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Abstract
Efficient hyper-parameter tuning is crucial for high-performing machine learning in plant disease
diagnosis. This study comparatively analyzes K-nearest neighbor, random forest, neural networks, and
AdaBoost models under a developed meta-learning Machine Learners’ Performance Analysis framework to
optimize their hyper-parameters for cassava plant disease datasets. We evaluate their adaptability,
efficiency, and robustness using metrics like accuracy and computational cost. Applying meta-learning
techniques, including gradient-based optimization and neural architecture search, we identify significant
performance variations. Findings underscore the importance of selecting the optimal model-meta-
learning combination for effective and automated plant disease diagnosis in precision agriculture.

Categories: Artificial Intelligence and Machine Learning in the Cloud, Computational Science and Engineering, Meta
Computing
Keywords: machine model, meta-learning, parameters, diagnosis, plant disease, performance

Introduction
Machine learning constitutes a subfield within the domain of artificial intelligence (AI) that has garnered
considerable scholarly attention over recent decades [1-2] owing to its effective implementation across a
multitude of life domains. As its global acceptance continues to gain relevance, it persistently propels
innovations throughout various sectors, including, but not limited to, agriculture, healthcare, finance,
transportation, security, and entertainment, thereby transforming the methodologies employed for
problem-solving and solution deployment [3]. The machine learning methodologies that are implemented
demonstrate superiority over traditional techniques [4], which frequently entail high costs due to reliance
on trial-and-error approaches that are time-consuming and necessitate manual interventions for
parameter tuning and associated tasks. Given the extensive range and complexity of contemporary tasks
and challenges that require resolution, it is evident that there are few, if any, entirely novel problems that
warrant a completely new solution approach; instead, advancements and enhanced techniques are
continually introduced to facilitate more efficient and intelligent methods for addressing both existing
and emerging issues [5-6].

Accurate identification of plant diseases is crucial in agriculture to ensure productivity and reduce crop
losses [7-8]. Traditionally, this task is carried out by plant pathologists [9], but it can also be done using
AI systems that apply ensemble machine learning techniques [10]. While some machine learning models
have shown strong performance in this area [11], achieving high accuracy requires careful tuning of hyper-
parameters [12]. This process is essential but time-consuming and complex. To address this challenge,
meta-learning offers a promising solution. It allows systems to automatically adjust hyper-parameters for
new tasks or datasets by using previously learned knowledge [13-14]. This knowledge is represented
through meta-features [15], such as the number of attributes, classes, sample sizes, and performance
scores, and stored in a knowledge base [16]. This information is then used by a learning classifier to solve
similar future problems effectively [17].

An important part of a meta-learning system is the base learner, which provides the parametric features
used in training [18]. Choosing the right base learner depends on the specific task and its requirements. In
this paper, we apply popular ML algorithms to a pre-processed dataset of cassava plant disease images,
evaluate their performance, and identify the most suitable base learners for disease diagnosis models.
There is growing interest in using machine and deep learning for plant disease detection. For example,
Ayu et al. [12] developed an intelligent graphical user interface based on the MobileNetV2 deep learning
model. This system helps users identify four common cassava diseases - Cassava Brown Streak Disease,
Cassava Mosaic Disease (CMD), Cassava Bacterial Blight, and Cassava Green Mite - and distinguish them
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from healthy plants using image data. The system used 1,769 cassava leaf images from Kaggle and was
capable of performing identification, classification, and segmentation tasks. It achieved 43.2% and 29.4%
accuracy for image and video data with mild disease symptoms, and overall accuracies of 74.5%, 65.6%,
and 67.3% on the training, testing, and validation datasets, respectively.

Image quality is a known concern in plant disease detection. To address this, researchers [19] explored the
use of data augmentation techniques to train a neural network using low-quality cassava leaf images.
They used a modified MobileNetV2 model combined with a unique color transformation method called
the Chebyshev orthogonal and probability function. This approach achieved strong results: an F1-score of
0.9676, precision of 0.9772, accuracy of 0.977, and recall of 0.9634 on the validation set. However, it was
also noted that lower image quality led to decreased model accuracy. Similarly, to detect CMD from 5,656
infected cassava leaf images obtained from Kaggle, Oyewola et al. [8] used a deep residual neural network
instead of a plain convolutional neural network. To balance the dataset, images of other cassava diseases
were increased to 2,700 per class using a block processing technique. This step helped reduce bias caused
by low contrast and resolution in images of CMD and Cassava Brown Streak Disease. The balanced dataset
improved model accuracy significantly, achieving a 96.75% accuracy rate with an improvement of 9.25%
over similar models.

