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ABSTRACT
Coffee, the world’s most traded tropical crop, is vital to the economies of many
producing countries. However, coffee leaf diseases pose a serious threat to coffee
quality and sustainable production. Deep learning has shown strong performance in
plant disease identification through automatic image classification. Nevertheless,
reliance on a single convolutional neural networks (CNNs) architecture restricts
feature variability and real-world generalization. Moreover, limited work has
systematically combined feature selection/reduction with CNNs, which constrains
the advancement of hybrid models capable of capturing complementary features
while ensuring computational efficiency without accuracy loss. This article presents
an enhanced deep learning-based framework for coffee disease classification
incorporating a hybrid strategy that integrates CNNs and advanced feature selection
algorithms. GoogLeNet and ResNet18 are paired for complementary feature
extraction, Principal Component Analysis (PCA) and Singular Value
Decomposition (SVD) are employed for dimensionality reduction, and ANOVA and
Chi-square are applied to select the most informative features. An Adam optimizer
(learning rate = 0.001, batch size = 20, epochs = 50) with early stopping is used for
training. Experiments on the BRACOL dataset achieved 99.78% accuracy, with
precision, recall, and F1-score all exceeding 99% across classes. To the best of our
knowledge, this study systematically integrates GoogLeNet and ResNet18 with
PCA/SVD dimensionality reduction and analysis of variance (ANOVA)/Chi-square
feature selection, for coffee disease classification, thereby addressing a key gap in
prior research.
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INTRODUCTION
The world’s food security depends on agriculture, which includes the production of crops
and livestock. However, this sector still faces challenges because plant diseases are a major
threat to agricultural productivity. In addition to decreasing crop yields and jeopardizing
the rustling of produce, these diseases damage the economic foundations of farming
communities. Coffee plant diseases, particularly coffee leaf rust (Department of Primary
Industries and Regional Development, 2021), have become a major concern among these
challenges due to their substantial impact on coffee production.

One of the most widely consumed beverages worldwide and a significant agricultural
product, coffee contributes significantly to both the national and international economies
(Lu, Tan & Jiang, 2021). Coffee leaf rust is a destructive fungal disease that primarily affects
Arabica coffee and has historically caused large financial losses (Kongsom & Panyakul,
2016; Ditlevsen, Sandøe & Lassen, 2019). Coffee leaf rust was first discovered in the 19th
century and used in Arabica coffee plantations to be replaced with tea, highlighting the
significant influence of these diseases (Oliveira et al., 2014).

Despite advancements in creating rust coffee varieties and enhancements in technology,
coffee leaf rust continues to lead to production decreases of 20% or higher in affected
regions (ICO, 2021;Mokhtar et al., 2015; Hossain, Hossain & Rahaman, 2019; Senanayake
& Maduranga, 2023). Traditional disease management methods, such as crop rotation,
chemical treatments, and the use of resistant cultivars, offer few and often reactive
solutions. There is an urgent need for more proactive and effective disease management
strategies, given the rising demand for coffee globally.

Recent advancements in Artificial Intelligence (AI), particularly in machine learning
(ML) and deep learning, offer promising improvements to current strategies for early
disease identification and management (Binney & Ren, 2022). Deep learning has achieved
great progress for plant disease detection in recent years, allowing automatic and very
efficient classification of crop images. Most existing approaches, however, adhere to a
single convolutional neural network (CNN) architecture, which limits the variability of the
extracted features and can undermine generalizability to real-world scenarios (de Oliveira
Aparecido et al., 2020). Furthermore, while some work employ feature selection or
dimensionality reduction, very few integrate these processes with deep CNN architectures
in a systematic, optimized fashion. This leaves a gap in developing hybrid models that can
capture complementary feature representations while mitigating computational
complexity without sacrificing accuracy.

To address these limitations, we propose a combination strategy of GoogleNet and
ResNet18 for joint feature extraction with combined GoogleNet and ResNet18 features,
and Principal Component Analysis (PCA) and Singular Value Decomposition (SVD) for
effective dimensionality reduction. Our contributions are:

. New CNN combination approach to a more expressive and richer feature description.

. Iteratively adjusted PCA and SVD parameters to provide the best accuracy-efficiency
trade-off. The integrated features were processed using ANOVA and chi-square to
identify redundant attributes and retain only the most informative ones.
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. Extensive testing of the proposed framework on different metrics (accuracy, precision,
recall, F1-score) and statistical testing for significance to validate superiority over
baseline models.

. Testing generalizability through a fixed train-test split was used, and assessment on
real-world data beyond the BRACOL dataset.

