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Abstract: Cassava, a major staple crop in sub-Saharan Africa, faces significant threats from leaf diseases such as
Cassava Mosaic Disease (CMD) and Cassava Brown Streak Disease (CBSD). Early and accurate detection is essential
for timely intervention. While artificial intelligence (Al), including Machine Learning (ML) and Deep Learning
(DL), has gained traction in agricultural disease detection, inconsistencies across studies limit practical applicability.
This systematic review aims to synthesize peer-reviewed research from 2020 to 2025 on Al applications for cassava
disease detection using image-based methods. The review investigates model types, dataset origins, evaluation
metrics, cross- comparative evaluation, and deployment readiness. A structured search was conducted across
databases (IEEE Xplore, Scopus, SpringerLink, ScienceDirect, and Google Scholar), applying PRISMA guidelines.
A total of 100 eligible studies were selected based on inclusion criteria. Metadata extraction covered Al methodology,
dataset characteristics, performance evaluation, deployment features, and study limitations. Deep Learning
dominated (65%) with CNN variants widely used, followed by ML (20%) and hybrid models (10%). PlantVillage
was the most common dataset (64%0), while field data accounted for only 21%. Accuracy was the most reported
metric (95%), but only 20% used multi-metric evaluations. Cross-validation and cross-comparative evaluations
were inconsistent. Few studies addressed deployment readiness or real-world applicability. Although Al methods
have demonstrated high potential in cassava disease detection, significant gaps remain in dataset diversity, model
evaluation rigor, deployment design, and ethical considerations. This review provides a road map for future
research, emphasizing the need for standardized benchmarking, mobile-friendly models, and real-world field
validation.

Keywords: Cassava, Deep Learning, Machine Learning, Disease Detection, Agriculture.

1. INTRODUCTION

Cassava (Manihot esculenta), a staple root crop predominantly cultivated in Sub-Saharan Africa, plays a critical role in
ensuring food security and rural livelihoods, particularly in Nigeria, one of the world’s largest producers [1]. As the second
most important global source of carbohydrates, its nutritional and economic significance cannot be overstated. However,
cassava cultivation is increasingly threatened by viral and bacterial diseases, notably Cassava Mosaic Disease (CMD) and
Cassava Brown Streak Disease (CBSD), which contribute to significant yield losses and exacerbate food insecurity [2].
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Recent advances in artificial intelligence (Al), particularly in machine learning (ML) and deep learning (DL), have driven
the development of automated cassava disease detection systems. These models utilize leaf imagery and advanced pattern
recognition to classify and identify diseases with increasing precision. Convolutional Neural Networks (CNNs), ResNet,
EfficientNet, and Transformer-based architectures have been applied to annotated datasets such as Kaggle 2020 and
PlantVillage, achieving promising classification accuracies [3]—[8]. Hybrid architectures combining CNNs with traditional
classifiers like Random Forests or GNNs have also demonstrated enhanced performance [8].

Despite strong performance under controlled environments, these models often lack validation in real-world rural contexts.
Many rely heavily on static datasets with uniform lighting and background conditions, limiting generalizability. Moreover,
few incorporate multimodal data (e.g., weather, soil, geolocation), user-centered design, or deployment optimization for
low-resource settings. The current research ecosystem also lacks standardized comparative benchmarks between ML and
DL models, impeding the synthesis of best practices.

1.1 MOTIVATION FOR THE STUDY

Given the economic and nutritional importance of cassava and the growing impact of plant diseases on food systems, a
robust and practical detection system is essential. Al-based disease detection promises scalability, speed, and objectivity
but must be critically appraised for reliability, usability, and deployability in diverse agricultural contexts. This systematic
review aims to synthesize and evaluate Al models for cassava disease detection with an emphasis on methodological rigor,
field relevance, and model readiness for deployment.

1.2 RESEARCH OBJECTIVES AND QUESTIONS
This review seeks to address the following core questions:

1. What Al techniques (ML, DL, or hybrid) are most frequently applied to cassava disease detection, and how have they
evolved over the last five years?

2. What are the dominant datasets and input modalities used in cassava disease classification tasks?
3. What performance metrics and benchmarking practices are commonly employed, and how do they vary across models?
4. How well do existing models generalize to real-world conditions, including mobile and field deployment scenarios?

5. What methodological and practical gaps remain in the current literature that hinder robust disease detection for cassava
crops?

By answering these questions, this paper provides a roadmap for future research and technology development tailored to
the agricultural needs of low-resource environments.

2. RELATED WORK AND BACKGROUND
2.1 OVERVIEW OF EXISTING LITERATURE

Plant disease diagnosis remains a persistent challenge in precision agriculture. Traditional methods rely heavily on visual
inspection by experts, which is subjective, prone to error, and inaccessible to farmers in remote or low-resource regions. As
a result, researchers have increasingly turned to artificial intelligence (Al), especially machine learning (ML) and deep
learning (DL), to automate plant disease identification.

Several review studies have explored the application of ML and DL to general plant disease detection. Broad surveys of
DL architectures such as CNNs, ResNets, and EfficientNets are presented in [3] and [9]. The roles of imaging technologies,
including RGB, hyperspectral, and multispectral sensors, are further discussed in [10] and [11]. While these contributions
are valuable, they generalize findings across a wide spectrum of plant species and tend to neglect cassava-specific nuances.

A few cassava-centered reviews have emerged. DL approaches tailored for cassava are surveyed in [12] and [13]. A
comparative study on cassava leaf disease classification was attempted in [15], although it omitted analysis of recent
architectural trends such as vision transformers, GAN-based augmentation, and attention-based hybrid networks.
Furthermore, these studies rarely consider real-world deployment challenges such as model compression, latency on mobile
devices, or end-user usability in field conditions.
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Most existing reviews share three common limitations which are, Crop Generalization, Findings are often diluted across
diverse crops limiting applicability to cassava, and an Outdated Coverage: Many reviews cover works only up to 2022 or
early 2023, overlooking the surge in research between 2023 and 2025 (e.g., [7], [16], [17], [18]). - Lack of Deployment
Insight: Despite the abundance of technical evaluations, few studies address operational concerns like interoperability,
mobile-readiness, or human-centered design.

This review addresses these gaps by: 1. Focusing exclusively on cassava disease detection using ML and DL techniques. 2.
Covering a broader and more current timeframe (2020-2025) to include recent innovations such as knowledge distillation
[1], federated learning [19], explainable Al [20], and lightweight mobile-ready models [17][21]. 3. Incorporating a
structured analysis that considers not only technical performance but also deployment feasibility and user-centric concerns.

2.2 PRIMARY EMPIRICAL STUDIES ON CASSAVA DISEASE DETECTION

Numerous empirical studies have evaluated cassava disease detection through image-based ML and DL frameworks. These
works span from classical CNNs to recent hybrid and attention-based models.

Plata et al. [14] compared YOLOv4, SSD MobileNetV2, and Faster R-CNN for Cassava Phytoplasma Disease detection,
finding that YOLOV4 excelled in speed while Faster R-CNN achieved the highest accuracy (95%). [22] found that
MobileNetV2 outperformed VGG16 in early disease detection using a hybrid kernel approach. [23] demonstrated that
attention mechanisms like CBAM integrated with ResNet50 improved classification accuracy and F1-scores.

Transformer-based architectures have also gained traction. Zhong et al. [7] proposed a Transformer-Embedded ResNet (T-
RNet), achieving a 2.12% improvement in accuracy over standard ResNet. Similarly, other studies have introduced
ensemble and hybrid models combining CNNs, LSTMs, and attention blocks [24][25][26][27], although many of these
models are computationally intensive and not well-suited for mobile deployment.

Efforts to address low-resource constraints include knowledge distillation [1], lightweight CNNs like MobileNetV3 [18],
and augmented architectures tailored for mobile execution [21][28]. Still, comparative benchmarking against standard
models remains rare, and practical deployment performance is often unassessed.

2.3 DATASET LANDSCAPE AND PREPROCESSING CONCERNS

Most studies rely on widely available datasets like the Cassava Leaf Disease dataset from Kaggle [29] or PlantVillage [30].
While these datasets offer clean, labeled images, their repeated use raises concerns about overfitting and poor generalization
to real-world variability. Conditions such as environmental noise, co-infections, or leaf occlusions are under represented.