Meta-learning frameworks are designed to adapt to new situations [17], often requiring only a few
learning examples. They do this by minimizing training loss and learning optimal parameters that help
the model generalize better [20]. Many studies have applied this concept using various meta-learning
structures [21-22]. For instance, researchers [23] proposed the automated relational meta-learning
framework, which automatically identifies relationships between tasks and builds a meta-knowledge
graph based on past data. They tested this on a toy regression problem and found that automated
relational meta-learning outperformed similar models. In another study [24], a metric-based multimodal
fusion network was used to predict facial expressions using three datasets (SMIC, CASME, and CASMEII).
After combining them into one dataset, the model’s accuracy improved from 71% to 75% when additional
data was added. Zhang et al. [25] introduced a meta-learning approach that considers individual
differences. Using a transformer-based image segmentation model, they captured both short- and long-
range dependencies. This helped the system generalize better across tasks involving different individuals.

In education, Hildago et al. [26] used deep learning to predict student performance in a virtual learning
environment. Their model, which involved optimizing hyper-parameters, achieved over 90% predictive
accuracy. Another study [13] proposed the AMLBID model, a two-phase machine learning approach aimed
at helping engineers and researchers with limited analytics skills. This model addressed the limitations of
existing meta-learning solutions and offered better decision-making tools. It outperformed existing
frameworks, including Auto-Sklearn, in both accuracy and computational efficiency. The research
conducted by Tiwari et al. [27] introduced a novel Meta-Lottery Ticket Hypothesis method for few-shot
learning. Using three datasets, namely FC100, MiniImageNet, and Omniglot, the aim was to create a self-
learning model capable of extracting features from new, unseen tasks. They used a 4CONV model with
convolution layers, batch normalization, ReLU activation, and max pooling. The model adjusted learning
rates and thresholds during training. Interestingly, most important features were learned in the early
layers, while the final layer showed the highest learning depth. The Meta-Lottery Ticket Hypothesis model
showed faster convergence and needed about 50% fewer batch updates compared to other state-of-the-art
models.

Materials And Methods
This section describes the series of approaches applied to evaluating the performance of machine models
using the developed Machine Learners’ Performance Analysis (MALEPA) framework for cassava disease
diagnosis. Four different machine learning algorithms are employed and critically evaluated with respect
to their performance metrics. The dataset utilized, along with all pertinent preprocessing steps, is
thoroughly detailed. This section shows the proposed methodology’s stepwise architectures. Figure 1
illustrates the novel research workflow formulated for this investigation, and the stages are are carefully
described below.
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FIGURE 1: Architectural workflow of Machine Learners’ Performance
Analysis (MALEPA) framework

Dataset description
In this study, a comprehensive collection of 5,918 real-world images pertaining to cassava plant diseases
were amassed from the Makerere University Artificial Intelligence Laboratory located in Uganda. The pre-
processed and normalized form of this data is made available at
https://www.kaggle.com/datasets/femijohnson/cassava-image-dataset. This dataset comprises a diverse
assortment of two vegetative components (leaves and stems) encompassing five distinct classifications of
cassava diseases, as delineated in Table 1. It is noteworthy that the utilized dataset stands as one of the
most coveted datasets employed for machine learning classification endeavors and concurrently addresses
food security challenges within the Sub-Saharan African.

S/n Plant Vegetative Part Diseases Number of Images

 Cassava Leaves stem Cassava Mosaic Disease 2,658

   Cassava Green Mite 733

   Cassava Bacteria Blight 466

   Cassava Brown Spot 1,443

   Cassava Tuber Rot 302

   HEALTHY CASSAVA 316

Total    5,918

TABLE 1: Dataset description

Image processing, embedding, and feature extraction
In order to ascertain equity in the comparative performance evaluation, the images undergo a
preprocessing regimen that entails resizing them to a standardized dimension of 256 × 256 pixel JPEG
format, as shown in Figure 2. The heterogeneity evident in the images concerning background hues,
resolution, and intensity levels is also duly considered during the preprocessing operations. These
preprocessing measures are imperative to mitigate any conceivable bias or adverse influence on the
classifiers performance metrics.