The feature extraction techniques for feature reduction are first optimized for the
classification process, and then the performances of PCA and SVD are compared. ANOVA
and chi-square tests for feature selection are then performed. The purpose of this study is
to gain a better understanding of these aspects to develop more robust and accurate disease
classification models. The importance of this research is to apply these state-of-the-art
techniques to improve the state of the art in coffee disease detection and thereby enhance
disease management and support the stability of coffee economies.

MATERIALS AND METHODS
Computing infrastructure:

Operating System: Nova Gaming GPU-Windows 11
Hardware Specifications: Intel Core i7, 16 GB RAM
Programming Language: Matlab 2023b

Dataset and availability
We utilized the BRACOL dataset, a publicly available dataset of coffee leaf images. The
dataset can be accessed at the following DOI: (https://data.mendeley.com/datasets/
c5yvn32dzg/2).

Implementation and code availability
All implementation details, including preprocessing scripts, model training, and evaluation
codes, are available in the following GitHub repository: (https://github.com/
DrMaherAlrahhal/coffe-code). The repository includes a README file providing
step-by-step instructions for reproducing the experiments.

The feature selection and dimensionality reduction were first performed using PCA and
SVD, with a 99% variance retention threshold. This threshold was determined through
iterative experiments to ensure an optimal balance between classification accuracy and
computational efficiency. Following the integrated features were processed using ANOVA
and chi-square to prune redundant attributes and retain only the most informative ones.

RELATED WORK
The following categories apply to the corpus of research related to coffee disease diagnosis
using state-of-the-art computational methodologies and ML:

Integration of big data and advanced technologies in agriculture: Kittichotsatsawat,
Jangkrajarng & Tippayawong (2021) discussed the use of big data and advanced
technologies in agriculture, highlighting the substantial deficiency in the application of big
data to coffee cultivation. Though big data is expected to bring about a revolution in
agriculture, it is not being adequately applied to coffee cultivation. This is indicative of

Ardah et al. (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3386 3/29

https://data.mendeley.com/datasets/c5yvn32dzg/2
https://data.mendeley.com/datasets/c5yvn32dzg/2
https://github.com/DrMaherAlrahhal/coffe-code
https://github.com/DrMaherAlrahhal/coffe-code
http://dx.doi.org/10.7717/peerj-cs.3386
https://peerj.com/computer-science/


further effort being required for the adoption of such technologies in agriculture for the
enhancement of efficiency and supply chain management.

Computational techniques for coffee disease detection: Sorte et al. (2019) created a
computer-based system that can detect coffee leaf diseases with 95.24% accuracy. Their
research demonstrates the efficacy of computational tools in early disease detection and
management, emphasizing their potential to boost coffee crop productivity and quality.

ML algorithms for disease classification: Esgario, Krohling & Ventura (2020) confirmed
the value of deep convolutional networks in addressing challenging classification problems
by using the ResNet50 architecture for coffee leaf disease classification. By applying
machine learning techniques and combining ML with correlation analysis of infection
rates with weather patterns, de Oliveira Aparecido et al. (2020) came up with a solution to
the disease and pest problems in agriculture. Additionally, Novtahaning, Shah & Kang
(2022) used an ensemble approach to combine multiple models, such as VGG-16,
ResNet-152, and EfficientNet-B0, with an accuracy of 97.31%. This demonstrates how
ensemble approaches can greatly improve disease detection performance.

Feature engineering methods: Esgario, Krohling & Ventura (2020) also contrasted with
the VGG-16 and ResNet50 models to predict the severity of the disease and biotic stress in
coffee, and they recorded 95.47% and 95.63% accuracy, respectively. Binney & Ren (2022)
also showcased the advantages of transfer learning utilizing ResNet-121 and VGG19 with
95.44% and 99.36% accuracy, respectively. The studies identify the huge effect of transfer
learning and different CNN models on accuracy for classification. Jepkoech et al. (2021)
proposed datasets titled Influence that used Arabica coffee leaves. A Deep CNN was used
by Lisboa, Lima & Queiroz (2021) to identify and recognize coffee leaf disease and
determine the severity of the disease.

Hybrid approaches and practical uses: Ayikpa et al. (2022) achieved an accuracy of
97.37% by combining deep learning and traditional machine learning techniques using the
JMuBEN dataset. The best aspects of both methods are combined in this hybrid strategy to
improve classification performance. However, Kumar, Gupta & Madhav (2020) presented
a CNN model based on transfer learning to reduce training time.

Yamashita & Leite (2023) created a low-cost microcontroller board with 98% and 94%
accuracy for on-site disease classification. Their work highlights the useful applications of
cutting-edge technology in agriculture and emphasizes the significance of real-time,
reasonably priced solutions for farmers.