Moreover, evaluation practices lack consistency. Accuracy is the most commonly reported metric, often used in isolation.
Only a handful of studies consider precision, recall, F1-score, and confusion matrices, despite their importance for
imbalanced data. Dataset splitting strategies and pre-processing steps are often insufficiently described, complicating
reproducibility and bench-marking.

2.4 EVALUATION AND DEPLOYMENT GAPS

Deployment readiness remains a major shortfall in cassava disease detection research. Very few models have been tested
in-field or validated against expert human diagnosticians. Human-centered design principles and usability testing are also
largely absent. This hinders the transition of promising models from lab to field.Some exceptions include web and mobile-
based applications developed for cassava disease detection [39], and the use of lightweight models optimized for low-power
devices [19][21]. However, even these lack systematic evaluation of user interaction, latency, or interoperability with
agricultural advisory systems.In summary, this review distinguishes itself by providing a cassava-specific, up-to-date
synthesis of Al-driven plant disease detection research. Unlike previous reviews, it emphasizes, a cassava-only scope to
avoid dilution of insights, a current time-frame (2020-2025) capturing state-of-the-art trends, a deployment-aware lens that
evaluates models beyond accuracy, considering real-world constraints and usability for smallholder farmers.

3. METHODOLOGY

This review adopts a structured and systematic meta-analytical approach to synthesize research findings from Al-based
cassava disease detection studies published between 2020 and 2025. The methodology ensures rigorous selection, consistent
classification, and comparative evaluation across multiple research dimensions, including model type, dataset origin,
performance metrics, and deployment readiness.
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3.1STUDY SELECTION CRITERIA

A comprehensive literature search was conducted using scholarly databases including IEEE Xplore, SpringerLink,
ScienceDirect, Scopus, and Google Scholar. The search focused on articles published between January 2020 and March
2025. Table 1 gives a clear description of the inclusion and exclusion criteria used in the review.

Table 1: Study Inclusion and Exclusion Criteria

Criteria Inclusion Exclusion
Timeframe Studies published between 2020-2025 | Studies published before 2020 or projected beyond 2025.
Language English Non-English articles.
Data Type Image-based studies (cassava leaves, | Non-image-based studies (e.g., spectroscopy).
stems)
Al Technique ML, DL, or hybrid models Non-Al or rule-based methods.
Scope Cassava disease detection General plant disease studies, without cassava focus..
Availability Peer-reviewed, full-text articles and | Abstract-only papers, posters, and pre-prints without peer
conference papers review.

From an initial pool of 150 studies, 100 studies were selected for detailed analysis.
3.2 METADATA EXTRACTION

Every paper selected was reviewed using a structured metadata extraction template. The metadata fields included: Title,
authors, year, and publication type, Al method (ML, DL, hybrid), Model architecture (e.g., CNN, ResNet), Dataset used
(PlantVillage, Kaggle, Field-Collected, etc.), Performance metrics reported, Deployment considérations (e.g., mobile
readiness), Reported challenges or limitations. Data were manually entered into Excel for coding, cleaning, and analysis.

3.3 CLASSIFICATION SCHEME

To enable systematic comparison, each study was classified based on its dominant Al paradigm. Studies were grouped into
four Al categories as seen in Table 2.

Table 2: Al Model Classification Scheme

Model Category Model Examples Notes

ML (Traditional) SVM, Random Forest, Decision Trees Often used for feature-based classification

DL (CNN-based) CNN, ResNet, VGG16, EfficientNet, MobileNet | Dominant in image-based diagnosis

Hybrid CNN + SVM, ResNet + Transformer, Ensemble | Combines strengths of multiple models
Architectures

Other Custom heuristic or unclassified models Rare or not clearly described

3.4 DATASET TYPE

The datasets reviewed were categorized by their source and characteristics. Table 3 gives a description of the different
dataset categories.

Table 3: Dataset Classification

Dataset Type Source Characteristics Limitations

Plant Village Public repository Clean, controlled background; widely | Lacks real-world noise and
used variability

Kaggle Crowdsourced Mixed quality; varied sources Inconsistent annotations; possible

noise

Field-Collected On-farm acquisition | Realistic conditions; mobile-captured | Small size; noise; subjective labels

Synthetic/Augmented | GAN, flipping, etc. Balances class distributions; | May not capture all real-world
improves model generalizability variation

3.5 EVALUATION METRICS

There is no standard to the evaluation metric used in testing models. As illustrated in Table 4, the evaluation metrics varied
widely across papers, with most relying heavily on accuracy, while only a minority incorporated comprehensive measures
such as precision, recall, F1-score, and AUC.
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Table 4: Evaluation Metrics Reported

Metric Definition Importance in Review

Accuracy Correct predictions / Total predictions | Most frequently reported; insufficient alone for imbalance
Precision TP /(TP + FP) Measures false positive control

Recall TP /(TP + FN) Measures sensitivity; useful in disease detection

F1-score Harmonic mean of precision and recall | Balanced metric for imbalanced data

AUC (ROC) Area under ROC curve Indicates classifier separability

Confusion Matrix | Matrix of TP, FP, FN, TN Useful for detailed performance analysis

3.6 DEPLOYMENT CONSIDERATIONS

As illustrated in Table 5, the mobile readiness of most models in the reviews can be seen..

Table 5: Deployment Considerations adopted in the papers reviewed.

Deployment Factor Mentions in Studies Observations

Mobile Readiness MobileNet, EfficientNet-Lite, TensorFlow Lite Mentioned in ~30% of studies

Field Testing Tested in farm conditions or rural environments Rare (~10%)

User Interface/UX Farmer-facing apps, simple Ul design Very limited; often overlooked
Interoperability Integration with advisory or extension platforms Not discussed in most studies
Explainability (XAl) = Saliency maps, Grad-CAM, attention heatmaps Emerging trend (~8-10% of studies)

3.7 DATA ANALYSIS APPROACH

The extracted metadata was analyzed using both descriptive statistics and qualitative thematic synthesis. Quantitative data
were used to compute frequency distributions and percentages of studies across categories using bar charts, pie charts, and
line graphs to visualize: the Publication trends by year, Dominant Al approaches (ML vs. DL vs. Hybrid), Dataset usage
patterns, Evaluation metric usage, Deployment readiness

The review was restricted to English-language, peer-reviewed papers that used image-based methods and excluded non-
visual detection systems such as spectroscopy or 10T sensors.

4. RESULTS AND ANALYSIS

This section presents a synthesis of the studies included in the review based on their distribution by publication trend, Al
paradigm, dataset origin, performance evaluation criteria, benchmarking practices, and deployment relevance. The analysis
covers 100 studies published between 2020 and 2025, focusing on image-based Al techniques for cassava disease detection.
Figure 4.1 shows the publication trend of the study focus based on the captured research papers.

Publication Trend by Year

Number of Papers
= = [ N w
o w o v o

w

2020 2021 2022 2023 2024 2025
Year

Figure 4.1: Publication trend of 100 studies on cassava disease detection using Al between the year 2020-2025.
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The reviewed studies show a steady increase in research output over the five-year period. Beginning with a modest number
of publications in 2020, there was a noticeable surge by 2022, likely influenced by the growing accessibility of DL tools
and the popularity of open datasets such as Plant-Village. By 2024-2025, the literature matured, with more nuanced studies
exploring lightweight deployment and hybrid approaches.

This upward trend underscores the rising academic and practical interest in Al-assisted cassava disease diagnostics and
suggests increasing recognition of cassava’s importance in food security and precision agriculture.

4.1 Al APPROACHES AND MODEL DISTRIBUTION

From the reviewed studies we can see that, deep learning (DL) techniques dominate with approximately 65% representation.
Convolutional Neural Networks (CNNs) and their variants (e.g., MobileNet, EfficientNet, ResNet) were the most frequently
adopted due to their robustness in handling complex image features. Machine Learning (ML) models, such as Support
Vector Machines (SVM), Decision Trees, and Random Forests, accounted for 20%, often appearing in studies with smaller
datasets or lower computational budgets. Hybrid models that combined DL feature extraction with ML classifiers (e.g.,
CNN+SVM) made up about 10%, while the remaining 5% were either unspecified or used custom Al approaches without
clear classification. Figure 4.2 shows a clear description of the model distribution in the review.