The embedding for all image samples was proficiently executed utilizing the SqueezeNet technique, which
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necessitates a progressive multi-stage approach for its effective implementation. The results from the
successful execution of all stages, as elucidated in Equations 1-5, culminate in the extraction of the most
salient features from each sample image, thereby generating a list of numeric feature vectors as depicted
in Figure 3 for subsequent processing.

FIGURE 2: Pre-processed images of cassava plants used for modeling

 

FIGURE 3: CSV file of extracted cassava plant features before
normalization

Furthermore, all samples are split into 80:20 and subjected to normalization via the min-max technique to
guarantee that all features operate on a uniform rating scale, thereby contributing equitably and
mitigating bias in predictive outcomes. The mathematical formulation of the normalization technique is
represented in Equation 6. A substantial 80% of the dataset is utilized for the training of machine learning
algorithms, whereas the remaining 20% is adopted for the assessment of the model's efficacy. The
partitioning of the dataset is executed utilizing the train_test_split() function from the scikit-learn library,
thereby addressing concerns related to overfitting and augmenting the model's performance with the
application of k-fold cross-validation to segment the data for the purpose of validating the results.

 (1)

where
I = image input
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H = height
W = width
N = number of channels for RGB images.

The Fire Module consists of two layers described in Equations 2 and 3:

1) Squeeze Layer: Applies 1×1 convolutions to reduce the number of channels/dimensions.

2) Expand Layer: Combines (1×1 and 3×3) convolutions on the output of the squeeze layer:

 (2)

 (3)

Stacking Fire Modules:  (4)

Global Average Pooling:  (5)

where O is the output feature map of the last Fire module, and H and W are its spatial dimensions.

 (6)

where
X = original value of the feature.
min(X) = minimum value of the feature in the dataset.
max(X) = maximum value of the feature in the dataset.
X′ = normalized value of x, scaled to a range (0, 1).

Machine learners’ and parameter description
Selected machine learners, as shown in Figure 1, are used for the training. Each of these learners has
shown positive result and high accuracy for similar classification problems. The random forest being one
of the learners used represents a fusion of tree predictions, with each tree relying on the selected value of
a vector. Upon receiving fresh input information, its algorithm creates a decision tree specific to the data
and integrates it into a forest along with supplementary decision trees. K-nearest neighbors (KNN)
utilize distance metrics to assess similarity between plant disease samples. It predicts the disease class of
a new sample by identifying the most frequent label among its nearest neighbors, making it a simple yet
effective method for disease classification. Also, considering the modus operandi of neural network with
information passing through each layer and establishing connections within and between layers for
accurate prediction has been substantiated in many scholarly publications. The last learner is an ensemble
learning named Adaboost designed to improve the accuracy of weak classifiers by combining them into a
strong classifier. Each weak classifier sequentially focuses on the mistakes (misclassifications) of the
previous one. It relies on the adaptability of the boosting process, reducing the need for hyper parameter
tuning for the base models. The models and their hyper-parameters are reflected in Table 2. The resulting
effects of the performance of these learners are further evaluated using evaluated using common machine
learning metrics.
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S/n Learners Hyper-parameters

