circuit (VQC),
and finally, the classification is performed by use of dense and SoftMax layers.
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Figure 1. Proposed hybrid quantum—classical framework

The proposed model is based on the use of the Sorghum Crop Weed Dataset Classification dataset
accessible at Mendeley Data [22]. The dataset is made up of RGB images of the sorghum crops and
weeds acquired within realistic agricultural conditions. In addition, the images vary in terms of
illumination, plant appearances, background complexity, and partial occlusion. As such, this dataset can
be considered appropriate for testing the robust crop—weed classification models.

Dataset usage: “Sorghum Crop Weed Dataset Classification”

https://data.mendeley.com/datasets/4gkcyxjyss/1

Image Preprocessing

Data preprocessing is done prior to feature extraction in order to improve data consistency and increase
the robustness of the model. First, all images are scaled to the same spatial resolution in order to ensure
the same input size in the learning process. The next step is normalizing pixel intensities to improve
numerical stability and facilitate fast convergence of the optimization algorithm. In order to improve
generalization under various agricultural settings, data augmentation through image rotation,
horizontal/vertical flipping, and illumination changes is used. This allows the proposed framework to
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deal effectively with illumination changes, partial occlusion, and background interference, usually
present in an agricultural environment.

Classical CNN Feature Extraction

Classical CNN layer automatically extracts discriminative spatial features from the preprocessed
sorghum images. Convolution layers are trained to build the hierarchy of representation of leaf contours,
texture changes, shapes, and structure features without the need for any handcrafted feature engineering.
This results in very informative feature vectors that can be used for further quantum learning. Compared
to other feature extraction algorithms, CNN is capable of automatically adjusting its filter during the
training phase to discriminate better between crop and weed classes in diverse environments.

Variational Quantum Circuit (VQC) for Feature Learning

This extracted feature vector of the CNN is used as an input to a Variational Quantum Circuit (VQC),
which provides enhanced feature learning. The VQC helps learn the complex and non-linear relationship
among the extracted features in a high dimensional quantum feature space with the help of quantum
parameters that can be trained. Both the classical CNN and quantum circuit parameters get optimized
during optimization. This quantum-enhanced feature representation allows better discrimination among
the crop and weed species, which look similar visually.

The quantum feature transformation is represented as (Equation 1):

Q =fVQC(FJ ) (D

where;

e (Qdenotes the quantum-enhanced feature representation,

e Orepresents the trainable quantum parameters.
Hybrid Quantum—Classical Classification Model
The enhanced quantum feature representation obtained from the VQC is fed into the fully connected
dense layer to make decisions. The dense layer aggregates the obtained quantum features before feeding
them into the SoftMax classifier that determines the likelihood of each image belonging to either a crop
or a weed. The combination of both classical and quantum learning allows the use of complementary

feature representations and thus increases classification accuracy in different agricultural field
environments (Equations 2 to 4).

The dense layer output is

Z=WQ+b 2)
The SoftMax classifier is
exp(Z;)
Py)=—¢— (3)

X exp(Z)
The predicted class is

Y = argmax(P(y;)) “4)
Where;

e (denotes the total number of classes.
Computational Complexity Analysis

Computational complexity of the proposed hybrid model comprises two main parts; first is classical
CNN based feature extraction and second is quantum feature learning using Variational Quantum
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Circuit. CNN extracts hierarchical features from images, and VQC boosts feature representation power
by applying quantum computation on extracted features. Despite quantum layer adding more
computational steps to the architecture, it greatly improves feature representation ability while keeping
the process of inference efficient for applications of precision agriculture. Thus, the total computational
complexity can be expressed as (Equation 5)

Orotar = Ocnn + Oyqc Q)
Where;
e Ocyndenotes the computational complexity of CNN feature extraction,
e Oyqcdenotes the computational complexity of quantum feature learning.
Algorithm 1: Quantum—Classical Crop—Weed Classification
Input: Raw sorghum image |
Output: Predicted crop or weed class ¥

1. Read the input sorghum image I.

2. Resize the image to a fixed resolution.

3. Normalize pixel values.

4. Apply data augmentation techniques.

5. Generate the preprocessed image ;..

6. Extract spatial features using the CNN to obtain F = fryy (Ipre)-

7. Forward the extracted features into the Variational Quantum Circuit.
8. Generate the quantum-enhanced feature representation Q = fy ¢ (F, 8).
9. Pass Qthrough the dense layer.

10. Compute SoftMax probabilities for all classes.

11. Assign the class with the highest probability as the final prediction Y.
12. Output the classified sorghum crop or weed species.

Algorithm 1 gives the total steps involved in the proposed Quantum-Classical Deep Learning model for
the purpose of crop-weed classification in sorghum images. The first step involves obtaining the raw
input image I that is preprocessed via image resizing, pixel normalization, and data augmentation for
better consistency and robustness. The input image obtained after preprocessing is fed into the classical
CNN model where the spatial features (F) are automatically identified. The features F are converted into
a quantum-enabled feature representation Q utilizing a Variational Quantum Circuit (VQC) with
trainable parameters (8). The quantum features are fed into a fully connected dense layer and then to a
Softmax classifier, which generates the probability distribution of the target classes. Finally, the
algorithm predicts the class of the input image to be either the sorghum crop or weed.