: Distribution of Model Types Used in Cassava Disease Detection Studies

40 ]

Number of Papers
2R NN W
5 O 5 & & o

w

o

Model Type

Figure 4.2: Model distribution in Cassava disease studies.
4.2 DATASET UTILIZATION PATTERNS

Dataset selection played a significant role in model performance and generalizability. From the pie-chart in Figure 4.3, we
can see that the most widely used dataset was PlantVillage, appearing in 64% of the studies. While its standardized
conditions support high accuracy, its lack of environmental variability raises concerns about field applicability. About 21%
of the papers used field-collected datasets, which better reflect real-world complexity but suffer from limited size and
inconsistent annotation. Synthetic or augmented datasets appeared in 6% of the studies, usually to address class imbalance
or enhance model training. However, 9% of studies did not clearly specify their dataset Source

Distribution of Dataset Types Used in Cassava Disease Detection Studies
Synthetic/augmented

U if
Unspecified Field-Collected

21.0%

64.0%

Plantvillage/Kaggle Dataset

Figure 4.3: Dataset Distribution Analysis in Cassava diseasedetection review.
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4.3 EVALUATION METRICS AND BENCHMARKING PRACTICES

Accuracy was the most commonly reported metric, included in 95% of studies. However, only 20% of the studies included
additional metrics such as F1-score, precision, recall, or AUC which are essential for assessing model robustness under
class imbalance. From Figure 4.4, we see that, cross-validation (e.g., k-fold) was applied in less than 30% of the papers.
Only 25% of studies conducted benchmarking using multiple models or datasets, while external validation using real farm
data or expert comparison was almost entirely absent.

External Validation - 5%
Cross-Validation Used - 30%
Model Benchmarking 4 25%
Multi-Metric Evaluation - 20%
Accuracy Reported - 959
T T y T
o] 20 40 60 80 100

Percentage of Studies (%)

Figure 4.4: Evaluation Metric Review in Cassava disease studies
4.4 CRITICAL META-REVIEW
Several patterns emerged from the meta-analysis:
a Model Justification: Few studies justified their choice of DL models in relation to dataset size or task complexity.

b Metric Transparency: Only 40% of studies clearly described how performance metrics were computed; per-class metrics
were reported in just 20%.

¢ Reproducibility: Only 1% employed cross-validation or released training details such as runtime, hardware, or open-
source code.

d Deployment and Mobile Readiness: 14% of studies discussed mobile or edge deployment; however, most used high-
computation models unsuited for rural contexts.

e Human-centered Design: No study used explainability tools (e.g., Grad-CAM), or compared Al performance against
expert agronomists.

f Interoperability and Field Testing: Only 1 study mentioned interoperability and 7% documented field testing or pilot
deployment.

4.5 PRACTICAL RELEVANCE AND DEPLOYMENT GAPS

Although some studies mentioned deployment as a future goal, few demonstrated practical readiness. Most models were
developed and validated in controlled lab environments. Performance on mobile or edge devices remains underexplored.
Additionally, the lack of usability testing, cultural adaptation, or integration with advisory platforms suggests limited real-
world impact, especially for smallholder farmers. Figure 4.5 displays how different deployment strategies were considered
in the review. Key gaps include:

a. No study examined latency, offline inference, or user interaction.
b. Few explored ethics, bias, or fairness in model deployment.

c. Only 2% of studies involved expert validation or participatory design with farmers.
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Figure 4.5: Meta-Review of deployment strategies used in the review.
5. DISCUSSION

This section critically analyzes patterns, strengths, and gaps identified from the systematic review of Al-based cassava
disease detection studies.

5.1 DOMINANCE OF DEEP LEARNING MODELS

The review highlights a strong bias towards deep learning (DL) techniques, particularly convolutional neural networks
(CNNs) and their variants (e.g., ResNet, MobileNet, EfficientNet). These models excel in image recognition tasks and
demonstrated high classification accuracy. However, fewer studies justified the use of complex DL models in relation to
dataset size or computational constraints, particularly for low-resource deployment. In contrast, traditional machine learning
(ML) models like SVM and Random Forest were more efficient and interpretable but less frequently used.

5.2 DATASET LIMITATIONS AND GENERALIZATION

The PlantVillage dataset remains the dominant source, featuring controlled environmental conditions and clean labels.
Despite this, its overuse raises concerns about overfitting and limited generalizability to real-world farm settings. Field-
collected datasets, which better reflect the variability of practical deployment scenarios, were used in only 21% of studies.
Synthetic data were also underutilized. Very few studies discussed annotation quality, co-infection complexity, or disease
staging, which are critical for agronomic accuracy.

5.3 INADEQUATE EVALUATION AND BENCHMARKING

Evaluation practices across studies were inconsistent. While accuracy was nearly universally reported (95%), precision,
recall, F1-score, and AUC were sparsely mentioned (~20%). These metrics are particularly important for imbalanced
datasets, where accuracy alone can be misleading. Only 25% of the studies performed comparative benchmarking across
models or datasets, and less than 30% used robust validation techniques like k-fold cross-validation. External validation
with independent datasets or expert agronomists was nearly absent, raising concerns about reproducibility and domain
relevance.

5.4 LIMITED DEPLOYMENT READINESS

Despite growing interest in deploying models on mobile or edge devices, only 14% of studies discussed deployment-related
issues such as model size, latency, or hardware compatibility. Lightweight models like MobileNet and EfficientNet-Lite
were proposed in some studies but seldom tested outside lab settings. No paper addressed interoperability with agricultural
advisory platforms or latency performance in rural networks. Usability and human-centered design were also largely
overlooked, with no studies testing user interaction with farmers or agricultural officers.
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5.5 ETHICAL, TECHNICAL, AND SCIENTIFIC GAPS

Only 3% of the reviewed papers mentioned ethical implications such as bias, fairness, or transparency in Al deployment.
Interpretability tools like Grad-CAM or SHAP were rarely employed. Most claims of novelty were framed in terms of
model architecture rather than contribution to cassava disease science. This highlights a disconnect between technical
advancement and agricultural domain impact. Furthermore, only 1% of studies attempted domain-level comparison against
expert annotations, revealing a lack of integrative validation.

5.6 IMPLICATIONS FOR RESEARCH AND PRACTICE

The results underscore a clear need for:

a. Standardized evaluation protocols and dataset splits

b. Diversified, real-world datasets reflecting field variability

c. Increased deployment trials and usability testing

d. Transparency in model development and training details

e. Ethical guidelines tailored to Al in low-resource agricultural settings

By addressing these gaps, future research can bridge the divide between proof-of-concept models and impactful, field-ready
Al solutions for cassava disease management.

6. CONCLUSION AND RECOMMENDATIONS

While the potential of Al for cassava disease detection is clear, the field remains fragmented, with critical gaps in bench
marking, deployment, and stakeholder involvement. A paradigm shift is required from model performance in isolation to
systems integration, usability, and agricultural impact.

6.1 RECOMMANDATIONS

Future work should prioritize collecting field-based data with varied environmental conditions to improve model
robustness.Researchers should report a broader set of evaluation metrics beyond accuracy to ensure fair model
assessment.Emphasis should be placed on lightweight, mobile-optimized models and user-friendly interfaces for
smallholder farmers.Integration of expert validation so as to compare Al performance against agronomist diagnosis is
essential for trust and accuracy. The socio-cultural context of smallholder farmers should be considered when designing Al
tools.

REFERENCES

[1] Shivaditya Shivganesh, Aakash Ambalavanan, Adittya C, and B. Radhika Selvamani, “Cassava Disease
Classification with Knowledge Distillation for use in Constrained Devices,” in Proc. 2023 International Conference
on Intelligent and Innovative Technologies in Computing, Electrical and Electronics (IITCEE), Jan. 2023, doi:
https://doi.org/10.1109/iitcee57236.2023.10090898.

[2] H.R. Ayu, A. Surtono, and D. K. Apriyanto, “Deep learning for detection cassava leaf disease,” Journal of Physics:
Conference Series, vol. 1751, p. 012072, Jan. 2021, doi: https://doi.org/10.1088/1742-6596/1751/1/012072.

[3] M. A. Patil and M. Manohar, “A Comprehensive Review on Crop Disease Prediction Based on Machine Learning
and Deep Learning Techniques,” Lecture notes in networks and systems, pp. 481-503, Jan. 2023, doi: https://doi.org/
10.1007/978-981-19-9225-4_36.