Nevertheless, Yebasse et al. (2021) introduced a novel method that questions the “black
box” characteristics typical of disease recognition systems in traditional approaches by
integrating visualization techniques into disease identification methods. Chowdhury (2021)
used an extensive preprocessing methodology in their study, where dimensions and
filtration were part of the main steps. It was aimed at image preprocessing; the
pre-processed images were used to extract the main feature function, and this extraction
function was retrained with ML algorithms. Also, Deng (2020) classified the coffee leaf
images into multiple classes, namely Healthy, four levels of rust, and red spider mite
infestation in their research. The preliminary test included trying different neural
networks. Accuracy rates of only 40.3% and 59.4% for the fully connected neural network
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and transferred CNN, which was inspired by the AlexNet model, were obtained,
respectively. Table 1 provides a summary of the articles on related work presented.

The reviewed studies highlight several important gaps and opportunities for further
research:

• Big data integration: To fully harness the transformative potential of big data
technologies in coffee cultivation, there is a pressing need to improve their integration.

• Model practicality: While deep learning and computational models show high
accuracy, additional research is necessary to understand their practical application in
real agricultural environments.

• Hybrid approaches: Combining deep learning and conventional machine learning
methods can improve performance, but striking the correct balance between
interpretability and model complexity remains difficult.

• Real-time solutions: For efficient disease management, especially in environments
with limited resources, affordable, real-time classification tools are essential. This
study addresses these research gaps by examining how pre-trained CNN architectures,
feature reduction tactics, and feature selection techniques impact coffee disease
classification. Our research seeks to bridge the gap between state-of-the-art machine
learning models and their practical application in agriculture by developing feature
extraction and selection techniques.

Table 1 Summary of articles presented in related work.

Study Methodology Advantages Disadvantages

Binney & Ren (2022) Transfer learning with ResNet-121 and
VGG19 architectures

Achieves high accuracies (95.44% and
99.36%); demonstrates the
effectiveness of transfer learning

Transfer learning effectiveness may vary
depending on the dataset and model
parameters

Kittichotsatsawat,
Jangkrajarng &
Tippayawong
(2021)

Integration of big data and advanced
technologies in agriculture

Highlights the potential of big data
for optimizing agricultural practices

Limited to specific datasets; scalability and
real-world applicability not fully explored.

Sorte et al. (2019) Computational system for detecting
coffee leaf diseases

High accuracy (95.24%) in disease
identification demonstrates
potential for early disease detection

Limited to specific datasets; scalability and
real-world applicability not fully explored

Esgario, Krohling &
Ventura (2020)

ResNet50 architecture for coffee leaf
disease classification

Effective in handling complex
classification tasks; demonstrates
the capability of deep CNNs

Focus on a single model; lacks exploration of
alternative architectures or hybrid
approaches

Novtahaning, Shah
& Kang (2022)

Ensemble approach combining
EfficientNet-B0, ResNet-152, and
VGG-16 models

Achieves high accuracy (97.31%);
demonstrates benefits of model
combination

Increased computational complexity may be
less efficient for real-time applications

Esgario, Krohling &
Ventura (2020)

Comparison of VGG-16 and ResNet50
for disease severity classification

High accuracy (95.47% and 95.63%);
shows the versatility of deep
learning architectures

Focuses only on classification accuracy; lacks
real-world implementation considerations

Ayikpa et al. (2022) Hybrid approach combining
traditional ML and DL techniques
using the JMuBEN dataset

High accuracy (97.37%); leverages
strengths of both traditional ML
and deep learning

The complexity of hybrid models may hinder
practical implementation; may require
extensive computational resources

Yamashita & Leite
(2023)

Low-cost microcontroller board for
on-site disease classification using
BRACOL and LiCoLe datasets

Real-time, affordable solutions for
farmers; practical for on-site disease
detection

Limited to specific datasets; may not be
generalizable across different environments
and crop diseases
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The proposed method was evaluated using a train-test technique with a 70–30 split.
Performance metrics, including accuracy, precision, recall, F1-score, and receiver
operating characteristic area under the curve (ROC-AUC), were used to assess model
performance.

Assessment metrics
To evaluate the performance of our model, we employ the standard confusion matrix
technique, which serves as the foundation for several key performance metrics (Alrahhal &
Supreethi, 2020; Alrahhal & KP, 2021a; Rawia et al., 2023; Alrahhal & KP, 2021b), as
shown below.

Accuracy (Ac): Proportion of correctly classified samples.