1 K-Nearest Neighbors

Number of neighbors = 5

Base metric = Euclidean distance

Weight = Uniform

2 Random Forest

Number of trees = 100

Number of attributes at each epoch = 4

Depth limit of trees = 10

3 AdaBoost

Base estimator = Tree

Number of estimators = 50

Learning rate = 1.0

Loss function = linear

4 Neural Network

Number of neurons = 10

Optimizer = Adam

Activation function = ReLU

Regression rate = 0.001

Maximum number of iterations: 200

TABLE 2: Optimized hyper-parameters in used machine learning models

Implementation
The implementation of this study with interface represented in Figure 4 is conducted on a LENOVO T410
PC, which operates on an Intel Core™ i5-5020U CPU at a frequency of 2.20 GHz, equipped with a 250GB
HDD, 4.0 GB of RAM, and a suite of installed software that includes the Microsoft Office Suite, Orange 3.8
data mining tool, and PyCharm software. Each of these components is utilized effectively for the
execution of this investigation. The implementation procedure commenced with the augmentation of
various classes of imbalanced data, achieving a standardized data size with equal quantities of
3,000 samples for each class, as illustrated in Figure 5. Table 3 shows the 10 most significant characteristic
features (components) of each image within the dataset are extracted and validated to ascertain their
impact on the dataset as represented in Table 2 and Figure 6.

FIGURE 4: Implementation interface of Machine Learners’ Performance
Analysis
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FIGURE 5: Sample size of real and augmented dataset

Component Image Feature Description

PC 1. Area of infected regions The total surface of plant tissues visibly affected by disease symptoms

PC 2. Number of spots or lesions The count of visible disease-affected areas

PC 3. Shape irregularity index A deviation of a lesion's shape from a perfect form

PC 4. Colour Correlation (GLCM) The changes in the pixel intensity patterns

PC 5. Excess Red Index (ERI) A highlights of red intensities in diseased plants

PC 6. Edge density The concentration of edges in diseased plant regions

PC 7. Perimeter of infected regions The quantifiers of  the boundary length of diseased areas

PC 8. Skewness score A measure of the asymmetry of pixel intensity distribution in diseased plant regions

PC 9. Aspect ratio The value of  the compared width to the height of infected regions in diseased plants

PC 10. Color entropy The measure of  randomness in the colours within an image

TABLE 3: Extracted image feature components

Moreover, the comprehensive nature of the dataset is evaluated through the feature statistics collected,
which are represented in Figure 7. Following a thorough assessment of the database and the image
features it comprises, training datasets encompassing 70% of the total dataset are presented to the
machine learners for iterative learning until the optimal set of hyper-parameter tuning is attained, thus
yielding the best performance outcomes. Upon the identification of the optimal hyper-parameters, as
delineated in Table 2, which were employed for training, a fresh set of undisclosed test datasets,
constituting 30%, was subsequently introduced to validate the learning experiences accrued by the
machine models, and the corresponding performance scores were compiled for comparative analysis and
evaluation. The performance metrics employed for the comparative analysis of learners include accuracy,
precision, recall, F-measure scores, and Matthews’s correlation coefficient (MCC) for the various
categories of cassava diseases. The mathematical formulations for these evaluation metrics are
represented in Equations 7-11, respectively.

 (7)

 (8)

 (9)
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 (10)

 (11)

where
TP = True Positives
TN = True Negatives
FP = False Positives
FN = False Negatives

Results
The findings produced in this investigation are compelling and merit particular attention. Initiating with
the outcomes obtained during the data preparation stage, as illustrated in Figure 4, it is evident that there
exist imbalanced classes of data pertaining to various cassava diseases. CMD is identified as the
predominant disease impacting cassava, thereby exhibiting the most substantial sample size of
2,648 diseased images, in contrast to the minimal augmented image count of 342 samples. This is
succeeded by cassava brown spot disease, which has a genuine image sample of 1,443, reflecting a
difference of 114 between the real images and the augmented samples. Other augmented images within
these categories consist of approximately 1,000-2,000 images to support the real images obtained. This
clearly signifies a scarcity of genuine data samples for the diagnosis of cassava diseases. The
results derived from the implementation are further depicted in Figures 6-13.

FIGURE 6: Gain ratio score of the image components
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FIGURE 7: Feature statistics of dataset principal components

 

FIGURE 8: Average performance score of learners on accuracy, F1-
score, and precision metrics
KNN, K-Nearest Neighbors
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FIGURE 9: Average performance score of learners on recall and MCC
metrics
KNN, K-Nearest Neighbors; MCC, Matthews’s Correlation Coefficient

FIGURE 10: K-fold validation assessment score of machine learners
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FIGURE 11: AdaBoost confusion matrix for cassava diagnosis