EXPERIMENTAL SETUP
Experimental Environment

The suggested Quantum-Classical Deep Learning algorithm was coded with Python 3.10 in combination
with TensorFlow/Keras for creating and training the classical CNN part of the architecture. Variational
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Quantum Circuit (VQC) will be simulated via PennyLane with Qiskit quantum backend for performing
quantum operations and training parameterized circuits. Preprocessing and augmentation will be done
with the help of OpenCV and NumPy libraries, whereas evaluation will utilize Scikit-learn metrics. All
experiments will be conducted on the Ubuntu 22.04 operating system with CUDA-enabled GPU for
computations.

Hyperparameters Settings

The hyperparameters of the suggested model were tuned to achieve optimal performance in
classification tasks. The learning rate was 0.001, and the Adam optimizer was used to train the model.
The batch size was kept constant as 32 to obtain stable convergence. The epoch numbers were varied
between 50 and 100 based on convergence properties. Categorical cross entropy was the chosen loss
function. Parameters for data augmentation consisted of rotation, flipping, and brightness changes.

Baseline Models

The performance evaluation of the proposed model was on ducted by employing several baseline
models. The models to be compared with the proposed model include standard Convolutional Neural
Network, ResNet, and Transfer Learning model. The Convolutional Neural Network model acts as a
basic deep learning model baseline, while ResNet adds a deep representation of features through the
addition of residuals. The Transfer Learning model will compare the performance improvement through
the use of pre-trained weights. These baselines help demonstrate the superiority of the proposed
quantum-enhanced model in terms of classification accuracy, as shown in figure 2.

Baseline Model Comparison (Accuracy vs Fl-score)

100
B Accuracy (%)
. Fl-score (%)
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97.3 a7.1
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Figure 2. Baseline model performance comparison using accuracy and F1-SCORE
Evaluation Metrics

Model performance is assessed based on classification performance measures such as accuracy,
precision, recall, and F1-score. Accuracy is a measure of the overall predictive performance, whereas
precision measures the performance of the positive predictions. Recall is used to check the ability of the
model in finding all the relevant instances. The F1-score gives the balanced view of both the precision
and the recall of the prediction model. Also, the training loss is used to measure the convergence.

1. Accuracy: Measures the overall correctness of the model by calculating the proportion of correctly
predicted samples (Equation 6).
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TP+TN
TP+TN+FP+FN

(6)

Accuracy =

2. Precision: Measures how many of the predicted positive samples are actually correct (Equation 7).

TP
TP+FP

()

Precision =
3. Recall (Sensitivity): Measures how many actual positive samples are correctly identified by the
model (Equation 8).

TP
TP+FN

Recall = ()
4. F1-Score: Harmonic mean of Precision and Recall, providing a balanced performance measure
(Equation 9).

2XPrecisionxRecall
F1-Score = ©)

Precision+Recall

RESULTS AND DISCUSSION
Classification Performance

Classification performance is determined for the SorghumCropWeedDataset Classification dataset that
includes varied images of sorghum crops and weeds taken in realistic agriculture scenarios. The
proposed Quantum-Classical hybrid model consists of feature extraction through CNN along with
variational quantum circuit, resulting in high discriminative power. The model is able to achieve
maximum accuracy of 97.3% with a training loss of 0.09, beating all other techniques used as a
benchmark. The hybrid architecture significantly improves feature separability, enabling robust
classification under complex field variations shown in table 1.

Table 1. Performance comparison on SorghumCropWeedDataset Classification

Model Accuracy (%) | Precision (%) | Recall (%) | Fl-score (%) | Loss
CNN 92.5 91.8 91.2 91.5 0.21
ResNet 94.0 93.6 93.2 93.4 0.16
Transfer Learning 95.0 94.7 94.3 94.5 0.12
Proposed Model 97.3 96.9 97.2 97.1 0.09

Training Performance

Training Accuracy and Loss Curves
100

80
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Figure 3. Training accuracy and loss curves of the proposed model
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The stability in convergence of the suggested hybrid model during training on the
SorghumCropWeedDataset Classification dataset is illustrated in figure 3. Accuracy is shown to rise
constantly, which denotes effective learning of discriminative features using CNN and quantum
computing. The loss is depicted to be consistently falling until it reaches a value of 0.09, which denotes
effective optimization of the model using Adam optimizer. The absence of any oscillation is an indicator
of good generalization and no overfitting.

Comparison with Existing Models

In this table 2 provides the performance comparison between the developed Quantum-Classical Deep
Learning model and classical machine learning algorithms as well as ensemble learning approaches to
crop-weed discrimination. Among others, the following approaches have been taken into account: SVM,
Random Forest, XGBoost, LightGBM, and Stacking ensembles as well as the proposed CNN-VQC
combination. It is seen from the results obtained that classical boosting and ensembling approaches yield
better performance than the baseline ML models, whereas the proposed quantum-extended model
demonstrates the best result of 97.3%.