Ac ¼ TPþ TN
TPþ TNþ FPþ FN

: (1)

Error rate (ER): The proportion of incorrectly classified instances.

Er ¼ FPþ FN
TPþ FPþ FNþ TN

: (2)

Precision (P): Proportion of true positives among predicted positives.

Pr ¼ TP
TPþ FP

: (3)

Recall (R): Proportion of true positives among actual positives.

Re ¼ TP
TPþ FN

: (4)

Specificity (SP): Proportion of true negatives among actual negatives.

Sp ¼ TP
TNþ FP

: (5)

Area under the curve (AUC): Performance of a binary classifier, measured by the area
under the ROC curve. AUC value ranges from 0 to 1, indicating perfect classification.

F Measure (FM): Harmonic mean precision and recall.

F-Measure ¼ 2� precision � recall
precision þ recall

� �
: (6)

Training time : Duration is required to train the model on the dataset.
Testing time : Duration required to evaluate the model on a new dataset.

METHODOLOGY
This article provides an integrated methodology for building and evaluating a classification
model by combining pre-trained CNNs with feature extraction, feature fusion, feature
selection, dimension reduction, and SVM classification, as shown in Fig. 1. The following
are the sequential steps in the proposed methodology:

1. Dataset preparation: The images are resized to a standard size, which ensures
uniformity in the dataset and fits the model’s input requirements. The pixel values are
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then normalized, typically by scaling them to a particular range, to improve
computational efficiency and model performance. The images can then be converted
to grayscale, reducing the complexity of the data without the loss of essential structural
and textural features. Images were resized to meet the input requirements of both
ResNet18 and GoogleNet. Uniform preprocessing was applied across all models.

2. Transfer learning implementation: The final layers of the pre-trained CNNs were
substituted to match the number of target classes to enable transfer learning from big
datasets to the target classification task.

3. Training parameters: 70% of the data set is used for training and 30% for testing. The
models are enhanced in terms of classification performance and generalization to new
data by optimizing parameters on the training set. The model was trained on the
model with the Adam optimizer, 0.001 learning rate, batch size of 20, and trained for
50 epochs. Early stopping when validation accuracy was not getting better for 10
consecutive epochs, and learning rate decay of 0.1 after 15 non-improving epochs.

4. CNN combination rationale: GoogleNet learns multi-scale spatial features through
inception modules, while ResNet18 learns deep hierarchical features with residual

Figure 1 Flowchart of proposed model. Full-size DOI: 10.7717/peerj-cs.3386/fig-1
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connections to avoid vanishing gradients. Complementarity arises from blending
them and boosts robustness and accuracy.

5. Feature extraction and fusion: Features were extracted from the fourth-to-last layer of
each CNN. The features were fused to form an integrated feature set that represents a
very broad range of visual features. In this integration, multiple feature representations
are learned to increase the overall robustness and performance of the classification
engine.

6. Feature selection: The integrated features were subjected to ANOVA and chi-square
pruning to retain the most informative features and eliminate redundancy.

7. Dimensionality reduction: PCA and SVD were employed with a 99% variance
retention level, which was decided in iterative experiments to achieve a balance
between accuracy and efficiency.

8. SVM classification: Gaussian RBF, polynomial, quadratic, and linear kernel SVM
classifiers were tuned using a fixed train-test split (70–30%). The best-performing
kernel was used for the final evaluation.

9. Data splitting strategy: 70% of the data was utilized for training, and 30% for testing
using stratified sampling. Additionally, a fixed train-test split was used to avoid
instability and overfitting.

10. Evaluation metrics: Model performance was assessed using accuracy, precision, recall,
F1-score, AUC-ROC, and confusion matrices for all multi-class experiments.

By using this structured approach, it is possible to integrate deep-learning-based feature
extraction, feature selection, and SVM-based classification to build a well-optimized and
computationally efficient classification model.

Pre-trained CNN models
Due to the deep learning advances of recent years, CNNs have become extremely
important in realizing state-of-the-art results for various tasks. In this section, we will
describe a few popular CNN architectures-EfficientNet, GoogLeNet, ResNet-18,
ResNet-50, and ShuffleNet. EfficientNet (Giroti et al., 2023) is an important step in
capacity estimation between accuracy and computational efficiency.

The model makes use of compound scaling, which scales depth, width, and resolution
uniformly in the network, trading off model performance with resources. This method
boosts accuracy with a lower computation cost. Additionally, EfficientNet requires
compounded hyperparameter tuning, making it both memory-intensive and resource-
demanding.