FIGURE 12: Random forest confusion matrix for cassava diagnosis

FIGURE 13: KNN confusion matrix for cassava diagnosis

Discussion
In the realm of image processing, various manipulation techniques are employed, including saturation
adjustments, brightness modifications, and both linear and horizontal flips. Moreover, specific salient
features pertinent to the diagnosis of diseased plants are ranked to illustrate their impact rating, as
depicted in Figure 6. At the forefront of this list is the number of spots or lesions on plants. A positive
correlation exists between the quantity of spots and the status of disease prediction in plants. An
aggregate ranking of 0.14 among the selected features underscores the preeminence of this characteristic
for the identification of diseased plant status. Additional features exerting significant influence include

Cureus Journal of Computer Science

2025 Onashoga et al. Cureus J Comput Sci 2 : es44389-025-03667-5. DOI https://doi.org/10.7759/s44389-025-03667-5 11 of 14

https://assets.cureusjournals.com/artifacts/upload/figure/file/13969/lightbox_3b0833f0148311f0abc80b0883e627ec-11.png
https://assets.cureusjournals.com/artifacts/upload/figure/file/13971/lightbox_69926b00148311f0adeb0fbd352614aa-12.png
https://assets.cureusjournals.com/artifacts/upload/figure/file/13972/lightbox_8a6ce8f0148311f08a97259bc6d44f54-13.png
javascript:void(0)


the shape irregularity index, the area of infected regions, and the Excess Red Index, which are assigned
values of 0.079, 0.06, and 0.056, respectively. The integration and comparison of the cumulative ranking
influence of these features for plant disease diagnosis demonstrate that these features can be utilized
autonomously or in conjunction with one or more of the remaining features to achieve precise disease
diagnosis.

Furthermore, it is noteworthy that the similarity score of 0.023 achieved by colour entropy and the
perimeter of infected regions in diseased plants indicates that both features may be interchangeable in
scenarios necessitating a reduced number of features. The lowest score of 0.017 among the features
pertains to colour correlation (GLCM), which reflects alterations in colour intensity patterns of diseased
plants and influences the efficacy of plant disease diagnosis. In Figure 7, the quality and validity of the
database employed in this study are assessed through statistical metrics, and the dataset is devoid of any
missing values across all features, with the highest mean, mode, and median ratings recorded for the
perimeter of infected regions, yielding scores of 0.63, 0.46, and 0.64, respectively. Additionally, the
dispersion scores range from 0.18 to 0.35. Subjecting this meticulously analyzed dataset and its features to
machine learning algorithms, utilizing optimal parameters as delineated in Table 2, produced outcomes as
illustrated in Figures 8-10. In Figure 8, three common metrics (accuracy, F1-score, and precision) are
documented, revealing that the highest scores of 99.7%, 99.6%, and 98.5% are, respectively, attained by
the random forest algorithm. This indicates that the random forest model emerges as the superior
classifier within the ensemble of algorithms. The AdaBoost classifier secures the position of the first
runner-up, achieving values of 99.5%, 98.6%, and 98.3%, thereby exceeding the performance of KNN,
which recorded values of 99.2%, 97.7%, and 97.2% for accuracy, F1-score, and precision, respectively.
Despite the neural network achieving commendable scores of 98.7% for both accuracy and F1-score, its
precision rate, quantified at 87.5%, renders it comparatively less effective than the other models assessed.

Moreover, the metrics pertaining to recall and MCC illustrate that random forest outperformed the other
classifiers, attaining values of 99.4% and 98.8%. AdaBoost similarly demonstrates a performance level
closely aligned with that of the random forest model. The lowest performance scores of 89.6% and 85.5%
were recorded by the neural network. A critical hyper-parameter examined in this study pertains to the
number of folds utilized by the learners. Each algorithm was evaluated under three distinct fold
configurations (5, 10, and 20) to assess performance concerning the diagnosis of cassava plant diseases.
The results, as illustrated in Figure 10, indicate that all algorithms exhibit optimal performance at the 20-
fold validation state, with scores ranging from 94.56% to 99.98% for the neural network and AdaBoost.
Notably, KNN attained the highest average rating score of 99.7% across the various fold validation states,
consistently maintaining scores exceeding 99% across each validation scenario. A comparative analysis of
the average performance ratings across the folds reveals that KNN, with a score of 99.7%, surpasses the
other learners. Random forest, AdaBoost, and the neural network achieved average scores of 99%, 98.6%,
and 94.2%, respectively, across the folds.