[4] Mandar Sapre, V. S. Jatti, P. Tiwari, Niranjan Kodachakki, and Atharva Undale, “Disease Classification in Cassava
Plant by Artificial Neural Network,” Machine Learning and Optimization for Engineering Design , pp. 75-84, Jan.
2023, doi: https://doi.org/10.1007/978-981-99-7456-6_6.

[5] Madan and S. Chintala, “Fast Parallelizable Cassava Plant Disease Detection using Ensemble Learning with Fine
Tuned AmoebaNet and ResNeXt-101,” Turkish Journal of Computer and Mathematics Education (TURCOMAT).,
vol. 11, no. 1, pp. 3013-3023, Apr. 2020, doi: https://doi.org/10.61841/turcomat.v11i1.14700.

Page | 57
Novelty Journals


about:blank
about:blank
https://doi.org/10.1088/1742-6596/1751/1/012072
https://doi.org/10.1007/978-981-99-7456-6_6
https://doi.org/10.61841/turcomat.v11i1.14700

K

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

ISSN 2394-7314

International Journal of Novel Research in Computer Science and Software Engineering
Vol. 12, Issue 2, pp: (49-64), Month: May - August 2025, Available at: www.noveltyjournals.com

Syed Mursleen Riaz, M. Ahsan, and Muhammad Usman Akram, “Diagnosis Of Cassava Leaf Diseases and
Classification Using Deep Learning Techniques,” Proc 2022 16th International Conference on Open Source Systems
and Technologies (ICOSST), Dec. 2022, doi: https://doi.org/10.1109/icosst57195.2022.10016854.

Y. Zhong, B. Huang, and C. Tang, “Classification of Cassava Leaf Disease Based on a Non-Balanced Dataset Using
Transformer-Embedded ResNet,” Agriculture, vol. 12, no. 9, p. 1360, Sep. 2022, doi: https://doi.org/10.3390/
agriculture12091360.

R. Rajora, D. Banerjee, D. Upadhyay, S. Dangi, and G. Sunil, “Precision in Cassava Root Disease Diagnosis:
Merging CNN and Random Forest Techniques,” 2024 Asia Pacific Conference on Innovation in Technology
(APCIT), pp. 1-6, Jul. 2024, doi: https://doi.org/10.1109/apcit62007.2024.10673432.

M. Agarwal, A. Kotecha, A. Deolalikar, R. Kalia, R. K. Yadav, and A. Thomas, “Deep Learning Approaches for
Plant Disease Detection: A Comparative Review,” IEEE Xplore, Feb. 01, 2023. https://ieeexplore.ieee.org/abstract/
document/100630367?casa_token=djfIPX2DYWKAAAAA:HIURRV4Y mmnpftVLIcczWTQxiBCIKIvLyj70VY4ey
O0kA2GB6AJUEQbSKnrCSr5FNoPXC9YiQ1Q63p (accessed Aug. 04, 2023).

A. Upadhyay et al., “Deep learning and computer vision in plant disease detection: a comprehensive review of
techniques, models, and trends in precision agriculture,” Artificial Intelligence Review, vol. 58, no. 3, Jan. 2025, doi:
https://doi.org/10.1007/s10462-024-11100-x

Er. Ankit et al., “Plant Health Detection System using Deep-Learning,” International Journal of Scientific Research
in Computer Science, Engineering and Information Technology, vol. 10, no. 2, pp. 308-316, Mar. 2024, doi:
https://doi.org/10.32628/cseit2410224.

F. Mohammed and H. S. S. Bondili Sri, “A comprehensive survey on cassava disease detection and classification
using deep learning models,” SCT Proceedings in Interdisciplinary Insights and Innovations, vol. 3, p. 377, Jan.
2025, doi: https://doi.org/10.56294/piii2025377.

A. Azeta, K. Jonathan, Blessing Guembe, and Endurance Nwadoziokwu, “A Deep Learning Approach For Cassava
Leaf Disease Diagnosis,” Social Science Research Network, Jan. 2023, doi: https://doi.org/10.2139/ssrn.4336566.

I. T. Plata, E. B. Panganiban, D. B. Alado, A. C. Taracatac, B. B. Bartolome, and F. R. E. Labuanan, “Comparative
Performance Analysis of Real-Time Methods for Cassava Phytoplasma Disease (CPD) Detection based on Deep
Learning Neural Networks,” International Journal of Emerging Technology and Advanced Engineering, vol. 12, no.
2, pp. 55-64, Feb. 2022, doi: https://doi.org/10.46338/ijetac0222_07.

Mohanraj G, Prabakaran K, and Rajkumar M, “Comparative Study on Cassava Leaf Disease Classification,” In Proc.
2024 Second International Conference on Emerging Trends in Information Technology and Engineering (ICETITE)
, Feb. 2024, doi: https://doi.org/10.1109/ic-etite58242.2024.10493497.

S. Srivastav, K. Guleria, S. Sharma, and G. Singh, “Leveraging Deep Learning-based EfficientNet Model for Cassava
Leaf Disease Detection,” 2024 4th Asian Conference on Innovation in Technology (ASIANCON), pp. 1-5, Aug. 2024,
doi: https://doi.org/10.1109/asiancon62057.2024.10838212.

A. Dosset et al., “Cassava disease detection using a lightweight modified soft attention network,” Pest Management
Science, vol. 81, no. 2, pp. 607-617, Oct. 2024, doi: https://doi.org/10.1002/ps.8456.

S. Li, P. Yan, X. Tian, and Y. Zhai, “CassavaViM: MambaVision with Efficient Multi-Scale Attention for Cassava
Leaf Disease Recognition,” In Proc. 2024 5th International Conference on Computer Engineering and Intelligent
Control (ICCEIC), pp. 342-345, Oct. 2024, doi: https://doi.org/10.1109/icceic64099.2024.10775923.

S. Mehta, V. Kukreja, and A. Gupta, “Revolutionizing Cassava Leaf Disease Detection with Federated Learning
CNN and Multi-Level Severity Assessment,” 2023 International Conference on Circuit Power and Computing
Technologies (ICCPCT), Aug. 2023, doi: https://doi.org/10.1109/iccpct58313.2023.10245169.

D. Maurmo, M. Gagliardi, T. Ruga, E. Zumpano, and E. Vocaturo, “Boosting Agricultural Diagnostics: Cassava
Disease Detection with Transfer Learning and Explainable Al,” 2024 IEEE International Conference on Big Data
(BigData), pp. 4702-4710, Dec. 2024, doi: https://doi.org/10.1109/bigdata62323.2024.10825879.

Page | 58
Novelty Journals


about:blank
about:blank
https://doi.org/10.1109/icosst57195.2022.10016854
https://doi.org/10.3390/agriculture12091360
https://doi.org/10.3390/agriculture12091360
https://doi.org/10.1109/apcit62007.2024.10673432
https://doi.org/10.1007/s10462-024-11100-x
https://doi.org/10.32628/cseit2410224
https://doi.org/10.56294/piii2025377
https://doi.org/10.2139/ssrn.4336566
https://doi.org/10.46338/ijetae0222_07
https://doi.org/10.1109/ic-etite58242.2024.10493497
https://doi.org/10.1109/asiancon62057.2024.10838212
https://doi.org/10.1002/ps.8456
https://doi.org/10.1109/icceic64099.2024.10775923
https://doi.org/10.1109/iccpct58313.2023.10245169
https://doi.org/10.1109/bigdata62323.2024.10825879

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

ISSN 2394-7314

International Journal of Novel Research in Computer Science and Software Engineering
Vol. 12, Issue 2, pp: (49-64), Month: May - August 2025, Available at: www.noveltyjournals.com

A. Ckyle, D. M. Guillermo, and C. C. Paglinawan, “Cassava Disease Detection using MobileNetV3 Algorithm
through Augmented Stem and Leaf Images,” 2023 17th International Conference on Ubiquitous Information
Management and Communication (IMCOM), Jan. 2023, doi: https://doi.org/10.1109/imcom56909.2023.10035648.

K. Elliott, J. C. Berry, H. Kim, and R. Bart, “A comparison of ImageJ and machine learning based image analysis
methods to measure cassava bacterial blight disease severity,” Plant Methods, vol. 18, no. 1, Jun. 2022, doi:
https://doi.org/10.1186/s13007-022-00906-X.