Table 2. Comparison of proposed model with existing machine learning and ensemble methods

Method Accuracy (%) Model Type
SVM (Baseline paper) 92.7 Classical ML [21]
RF 94.1 Ensemble ML [21]
XGBoost 94.5 Boosting [21]
LightGBM 94.8 Boosting [21]
Stacking (Best in paper) 95.6 Ensemble [21]
Proposed Quantum—Classical Model 97.3 CNN +VQC

Robustness Evaluation

Robustness testing is carried out using the SorghumCropWeedDataset Classification dataset in difficult
scenarios like changes in illumination, occlusions, and noisy backgrounds. The robustness of the
proposed model is ensured because of excellent feature extraction and representation learning provided
by the CNN and the quantum model. Moreover, data augmentation adds to the robustness of the model
through simulated changes in field scenarios. The findings suggest that the hybrid model is very robust
for practical applications as seen from table 3.

Table 3. Robustness evaluation of the proposed quantum—classical model under real-world conditions

Condition Accuracy (%) | Precision (%) | Recall (%) | Fl-score (%)
Normal Condition 97.3 96.9 97.2 97.1
Illumination Variation 96.1 95.8 95.6 95.7
Partial Occlusion 95.4 95.0 94.8 94.9
Background Noise 94.8 94.5 94.2 943

Confusion Matrix

In this figure 4 highlights the classification behavior with respect to crop and weed classes. In most
cases, the prediction is found to lie on the diagonal, which implies that the classifications are correct.
The few mistakes that occur can be attributed to similarities in appearance among the weed species,
which lead to similar morphological characteristics. However, the quantum enhanced feature space
removes the confusion and ensures class separation. This confirms that the proposed model effectively
handles intra-class similarity and inter-class variation in sorghum imagery.
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Figure 4. Confusion matrix of the proposed quantum—classical model
Ablation Study

The contribution of each of the components in the hybrid model is measured using table 4 for the
SorghumCropWeedDataset Classification dataset. The absence of the CNN leads to poor spatial feature
learning, and absence of the VQC causes low classification accuracy. Thus, the effectiveness of the role
played by the VQC in feature enhancement is proved, and the entire hybrid model works the best. This
proves the quantum enhancement helps in the prediction accuracy.

Table 4. Ablation study results of the proposed model

Model Variant Accuracy (%) | Precision (%) | Recall (%) | Fl-score (%) | Loss

CNN Only 92.5 91.8 91.2 91.5 0.21

VQC Only 91.5 90.9 90.5 90.7 0.24

CNN + Fully Connected (No VQC) 95.0 94.7 94.3 94.6 0.12
Proposed CNN + VQC Model 97.3 96.9 97.2 97.1 0.09

Statistical Validation

Statistical verification is carried out in order to determine the accuracy of the proposed model. From the
results, there is consistency in accuracy with a small variance and high stability. The average accuracy
is nearly 97.3%. Through standard deviation tests, it was seen that there is very little fluctuation.
Confidence interval testing proves that the results have statistical significance compared to other models.
Therefore, the accuracy is not due to chance but through the efficiency of the quantum-classical hybrid
model as shown in table 5.

Table 5. Statistical validation results

Metric Value
Mean Accuracy (%) 97.3
Standard Deviation 0.42
Variance 0.18

Confidence Interval (95%) | +0.35
Minimum Accuracy (%) 96.7
Maximum Accuracy (%) 97.9

p-value (vs baselines) <0.01
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CONCLUSION

In this study, the development of a hybrid architecture for learning is introduced, which uses
convolutional feature extraction technique in conjunction with a quantum enhanced layer for accurate
classification of crops and weeds in sorghum images. The utilization of the two techniques together
allows the network to efficiently learn spatial features as well as feature interactions to help with
distinguishing between plant classes that look very similar. The proposed architecture exhibits great
robustness under different environmental settings such as illumination variations and partial occlusion,
verified experimentally on the SorghumCropWeedDataset Classification.

From the above result, it can be observed that the suggested framework provides a maximum
classification accuracy of 97.3%, along with 96.9% precision, 97.2% recall, and 97.1% F1 score, while
also providing a low loss value of 0.09. The unique aspect of the quantum novelty of the proposed
framework is the Variational Quantum Circuit, through which the extracted classical CNN features are
mapped into a high dimensional quantum Hilbert space, allowing for better nonlinear separability and
hence better classification performance compared to purely classical deep learning models. Compared
to the established models like CNN, ResNet, and transfer learning methods, it was found that the
proposed approach outperformed the other models, showing better feature representation capability and
generalization ability in diverse field scenarios. The statistical analysis shows stable performance in the
repeated runs with very little variation and a high confidence level. The limitation of the proposed model
is higher computation cost, hybrid nature of the framework, and scalability issue in large scale real time
agricultural environment.

Further improvement could consider decreasing the computation cost of the quantum part in order to
facilitate deployment in edge devices for real-time crop monitoring systems. Moreover, extending the
proposed framework to work with multi-crop scenarios, using lightweight network architecture for
quicker inference, and providing an explanation mechanism could also enhance the practicality of the
proposed framework. Inclusion of distributed learning could make it possible for the models to be trained
collaboratively over large-scale agricultural networks.
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