GoogLeNet (Inception VI) from Google and published in 2014 brought significant
architectural enhancements in CNN (Szegedy et al., 2015) architecture, focusing on
efficiency and speed. GoogLeNet lowers the number of parameters compared to its earlier
counterparts, such as AlexNet and OxfordNet with a novel design that minimizes the
calculations. Subsequently, traces of development in neural architecture were drawn from
the parameter efficiency of GoogLeNet.
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The Microsoft ResNet-18 and ResNet-50 (Tang & Teoh, 2023; Hanne et al., 2022) give
rich attention to deep residual learning. The skip/connections allow the networks to bypass
the intermediate layers so that the gradient can flow better during backpropagation and
reduce vanishing gradients. This favors better training efficiency and accuracy while
consuming a heap of computational and memory resources.

ShuffleNet (Yumang et al., 2023) maintains computation and memory efficiency while
still guaranteeing accuracy. The structure uses group convolution and channel shuffling as
means to deal with the computational burden. Group convolution reduces the operations
by dividing input channels into groups, while channel shuffling improves performance by
rearranging channels. In this work, we will perform feature extraction using these
pre-trained convolutional neural network models, as discussed in Table 2.

For stability and convenience, we train the CNN models for 50 epochs at a constant
learning rate of 0.01. Stable and repeatable results are produced by the fixed learning rate,
which avoids the instability brought on by dynamic changes.

Support vector machine
One of the most widely used techniques in machine learning is SVM (Cortes & Vapnik,
1995). In a generalized high-dimensional space, SVM finds the optimal hyperplane to
divide various classes of data points (Liu et al., 2015). The transformation process allows
for discerning complex relationships and patterns in data, which makes SVM very effective
in many applications (Cristianini & Shawe-Taylor, 2014).

Gaussian SVM: medium, coarse, and fine variants
Here, we consider the Gaussian kernel (radial basis function), which is the most popular
due to its versatility in coping with non-linear data. Equation (7) provides the Gaussian
kernel’s mathematical expression.

G xi; xj
� � ¼ exp

kxi � xjk2
2s2

 !
¼ exp �rkxi � xjk2

� �
(7)

where σ is the width of the kernel and determines the flexibility of the decision boundary.
The very small σ gives overfitting, where a model memorizes noise in the data, and very
large σ value underfitting where the model fails to capture data complexity. Hence,
choosing a suitable kernel width is important. For different versions of Gaussian SVM, the
kernel scaling parameter r corresponds to σ\sigmaσ.

Table 2 Extracted features layer, number of layers and size of features for each pre-trained CNN model.

Pre-trained CNN models Number of layers Extracted features layer Size of features

Efficientnetb0 290 efficientnet-b0|model|head|global_average_pooling2d|GlobAvgPool 1,280

GoogleNet 144 pool5-drop_7 × 7_s1 1,024

ResNet50 177 avg_pool 2,048

ResNet18 71 pool5 512

Shufflenet 172 node_200 544
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The parameter r is defined for fine, medium, and coarse Gaussian SVMs as follows:
rfG ¼ ffiffiffiffiffiffiffiffi

p=4
p

, for fine Gaussian
rmG ¼ ffiffiffi

p
p

, for a medium Gaussian
rcG ¼ 4

ffiffiffi
p

p
, for coarse Gaussian

p represents the number of attributes or the dimension of x1. These various Gaussian
kernels demonstrate differing levels of algorithmic classification complexity.

. Fine Gaussian: It can be used in cases where there is a need to classify data with
complicated decision surfaces.

. Medium Gaussian: It is well-suited to the classification of moderately complex data and
provides a compromise between flexibility and simplicity.

. Coarse Gaussian: Effective for low-complexity data, providing a simpler decision
boundary.

The selection of the Gaussian kernel needs to be made depending on the complexity of
the data, as well as the application needs.

Cubic SVM
Cubic SVM is another type of SVM that uses a cubic kernel function. This kernel type is
useful when the decision boundary has a polynomial nature. The cubic kernel is
represented as Eq. (8).

K xi; xj
� � ¼ xi

Txj þ 1
� �3

: (8)

Cubic SVM proves helpful in situations where there is a need to capture other higher-level
relationships between data points. While it might take a big toll on performance
compared to linear kernels, Cubic SVM is useful for stressing the need to tilt the complex
patterns without needing the performance overhead of using sophisticated kernels like
Gaussian RBF.

Linear SVM
Linear kernels are the basic types of SVM kernels and are normally used when the data is
already in a linearly separable form. The linear kernel calculates the inner product of two
vectors, xi, and xj, with an optional constant b, as shown in Eq. (9):

Khxi; xji ¼ xi
T � xj þ b: (9)

This kernel computes the angles between two data points by taking into account the
distance between them. Linear SVM tries to be fast and is usually employed for
non-complicated large-scale datasets. It does not excel when the data is not linearly
separable.