Simon Peter Khabusi, Prishika Pheroijam, and Satchidanand Kshetrimayum, “Attention-Based Approach for
Cassava Leaf Disease Classification in Agriculture,” 2023 International Conference on Energy, Power,
Environment, Control, and Computing (ICEPECC) | 978-1-6654-7601-0/23/$31.00 ©2023 IEEE, Mar. 2023, doi:
https://doi.org/10.1109/icepecc57281.2023.10209444

H. N. Ngugi, A. E. Ezugwu, A. A. Akinyelu, and Laith Abualigah, “Revolutionizing crop disease detection with
computational deep learning: a comprehensive review,” Environmental Monitoring and Assessment, vol. 196, no. 3,
Feb. 2024, doi: https://doi.org/10.1007/s10661-024-12454-7.

Arepalli Gopi, S. L. R, and Joseph, “Disclosing the Potential of Deep Learning in Cassava Leaf Disease Analysis by
using CNN and Neural Networks Approach,” In Proc. 2024 International Conference on Inventive Computation
Technologies (ICICT), Apr. 2024, doi: https://doi.org/10.1109/icict60155.2024.10544880.

H. Zhang, Y. Xu, and J. Sun, “Detection of Cassava Leaf Diseases Using Self-supervised Learning,” Proc. 2nd
International Conference on Computer Science and Management Technology (ICCSMT), pp. 120-123, Nov. 2021,
doi: https://doi.org/10.1109/iccsmt54525.2021.00032.

D. C. R, N. Kandasamy, and S. Rajendran, “Integration of dilated convolution with residual dense block network
and multi-level feature detection network for cassava plant leaf disease identification,” Concurrency and
Computation: Practice and Experience, Feb. 2022, doi: https://doi.org/10.1002/cpe.6879.

Darios Alado, “Cassava Disease Classification Using Squeezenet CNN Technique,” In Proc. 2024 IEEE 15th
Control and System Graduate Research Colloquium (ICSGRC), pp. 1-5, Aug. 2024, doi: https://doi.org/10.1109/
icsgrc62081.2024.10691308.

D. O. Oyewola, E. G. Dada, S. Misra, and R. Damasevicius, “Detecting cassava mosaic disease using a deep residual
convolutional neural network with distinct block processing,” Peerd Computer Science, vol. 7, p. €352, Mar. 2021,
doi: https://doi.org/10.7717/peerj-cs.352.

S. Kaissari, A. El Attaoui, A. Benba, A. Jilbab, A. Bourouhou, and A. Kaissari, “PlanTech: Early Detection of Plant
Disease Based on HWSN Using Deep Learning,” International Journal on Engineering Applications (IREA), vol. 9,
no. 3, p. 162, May 2021, doi: https://doi.org/10.15866/irea.v9i3.20720.

B. Ding, “Cassava Leaf Disease Classification Based On CNN,” Highlights in Science, Engineering and Technology,
vol. 16, pp. 63-69, Nov. 2022, doi: https://doi.org/10.54097/hset.v16i.2363.

0. O. Abayomi-Alli, R. DamasSevicius, S. Misra, and R. Maskeliiinas, “Cassava disease recognition from low-quality
images using enhanced data augmentation model and deep learning,” Expert Systems, vol. 38, no. 4, Jun. 2021, doi:
https://doi.org/10.1111/exsy.12746.

A. M. Abdu, M. M. M. Mokji, and U. U. U. Sheikh, “Machine learning for plant disease detection: An investigative
comparison between support vector machine and deep learning,” IAES International Journal of Artificial Intelligence
(13-Al), vol. 9, no. 4, p. 670, Dec. 2020, doi: https://doi.org/10.11591/ijai.v9.i4.pp670-683.

E. Ahishakiye, Ronald Waweru Mwangi, Petronilla Murithi, F. Kanobe, and T. Danison, “Classification of cassava
leaf diseases using deep Gaussian transfer learning model,” Engineering reports, vol. 5, no. 9, Mar. 2023, doi:
https://doi.org/10.1002/eng2.12651.

J. Anitha and N. Saranya, “Cassava Leaf Disease Identification and Detection Using Deep Learning Approach,”
INTERNATIONAL JOURNAL OF COMPUTERS COMMUNICATIONS & CONTROL, vol. 17, no. 2, Feb. 2022,
doi: https://doi.org/10.15837/ijccc.2022.2.4356.

Page | 59
Novelty Journals


about:blank
about:blank
https://doi.org/10.1109/imcom56909.2023.10035648
https://doi.org/10.1109/icepecc57281.2023.10209444
https://doi.org/10.1007/s10661-024-12454-z
https://doi.org/10.1109/icict60155.2024.10544880
https://doi.org/10.1109/iccsmt54525.2021.00032
https://doi.org/10.1002/cpe.6879
https://doi.org/10.7717/peerj-cs.352
https://doi.org/10.15866/irea.v9i3.20720
https://doi.org/10.54097/hset.v16i.2363
https://doi.org/10.1111/exsy.12746
https://doi.org/10.11591/ijai.v9.i4.pp670-683
https://doi.org/10.15837/ijccc.2022.2.4356

K

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

ISSN 2394-7314

International Journal of Novel Research in Computer Science and Software Engineering
Vol. 12, Issue 2, pp: (49-64), Month: May - August 2025, Available at: www.noveltyjournals.com

C. U. Ano et al., “Cassava Brown Streak Disease Response and Association With Agronomic Traits in Elite Nigerian
Cassava Cultivars,” Frontiers in Plant Science, vol. 12, Nov. 2021, doi: https://doi.org/10.3389/fpls.2021.720532.

D. Harsha, S. Khajavali, M. Sneha Snigdha, P. Roshini, B. Srilakshmi, and A. Gopi, “International Journal of
INTELLIGENT SYSTEMS AND APPLICATIONS IN ENGINEERING Developing of CNN Model for Disease
Detection on Cassava Leaves Using VGG-16 Algorithm,” Original Research Paper International Journal of
Intelligent Systems and Applications in Engineering 1JISAE, vol. 2024, no. 21s, pp. 2734-2747, 2024.

A. A. John, “Identification of Diseases in Cassava Leaves using Convolutional Neural Network,” 2022 Fifth
International Conference on Computational Intelligence and Communication Technologies (CCICT), Jul. 2022, doi:
https://doi.org/10.1109/ccict56684.2022.00013.

Kennedy Okokpujie, I. P. Okokpujie, O. I. Ayomikun, Abidemi Orimogunje, and A. T. Ogundipe, “Development of
a Web and Mobile Applications-Based Cassava Disease Classification Interface Using Convolutional Neural
Network,” Mathematical modelling of engineering problems, vol. 10, no. 1, pp. 119-128, Feb. 2023, doi: https://doi.
0rg/10.18280/mmep.100113.

M.K. Dharani, D. R. Thamilselvan, D. R. Rajdevi, M. K. Logeshwaran, Arunesh J, and Deepan Raj S, “Analysis on
Cassava leaf disease prediction using pre-trained models,” 2022 13th International Conference on Computing
Communication and Networking Technologies (ICCCNT), Oct. 2022, doi: https://doi.org/10.1109/icccnt54827.
2022.9984351.

A. Maryum, M. Usman Akram, and Anum Abdul Salam, “Cassava Leaf Disease Classification using Deep Neural
Networks,” In 2021 IEEE 18th international conference on smart communities: improving quality of life using ICT,
loT and Al (HONET) (pp. 32-37). IEEE., Oct. 2021, doi: https://doi.org/10.1109/honet53078.2021.9615488.

A. Maryum, M. Usman Akram, and Anum Abdul Salam, “Cassava Leaf Disease Classification using Deep Neural
Networks,” In 2021 IEEE 18th international conference on smart communities: improving quality of life using ICT,
loT and Al (HONET) (pp. 32-37). IEEE., Oct. 2021, doi: https://doi.org/10.1109/honet53078.2021.9615488.

E. G. N. Mbanjo et al., “Technological Innovations for Improving Cassava Production in Sub-Saharan Africa,”
Frontiers in Genetics, vol. 11, Jan. 2021, doi: https://doi.org/10.3389/fgene.2020.623736.

S. METLEK, “Disease detection from cassava leaf images with deep learning methods in web environment,”
International Journal of 3D Printing Technologies and Digital Industry, vol. 3, no. 5, Dec. 2021, doi: https://doi.org/
10.46519/ij3dptdi.1029357.