In addition, the performance results of the learners are depicted through confusion matrices, as presented
in Figures 11-13. Utilizing the AdaBoost learner for diagnostic purposes indicates that the classifications
for healthy plants and tuber rot disease of cassava were achieved with a prediction value exceeding 99%,
while bacterial leaf spot and mosaic disease exhibited equal prediction values of 98.9%. In contrast, brown
streak and green mite diseases demonstrated scores ranging from 91% to 91.6%. Both random forest and
KNN attained a perfect diagnostic score of 100% for bacterial leaf spot, as illustrated in Figures 12 and 13.
Among all the learning models assessed, the KNN model provided the most accurate diagnosis for brown
streak, achieving an accuracy score of 94.8%. AdaBoost recorded the highest diagnostic score of 98.1% for
green mite disease, whereas random forest and KNN achieved identical scores of 88.1%. The healthy
plants were diagnosed with accuracy rates ranging from 99.1% to 100% across the learners. AdaBoost
exhibited the lowest accuracy scores of 98.9% and 99.1% for mosaic and tuber rot diseases, respectively.
Remarkably, KNN surpassed its counterparts with a classification score of 99.8% for tuber rot disease,
while random forest achieved the highest rating score of 99.7% for the diagnosis of mosaic disease.

Conclusions
Implications for research and practice
This study provides key insights that are valuable for both the research community and practical
implementation in agriculture-based AI systems:

1. Feature Optimization for Accurate Diagnosis: The identification of high-impact features such as the
number of lesions, shape irregularity, infected area, and Excess Red Index demonstrates that effective
plant disease diagnosis can be achieved with a minimal yet optimized set of image features. This supports
the development of lightweight, efficient models suitable for real-world applications, especially in low-
resource settings.

2. Superior Performance of Ensemble Learning Models: Random forest and AdaBoost consistently
outperformed other classifiers across all evaluation metrics, including accuracy, precision, F1-score, and
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MCC. Their robustness makes them ideal candidates for deployment in automated plant disease
diagnostic systems, offering reliable, scalable solutions for farmers and agricultural stakeholders.

3. Scalability Through Model Generalization and Data Quality: The consistent performance improvements
at higher cross-validation folds and the use of a clean, well-distributed dataset affirm the importance of
data quality and validation strategy. These findings provide practical guidelines for building generalizable
models and designing scalable, high-accuracy diagnostic tools.

4. Disease-Specific Model Adaptation: Variation in model performance across different disease types
suggests that customized models tailored to specific cassava diseases (e.g., Brown Streak, Green Mite) can
enhance diagnostic precision. This paves the way for more targeted and reliable disease management
interventions.

Conclusively, the objectives of this research endeavor have been successfully attained through the
systematic analysis conducted by various machine learning algorithms aimed at accurately diagnosing
diseases in cassava plants to facilitate effective selection of base classifiers. This domain of machine
learning has been meticulously directed towards agricultural applications, particularly focusing on disease
diagnosis in the cassava plant, which is a staple crop widely consumed across Africa. An adequately
curated dataset of cassava plant images served as the foundational resource from which the derived
results were obtained, in conjunction with four distinct machine learning algorithms whose hyper-
parameters were meticulously optimized to achieve maximal performance. Through an array of
parameters and training sequences, complex yet comprehensive insights have emerged regarding the
efficacy of the machine learners. This further reinforces the premise that no singular model is universally
applicable across all contexts of plant disease diagnosis. The comparative analyses of the performances
elucidate the most versatile set of features, meta-parameters, and learning algorithms to be utilized as
base learners, with the primary objective of minimizing computational expenses for any proposed meta-
learning framework aimed at diagnosing cassava diseases in agricultural settings. Future investigations in
this area will endeavor to leverage automated classifier evaluation of selected features and hyper-
parameters for disease diagnosis, while substantially reducing computational costs, optimizing memory
usage, and enhancing accuracy.

Appendices
Data Source: Cassava Image Dataset for Meta-Learning.

Available at: https://www.kaggle.com/datasets/femijohnson/cassava-image-dataset
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