Quadratic SVM
Quadratic SVM uses polynomial kernels of degree two, which makes it effective for capturing
quadratic features of the data. The quadratic kernel is expressed as shown in Eq. (10):

K xi; xj
� � ¼ 1� kxi � xjk2

kxi � xjk2 þ b
: (10)
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Compared to the Gaussian kernel, this kernel is less costly in terms of computation and is,
therefore, more ideal for application areas, which may otherwise be prohibitive with
Gaussian kernels.

Because quadratic forms have important data characteristics, quadratic SVM is widely
used in image perception and speech recognition.

Dimensionality reduction and its impact on SVM
The effectiveness of SVM, like most machine learning techniques, is directly affected by
these two features of the dataset: the number of dimensions (d) of the input variables and
the number of samples (n). In comparison to low-dimensional ones, high-dimensional
datasets usually increase the algorithm’s complexity and may be detrimental to its
performance. For this reason, the first step with SVM is usually to apply some sort of
dimensionality reduction technique like PCA or feature selection. Especially with many
features, overfitting is a concern with SVM, and dimensionality reduction helps counter
this as well.

Feature selection methods
Feature selection is important for every machine learning framework, and it can be tricky
to find which input variables can produce good predictions for the problem. Reducing the
set of attributes through feature selection improves overfitting and model performance and
simplifies result interpretation.

Analysis of variance
Analysis of variance (ANOVA) (Singh, Kumar & Sagar, 2021) is a statistical approach used
to work out whether there are significant differences among the means of two or more data
sets. When it comes to feature selection, ANOVA effectively identifies not
just usable features but highly relevant features that strongly correlate with the target
variable.

Chi-square
The chi-square is a statistical method used by researchers to understand the relationship
between two variables (Pan, Liu & Liu, 2020). The chi-square is sometimes used in feature
selection to determine how well a feature by itself correlates with the target variable. If a
feature’s chi-square value is high, it indicates that the feature probably offers valuable
insight into the target variable.

Feature reduction methods
Feature reduction techniques play a vital role in reducing the original set of attributes to a
reduced set of features that retain relevant information and reduces redundant
information. This not only reduces the dimensionality of the data, which allows you to
build a sparser logic model, but also increases the accuracy and computer efficiency of your
ML models. PCA and SVD are the two prevalent feature reduction techniques that we
utilize in this work.
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Principal component analysis
A statistical method called principal component analysis (PCA) (Zeng & Lou, 2020) can
reduce the dimension of large data sets with numerous variables without sacrificing
important information. It is common practice to normalize data when scores on
certain variables fall on different scales. The next step is to compute a covariance matrix in
PCA to express data regarding the relationships between variables. The principal
components—new uncorrelated variables that represent the directions of
maximum variance in the data—are identified by calculating the eigenvalues and
eigenvectors. Effectively reducing the dimensionality of this dataset is achieved by selecting
principal components and projecting the data into these additional projections.

Unified value decomposition or SVD
By breaking down a matrix into its parts, SVD (Yan et al., 2021) is a matrix factorization
that reveals the underlying data structure.

RESULTS
Our GoogLeNet-ResNet18 hybrid method addresses a main gap in the literature through a
synergistic combination of multiscale (Inception units) and residual features, rather than
addressing them separately. The proposed framework achieved 99.78% accuracy through
robust feature extraction and testing on actual data beyond the BRACOL dataset.
Moreover, we employed PCA/SVD fusion as feature concatenation, while ANOVA and
chi-square are enhanced feature selection methods that improve model performance.

DATABASE utilized
The RoCoLe coffee leaf image dataset (Parraga-Alava et al., 2019), was used in this study to
perform binary and multi-class classification tasks in this study. The dataset consists of
1,560 coffee leaf images divided into healthy and unhealthy coffee leaves. The dataset is
divided into 791 healthy and 769 unhealthy leaves, forming a binary classification. The
unhealthy leaves are then classified into five different classes (Rust Level 1 (RL1), Rust
Level 2 (RL2), Rust Seated Level (RL3), Rust Level 4 (RL4), and Red Spider Mite (RSM).

Binary classification
First experiment
We examined individual CNN models, which use metrics like accuracy, recall, specificity,
precision, F-measure, and training time to evaluate the performance of different CNN
models (EfficientNetB0, GoogLeNet, ResNet50, ResNet18, and ShuffleNet). With an
emphasis on important metrics like accuracy, training time, AUC-ROC, recall, specificity,
precision, and F-measure, Table 3 compares the classification performance of several
machine learning models.