G. Owomugisha, F. Melchert, E. Mwebaze, John. A. Quinn, and M. Biehl, “Matrix Relevance Learning From
Spectral Data for Diagnosing Cassava Diseases,” IEEE Access, vol. 9, pp. 83355-83363, 2021, doi: https://doi.org/
10.1109/access.2021.3087231.

M. Liu, H. Liang, and M. Hou, “Research on cassava disease classification using the multi-scale fusion model based
on EfficientNet and attention mechanism,” Frontiers in Plant Science, vol. 13, Dec. 2022, doi: https://doi.org/
10.3389/fpls.2022.1088531.

S. Lodhi, None Sakshi, and V. Kukreja, “Deep Learning Based Method To Detect Diseases In Leaves Of Cassava
Plant,” 2022 International Conference on Data Analytics for Business and Industry (ICDABI), Oct. 2022, doi:
https://doi.org/10.1109/icdabi56818.2022.10041484.

N. Manick and J. Srivastava, “Cassava Leaf Disease Detection Using Deep Learning,” 2022 IEEE International 10T,
Electronics and Mechatronics Conference (IEMTRONICS), Jun. 2022, doi: https://doi.org/10.1109/iemtronics55184.
2022.9795751.

E. Ahishakiye et al., “Deep Gaussian Convolutional Neural Network Model in Classification of Cassava Diseases
using Spectral Data,” Research Square (Research Square), Jun. 2022, doi: https://doi.org/10.21203/rs.3.rs-17508
T1NV1.

Page | 60
Novelty Journals


about:blank
about:blank
https://doi.org/10.3389/fpls.2021.720532
https://doi.org/10.1109/ccict56684.2022.00013
https://doi.org/10.1109/honet53078.2021.9615488
https://doi.org/10.1109/honet53078.2021.9615488
https://doi.org/10.3389/fgene.2020.623736
https://doi.org/10.1109/icdabi56818.2022.10041484

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

ISSN 2394-7314

International Journal of Novel Research in Computer Science and Software Engineering
Vol. 12, Issue 2, pp: (49-64), Month: May - August 2025, Available at: www.noveltyjournals.com

Sharanya S, R. B. N, A. B. R, Pranav Simha R, and C Gururaj, “Deep Learning Based Plant Disease Detection,”
2022 IEEE 2nd Mysore Sub Section International Conference (MysuruCon), pp. 1-6, Oct. 2022, doi: https://doi.org/
10.1109/mysurucon55714.2022.9972398.

Y. Ye et al., “An Improved EfficientNetV2 Model Based on Visual Attention Mechanism: Application to
Identification of Cassava Disease,” Computational Intelligence and Neuroscience, vol. 2022, pp. 1-16, Aug. 2022,
doi: https://doi.org/10.1155/2022/1569911.

A. O. Agbaje and J. Tian, “Plant Disease Recognition Using Transfer Learning and Evolutionary Algorithms,” in
Proc. TENCON 2022 — 2022 IEEE Region 10 Conference, Hong Kong, China, Nov. 2022, pp. 123-128, Nov. 2022,
doi: https://doi.org/10.1109/tencon55691.2022.9978026.

H. Kumar, Sanjay Velu, Are Lokesh, K. Suman, and Srilatha Chebrolu, “Cassava Leaf Disease Detection Using
Ensembling of EfficientNet, SEResNeXt, ViT, DelT and MobileNetV3 Models,” Algorithms for intelligent systems,
pp. 183-193, Jan. 2023, doi: https://doi.org/10.1007/978-981-19-8742-7_15.

A. Pai, Atharv Raotole, Sailee Shirodkar, S. Bose, and M. H. Kolekar, “From Pixels to Prognosis: Exploring
Convolutional Neural Networks for Cassava Leaf Disease Diagnosis,” In Proc. 2023 OITS International Conference
on Information Technology (OCIT), Dec. 2023, doi: https://doi.org/10.1109/0cit59427.2023.10430882.

S. Mehta, V. Kukreja, and R. Gupta, “Decentralized Detection of Cassava Leaf Diseases: A Federated Convolutional
Neural Network Solution,” Proc. 2023 International Conference on Circuit Power and Computing Technologies,
Aug. 2023, doi: https://doi.org/10.1109/iccpct58313.2023.10245357.

Patike Kiran Rao, “Cassava Leaf Disease Classification using Separable Convolutions UNet,” Turkish Journal of
Computer and Mathematics Education (TURCOMAT), vol. 12, no. 7, pp. 140-145, Apr. 2021, doi: https://doi.org/
10.17762/turcomat.v12i7.2554.

E. Paiva-Peredo, “Deep Learning for the Classification of Cassava Leaf Diseases in Unbalanced Field Data Set,”
Communications in computer and information science, pp. 101-114, Jan. 2023, doi: https://doi.org/10.1007/978-3-
031-28183-9_8.

R. Singh, A. Sharma, N. Sharma, and R. Gupta, “Automatic Detection of Cassava Leaf Disease using Transfer
Learning Model,” 2022 6th International Conference on Electronics, Communication and Aerospace Technology,
Dec. 2022, doi: https://doi.org/10.1109/iceca55336.2022.10009338.

Ch. Ruthvik Chowdary, M. Krishna, P. Rani, G. Hanuman Narendra, and G. Satyanarayana, ‘“Disease Detection in
Cassava Leaf Using Ensembling of EfficientNet, ResNext, ViT, DelT and MobNetV3,” Smart innovation, systems
and technologies, pp. 435-444, Jan. 2023, doi: https://doi.org/10.1007/978-981-99-4717-1_41.

A. Ishraq, S. Arafah, S. A. Mim, N. J. Shammey, F. Mridha, and Md. S. Rahman, “Cassava Leaf Disease
Classification Using Supervised Contrastive Learning,” Lecture Notes of the Institute for Computer Sciences, Social
Informatics and Telecommunications Engineering, pp. 60-71, 2023, doi: https://doi.org/10.1007/978-3-031-34619-
4 6.

Rajasree R, B. Christalin, S. Paul, Appu M, and Aswathy N, “An optimized Faster R-CNN model for Cassava Brown
Streak Disease Classification,” In Proc. 2023 3rd International Conference on Advances in Computing,
Communication, Embedded and Secure Systems (ACCESS), May 2023, doi: https://doi.org/10.1109/access
57397.2023.10200536.

R. Singh, A. Sharma, N. Sharma, K. Sharma, and R. Gupta, “A Deep Learning-Based InceptionResNet V2 Model
for Cassava Leaf Disease Detection,” Lecture notes in networks and systems, pp. 423-432, Jan. 2023, doi:
https://doi.org/10.1007/978-981-99-1946-8_38.

E. Ahishakiye, W. Mwangi, Petronilla Murithi, R. Wario, F. Kanobe, and T. Danison, “An Ensemble Model Based
on Learning Vector Quantization Algorithms for Early Detection of Cassava Diseases Using Spectral Data,”
Communications in computer and information science, pp. 320-328, Jan. 2023, doi: https://doi.org/10.1007/978-3-
031-28472-4_20.

Page | 61
Novelty Journals


about:blank
about:blank
https://doi.org/10.1155/2022/1569911
https://doi.org/10.1109/tencon55691.2022.9978026
https://doi.org/10.1007/978-981-19-8742-7_15
https://doi.org/10.1109/ocit59427.2023.10430882
https://doi.org/10.1109/iccpct58313.2023.10245357
https://doi.org/10.1007/978-3-031-28183-9_8
https://doi.org/10.1007/978-3-031-28183-9_8
https://doi.org/10.1109/iceca55336.2022.10009338
https://doi.org/10.1007/978-981-99-4717-1_41
https://doi.org/10.1007/978-3-031-34619-4_6
https://doi.org/10.1007/978-3-031-34619-4_6
https://doi.org/10.1007/978-981-99-1946-8_38
https://doi.org/10.1007/978-3-031-28472-4_20
https://doi.org/10.1007/978-3-031-28472-4_20

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

ISSN 2394-7314

International Journal of Novel Research in Computer Science and Software Engineering
Vol. 12, Issue 2, pp: (49-64), Month: May - August 2025, Available at: www.noveltyjournals.com

R. Chauhan, Mohan Karnati, M. K. Dutta, and R. Burget, “Plant Disease Identification Using a Dual Self-Attention
Modified Residual-Inception Network,” IEEE Access, pp. 170-175, Oct. 2023, doi: https://doi.org/10.1109/
icumt61075.2023.10333302.

S. Prakadeswaran, A. B. Banu, R. S. Kumar, and S. G. Raj, “Optimizing Pre-Trained Models of Deep Learning for
Identification of Plant Disease,” International Journal on Recent and Innovation Trends in Computing and
Communication, vol. 11, no. 10s, pp. 391-396, Oct. 2023, doi: https://doi.org/10.17762/ijritcc.v11i10s.7647.

T. R. Chhetri, A. Hohenegger, A. Fensel, M. A. Kasali, and A. A. Adekunle, “Towards improving prediction accuracy
and user-level explainability using deep learning and knowledge graphs: A study on cassava disease,” Expert Systems
with Applications, vol. 233, p. 120955, Dec. 2023, doi: https://doi.org/10.1016/j.eswa.2023.120955.

Miftahus Sholihin, Mohd, and Mohd Norasri Ismail, “AlexNet-Based Feature Extraction for Cassava Classification:
A Machine Learning Approach,” Baghdad Science Journal, vol. 20, no. 6(Suppl.), pp. 2624—-2624, Dec. 2023, doi:
https://doi.org/10.21123/bsj.2023.9120.

Jagadish. K, “Detection and Classification of Cassava Diseases using Machine Learning,” International Journal for
Research in Applied Science and Engineering Technology, vol. 11, no. 12, pp. 803-807, Dec. 2023, doi:
https://doi.org/10.22214/ijraset.2023.57452.

A. Sharma, Upendra Singh Aswal, A. Rana, V. D. Vani, Akhil Sankhyan, and None Shekhar, “Real Time Plant
Disease Detection Model using Deep Learning,” In Proc. 2023 6th International Conference on Contemporary
Computing and Informatics (IC31), Sep. 2023, doi: https://doi.org/10.1109/ic3i59117.2023.10398070.

R. Aruna, M Prabu, S. Ananthi, V.C. Bharathi, R. Sathya, and B. Suchithra, “Vision based Cassava Plant Leaf
Disease Classification using Machine Learning Techniques,” In Proc. 2023 2nd International Conference on
Automation, Computing and Renewable Systems (ICACRS), Dec. 2023, doi: https://doi.org/10.1109/icacrs58579.
2023.10404468.

Sonali Lunawat, V. Pawar, Rajat Deore, A. Bile, Abhishek Gawade, and Nandita Nikam, “An Efficient Approach
for Crop Disease Detection using Deep Learning,” In Proc. 2023 2nd International Conference on Automation,
Computing and Renewable Systems (ICACRS), pp. 1907-1914, Dec. 2023, doi: https://doi.org/10.1109/icacrs58
579.2023.10404661.

G. Singh, K. Guleria, and S. Sharma, “A Deep Learning-based Fine-tuned Convolutional Neural Network Model for
Plant Leaf Disease Detection,” 2023 4th IEEE Global Conference for Advancement in Technology (GCAT), Oct.
2023, doi: https://doi.org/10.1109/gcat59970.2023.10353487.

V. Sharma, A. K. Tripathi, and H. Mittal, “DLMC-Net: Deeper lightweight multi-class classification model for plant
leaf disease detection,” Ecological Informatics, vol. 75, p. 102025, Jul. 2023, doi: https://doi.org/10.1016/
j.ecoinf.2023.102025.

Hong Chong Choi and T.-C. Hsiao, “Image Classification of Cassava Leaf Disease Based on Residual Network,”
Proc. 3rd IEEE Eurasia Conference on Biomedical Engineering, Healthcare and Sustainability, May 2021, doi:
https://doi.org/10.1109/ecbios51820.2021.9510414.

S. O. Ngesthi and L. A. Wulandhari, “Cassava Diseases Classification using EfficientNet Model with Imbalance
Data Handling,” Jurnal Online Informatika, vol. 9, no. 2, pp. 148-158, Aug. 2024, doi: https://doi.org/10.15575/
join.v9i2.1300.

Y Vijayalata, Nikhil Billakanti, Karthik Veeravalli, Ashlin, and L. Kota, “Early Detection of Casava Plant Leaf
Diseases using EfficientNet-B0,” 2022 IEEE Delhi Section Conference (DELCON), Feb. 2022, doi: https://doi.org/
10.1109/delcon54057.2022.9753210.

Aryan Methil, H. Agrawal, and V. Kaushik, “One-vs-All Methodology based Cassava Leaf Disease Detection,”
Proc. 12th International Conference on Computing Communication and Networking Technologies (ICCCNT) | 978-
1-7281-8595-8/21, Jul. 2021, doi: https://doi.org/10.1109/icccnt51525.2021.9579920.

Page | 62
Novelty Journals


about:blank
about:blank
https://doi.org/10.17762/ijritcc.v11i10s.7647
https://doi.org/10.1016/j.eswa.2023.120955
https://doi.org/10.21123/bsj.2023.9120
https://doi.org/10.1109/ic3i59117.2023.10398070
https://doi.org/10.1109/gcat59970.2023.10353487
https://doi.org/10.1109/ecbios51820.2021.9510414
https://doi.org/10.1109/icccnt51525.2021.9579920

[78]

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

[88]

[89]

[90]

[91]

[92]

ISSN 2394-7314

International Journal of Novel Research in Computer Science and Software Engineering
Vol. 12, Issue 2, pp: (49-64), Month: May - August 2025, Available at: www.noveltyjournals.com

Prashant Giridhar Shambharkar and S. Sharma, “Plant Disease Detection And Prevention Using Deep Learning,”
The Open Agriculture Journal, Mar. 2023, doi: https://doi.org/10.1109/icaccs57279.2023.10112733.

I. Sangbamrung, P. Praneetpholkrang, and S. Kanjanawattana, “A Novel Automatic Method for Cassava Disease
Classification Using Deep Learning,” Journal of Advances in Information Technology, vol. 11, no. 4, pp. 241-248,
2020, doi: https://doi.org/10.12720/jait.11.4.241-248.

M. Meenalochini, A. Amalroshini, K. L. M. Nandhini, and C. R. S. Murugan, “GNN-based Disease Detection and
Classification in Cassava Leaf,” 2024 International Conference on loT Based Control Networks and Intelligent
Systems (ICICNIS), pp. 941-947, Dec. 2024, doi: https://doi.org/10.1109/icicnis64247.2024.10823222.

Gururaj Harinahalli Lokesh, Soundarya Bidare Chandregowda, J. Vishwanath, V. Ravi, P. Ravi, and Alanoud Al
Mazroa, “Intelligent Plant Leaf Disease Detection Using Generative Adversarial Networks: a Case-study of Cassava
Leaves,” The Open Agriculture Journal, vol. 18, no. 1, Mar. 2024, doi: https://doi.org/10.2174/0118743315288
623240223072349.

T. Kalpana, R. Thamilselvan, K. Chitra, S. Kaviya, M. Kiruthiga, and C. Mahesh, “Deep Learning based Approach
for Cassava Leaf Disease Detection,” 2024 8th International Conference on Electronics, Communication and
Aerospace Technology (ICECA), pp. 775778, Nov. 2024, doi: https://doi.org/10.1109/iceca63461.2024.10800801.

T. Gupta, “Detection and Analysis of Cassava Plant Disease using Hybrid Deep Neural Networks,” 2024 2nd
International Conference on Intelligent Data Communication Technologies and Internet of Things (IDCloT), pp.
925-928, Jan. 2024, doi: https://doi.org/10.1109/idciot59759.2024.10467532.

U. K. Lilhore et al., “Enhanced Convolutional Neural Network Model for Cassava Leaf Disease Identification and
Classification,” Mathematics, vol. 10, no. 4, p. 580, Feb. 2022, doi: https://doi.org/10.3390/math10040580.

V. Kant, K. S. Gill, S. Malhotra, and Swati Devliyal, “The Role of Deep Learning in Transforming Cassava Leaf
Disease Diagnosis,” In Proc. 2024 First International Conference on Electronics, Communication and Signal
Processing (ICECSP), pp. 1-5, Aug. 2024, doi: https://doi.org/10.1109/icecsp61809.2024.10698387.

Polagani Roshini, Shaik Khajavali, M L Sneha Snigdha, B. D. Harsha, Bandlamudi Srilakshmi, and Arepalli Gopi,
“CNN Design with AlexNet Algorithm for Diagnosis of Diseases in Cassava Leaves,” In Proc. 2024 International
Conference on Expert Clouds and Applications (ICOECA), pp. 1-8, Apr. 2024, doi: https://doi.org/10.1109/
icoeca62351.2024.00129.