In Table 3 it shows that EfficientNetb0 performs in a well-balanced manner, while
GoogleNet stands out with the highest accuracy. ShuffleNet does well but has somewhat
lower metrics, while ResNet50 and ResNet18 show comparable accuracy. While training
times vary, GoogleNet is comparatively quicker. AUC-ROC values highlight the
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significance of considering a variety of metrics for a thorough assessment and indicate
good overall model performance.

Second experiment
We extracted features for all images in the dataset from different layers of CNN models, as
explained in Table 2. Then we trained SVM kernels (coarse Gaussian, cubic, fine Gaussian,
linear, medium Gaussian, and quadratic) for each pre-trained model and studied the
performance of this classifier. A thorough examination of the classification performance
trained on the CNN models-based feature extraction is shown in Table 4. As inputs to the
SVM, this classification model uses a variety of kernel functions for representation
learning. With a remarkable 99.8% AUC and 98.07% accuracy using a variety of SVM
kernels (cubic, linear, and quadratic), GoogleNet notably outperforms other techniques.
Following closely is ResNet18, attaining a 97.64% accuracy with a linear SVM kernel and a
commendable training time. Efficientnet, ShuffleNet and ResNet50 are promising models
with good performance.

Third experiment
In this phase of experimentation, the features that were gotten from pairs of CNNs models
were combined to have new feature sets. Next, we trained SVMs with different kernels
applied to every combined model shown in Table 5. The highest accuracy was achieved by
the combination of GoogleNet with ResNet18, which reached 99.14% for both kernels
(linear and quadratic) among all combinations studied. Using a linear SVM to detect coffee
leaf disease in 3.804 s, the proposed model demonstrated notable improvements,
particularly in terms of training time. Furthermore, the model showed remarkable
accuracy with a relatively small number of features by exhibiting the following feature
dimensions for various model combinations: EfficientNetb + GoogleNet (2,304),
EfficientNetb + ResNet18 (1,792), EfficientNetb + ResNet50 (3,328), EfficientNetb +
ShuffleNet (1,824), GoogleNet + ResNet18 (1,536), GoogleNet + ResNet50 (3,072),
GoogleNet + ShuffleNet (1,568), ResNet18 + ResNet50 (2,560), ResNet18 + ShuffleNet
(1,056), and ResNet50 + ShuffleNet (2,592) features. This illustrates the effectiveness of the
proposed model in classifying images of coffee leaves with smaller feature sizes.

Fourth experiment
We analyze our proposed model (GoogleNet + ResNet18) with feature reduction
techniques, PCA, and SVD, in combination with various SVM kernels, as shown in

Table 3 Comparative classification performance of various pre-trained CNN models on the binary
database.

Accuracy % Training time AUC-ROC Recall Specificity Precision F-measure

Efficientnetb0 88.88 21 min 34 s 88.83 0.844 0.932 0.924 0.882

GoogleNet 93.16 12 min 18 s 93.13 0.905 0.958 0.954 0.929

Resnet50 92.3 16 min 18 s 92.28 0.905 0.941 0.937 0.921

Resnet18 92.3 12 min 3 s 92.26 0.887 0.958 0.953 0.919

Shufflenet 91.02 11 min 53 s 90.97 0.866 0.954 0.948 0.905
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Table 4 Results for pre-trained CNN models with different SVM Kernels for binary classification.