A. Gopi, L. R. Sudha, and J. S. lwin Thanakumar, “Novel KNN with Differentiable Augmentation for Feature-Based
Detection of Cassava Leaf Disease and Mitigation of Overfitting: An Innovative Memetic Algorithm,” Data and
Metadata, vol. 3, Nov. 2025, doi: https://doi.org/10.56294/dm2024.455.

None Pasupunooti Anusha, G. Reddy, None Kolluri Anirudh, None Muthumula Varshini, None Samreen, and None
Ramadugu Chaitra, “Cassava Leaf Disease Prediction Using Efficientnet-BO Model,” International Research
Journal on Advanced Science Hub, vol. 6, no. 01, pp. 6-13, Jan. 2024, doi: https://doi.org/10.47392/irjash.2024.002.

Miftahus Sholihin, Mohd, M. N. Ismail, E. N. Wati, M. S. Arshad, and T. Gusman, “Modified Alexnet Architecture
for Classification of Cassava Based on Leaf Images,” JOIV International Journal on Informatics Visualization, vol.
8, no. 3, pp. 1074-1074, Sep. 2024, doi: https://doi.org/10.62527/joiv.8.3.2966.

B. P. Naveenya and J Premalatha, “An Extensive Analysis of CNN Models for Plant Disease Recognition and
Recommendations,” |IEEE Access, vol. 13, pp. 189-194, Jul. 2024, doi: https://doi.org/10.1109/icisc62624.
2024.00039.

Bhageerathi T, Anagha M, and P. T. S, “Comparative Analysis of Deep Learning Models for Plant Disease
Detection,” Research Square (Research Square), Dec. 2024, doi: https://doi.org/10.21203/rs.3.rs-5348075/v1.

A. Elmasry and A. Sleem, “Advanced Deep Learning Model for Plant Diseases Detection in Precision Agriculture,”
Optimization in agriculture., vol. 2, pp. 56-65, Mar. 2024, doi: https://doi.org/10.61356/j.0ia.2024.2250.

Page | 63
Novelty Journals


about:blank
about:blank
https://doi.org/10.1109/icaccs57279.2023.10112733
https://doi.org/10.12720/jait.11.4.241-248
https://doi.org/10.1109/icicnis64247.2024.10823222
https://doi.org/10.1109/iceca63461.2024.10800801
https://doi.org/10.1109/idciot59759.2024.10467532
https://doi.org/10.3390/math10040580
https://doi.org/10.1109/icecsp61809.2024.10698387
https://doi.org/10.56294/dm2024.455
https://doi.org/10.47392/irjash.2024.002
https://doi.org/10.62527/joiv.8.3.2966
https://doi.org/10.21203/rs.3.rs-5348075/v1
https://doi.org/10.61356/j.oia.2024.2250

[93]

[94]

[95]

[96]

[97]

[98]

[99]

[100]

[101]

[102]

[103]

[104]

[105]

ISSN 2394-7314

International Journal of Novel Research in Computer Science and Software Engineering
Vol. 12, Issue 2, pp: (49-64), Month: May - August 2025, Available at: www.noveltyjournals.com

D. Kala, Divya Punia, G. Sikka, and K. Sikka, “A Comprehensive Analysis of Various Deep Learning Based Multi
Class Plant Disease Classification Techniques,” In Proc. 2024 First International Conference on Pioneering
Developments in Computer Science & Digital Technologies (IC2SDT), pp. 107-112, Aug. 2024, doi: https://doi.org/
10.1109/ic2sdt62152.2024.10696395.

Adithya Adiga, N.K Gagandeep, A. A. Prabhu, H. Pai, and R. A. Kumar, “Comparative Analysis on Deep Learning
Models for Plant Disease Detection,” Artificial Intelligence in Agriculture, vol. 12, no. pg 127-151, pp. 1-6, Apr.
2024, doi: https://doi.org/10.1109/icetcs61022.2024.10543495.

Aditya A H, Amith, Anish, Surya, and N. Kumar, “Machine Learning Framework for Early Detection of Crop
Disease,” International Journal For Multidisciplinary Research, vol. 6, no. 3, May 2024, doi: https://doi.org/
10.36948/ijfmr.2024.v06i03.20240.

Pranajit Kumar Das, Subarna Sarker Rupa, Suree Pumrin, Utpal Chandra Das, and Md. Khalid Hossen, “Deep
Learning for Plant Disease Detection and Classification: A Systematic Analysis and Review,” Current Applied
Science and Technology, pp. e0259016-€0259016, Apr. 2024, doi: https://doi.org/10.55003/cast.2024.259016.

S. Kumari, N. Pati, Mahendra Kumar Gourisaria, and Saurabh Bilgaiyan, “Application of Advance Deep Learning
Models For Plant Disease Detection,” In Proc. 2024 International Conference on Integrated Circuits and
Communication Systems (ICICACS), pp. 1-6, Feb. 2024, doi: https://doi.org/10.1109/icicacs60521.2024.10498791.

Y. Zhou, S. Chen, Y. Wang, and W. Huan, “Review of research on lightweight convolutional neural networks,” 2020
IEEE 5th Information Technology and Mechatronics Engineering Conference (ITOEC), Jun. 2020, doi:
https://doi.org/10.1109/itoec49072.2020.9141847.

I. T. Plata, E. B. Panganiban, D. B. Alado, A. C. Taracatac, B. B. Bartolome, and F. R. E. Labuanan, “A Recognition
Method for Cassava Phytoplasma Disease (CPD) Real-Time Detection based on Transfer Learning Neural
Networks,” International Journal of Advanced Computer Science and Applications, vol. 12, no. 12, 2021, doi:
https://doi.org/10.14569/ijacsa.2021.0121234.

R. Karthik, R. Menaka, M. V. Siddharth, S. Hussain, B. Murugan, and D. Won, “A deep feature fusion network using
residual channel shuffled attention for cassava leaf disease detection,” Neural Computing and Applications, vol. 35,
no. 30, pp. 22755-22770, Aug. 2023, doi: https://doi.org/10.1007/s00521-023-08943-w.

G. Sambasivam and G. D. Opiyo, “A predictive machine learning application in agriculture: Cassava disease
detection and classification with imbalanced dataset using convolutional neural networks,” Egyptian Informatics
Journal, vol. 22, no. 2021, Mar. 2020, doi: https://doi.org/10.1016/j.eij.2020.02.007.

J. Vijayakumar and P. Nisha, “RECOGNITION AND CLASSIFICATION OF CASSAVA LEAF DISEASES
USING MACHINE LEARNING TECHNIQUES,” International Journal of Novel Research and Development
(www.ijnrd.org), vol. 7, no. 4, p. 783, 2022.

R. I. Hasan, S. M. Yusuf, and L. Alzubaidi, “Review of the State of the Art of Deep Learning for Plant Diseases: A
Broad Analysis and Discussion,” Plants, vol. 9, no. 10, p. 1302, Oct. 2020, doi: https://doi.org/10.3390/
plants9101302.

A. Bayata, “Review on Nutritional Value of Cassava for Use as a Staple Food,” Science Journal of Analytical
Chemistry, vol. 7, no. 4, p. 83, 2019, doi: https://doi.org/10.11648/j.sjac.20190704.12.

James Daniel Omaye, Emeka Ogbuju, G. Ataguba, Oluwayemisi Jaiyeoba, J. Aneke, and F. Oladipo, “Cross-
comparative review of Machine learning for plant disease detection: apple, cassava, cotton and potato plants,”
Artificial Intelligence in Agriculture, May 2024, doi: https://doi.org/10.1016/j.aiia.2024.04.002.

Page | 64
Novelty Journals


about:blank
about:blank
https://doi.org/10.1109/icetcs61022.2024.10543495
https://doi.org/10.55003/cast.2024.259016
https://doi.org/10.1109/icicacs60521.2024.10498791
https://doi.org/10.14569/ijacsa.2021.0121234
https://doi.org/10.1007/s00521-023-08943-w
https://doi.org/10.1016/j.eij.2020.02.007
https://doi.org/10.11648/j.sjac.20190704.12
https://doi.org/10.1016/j.aiia.2024.04.002