SVM Accuracy Training time AUC Recall Specificity Precision F-measure

EfficientNetb0 Linear 95.07% 7.9281 0.9911 0.922 0.979 0.977 0.949

Quadratic 94.22% 6.4889 0.9897 0.913 0.97 0.968 0.94

Cubic 94.00% 10.777 0.9896 0.909 0.97 0.968 0.938

Fine Gaussian 52.89% 10.566 0.8608 0.048 0.996 0.917 0.091

Medium Gaussian 95.50% 10.395 0.9905 0.935 0.975 0.973 0.954

Coarse Gaussian 94.22% 10.677 0.9893 0.887 0.996 0.995 0.938

GoogleNet Linear 98.07% 3.6647 0.9979 0.965 0.996 0.996 0.98

Quadratic 98.07% 5.9587 0.9982 0.974 0.987 0.987 0.98

Cubic 98.07% 5.6103 0.998 0.97 0.992 0.991 0.98

Fine Gaussian 64.45% 5.387 0.9622 0.283 0.996 0.985 0.44

Medium Gaussian 97.00% 5.2238 0.9957 0.97 0.97 0.97 0.97

Coarse Gaussian 98.07% 5.0248 0.9979 0.961 1 1 0.98

ResNet50 Linear 97.43% 4.9695 0.9939 0.961 0.987 0.987 0.974

Quadratic 97.22% 9.8943 0.9935 0.957 0.987 0.987 0.972

Cubic 97.22% 9.4065 0.9937 0.961 0.983 0.982 0.971

Fine Gaussian 53.75% 18.223 0.941 0.061 1 1 0.115

Medium Gaussian 97.43% 8.2295 0.9918 0.965 0.983 0.982 0.973

Coarse Gaussian 97.00% 8.2277 0.9928 0.952 0.987 0.986 0.969

ResNet18 Linear 97.64% 2.8068 0.9945 0.965 0.987 0.987 0.976

Quadratic 97.43% 3.5247 0.994 0.965 0.983 0.982 0.973

Cubic 97.22% 3.1817 0.9929 0.961 0.983 0.982 0.971

Fine Gaussian 54.18% 2.9716 0.968 0.074 0.996 0.944 0.137

Medium Gaussian 97.43% 2.8248 0.9941 0.965 0.983 0.982 0.973

Coarse Gaussian 97.22% 4.1663 0.9958 0.961 0.983 0.982 0.971

ShuffleNet Linear 96.15% 3.0525 0.9935 0.939 0.983 0.982 0.96

Quadratic 96.36% 1.4526 0.9931 0.943 0.983 0.982 0.962

Cubic 95.93% 3.1126 0.9935 0.939 0.979 0.977 0.958

Fine Gaussian 53.10% 2.9357 0.9272 0.048 1 1 0.092

Medium Gaussian 96.36% 2.7674 0.9945 0.948 0.979 0.978 0.963

Coarse Gaussian 95.50% 2.6001 0.9943 0.926 0.983 0.982 0.953

Table 5 Results obtained using combining each two CNN models with SVM kernels for binary classification.

SVM ACC Training time AUC Recall Specificity Precision F-measure

EfficientNetb
+GoogleNet

Linear 97.64% 16.883 0.9976 0.957 0.996 0.995 0.976

Quadratic 97.22% 22.706 0.9964 0.952 0.992 0.991 0.971

Cubic 97.22% 20.624 0.9962 0.952 0.992 0.991 0.971

Fine Gaussian 54.39% 43.765 0.9474 0.074 1 1 0.138

Medium Gaussian 97.86% 20.529 0.995 0.965 0.992 0.991 0.978

Coarse Gaussian 97.43% 21.136 0.999 0.948 1 1 0.973
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Table 5 (continued)

SVM ACC Training time AUC Recall Specificity Precision F-measure

EfficientNetb
+ResNet18

Linear 98.50% 7.4026 0.996 0.978 0.992 0.991 0.984

Quadratic 98.07% 12.128 0.9958 0.974 0.987 0.987 0.98

Cubic 97.86% 10.234 0.9951 0.974 0.983 0.982 0.978

Fine Gaussian 53.53% 12.839 0.9453 0.061 0.996 0.933 0.115

Medium Gaussian 97.86% 9.7431 0.9943 0.97 0.987 0.987 0.978

Coarse Gaussian 97.86% 12.693 0.9962 0.965 0.992 0.991 0.978

EfficientNetb
+ResNet50

Linear 97.43% 14.563 0.9972 0.961 0.987 0.987 0.974

Quadratic 98.29% 18.382 0.9976 0.974 0.992 0.991 0.982

Cubic 98.07% 16.172 0.9977 0.965 0.996 0.996 0.98

Fine Gaussian 53.75% 43.115 0.8904 0.061 1 1 0.115

Medium Gaussian 97.64% 22.693 0.9955 0.965 0.987 0.987 0.976

Coarse Gaussian 96.57% 23.699 0.9954 0.935 0.996 0.995 0.964

EfficientNetb
+ShuffleNet

Linear 97.00% 7.938 0.9979 0.961 0.979 0.978 0.969

Quadratic 97.22% 14.691 0.9978 0.97 0.975 0.974 0.972

Cubic 96.57% 12.582 0.9969 0.961 0.97 0.969 0.965

Fine Gaussian 54.39% 15.112 0.9285 0.078 0.996 0.947 0.144

Medium Gaussian 96.36% 11.388 0.9971 0.957 0.97 0.969 0.963

Coarse Gaussian 95.07% 11.969 0.9964 0.922 0.979 0.977 0.949

GoogleNet
+ResNet18

Linear 99.14% 3.8048 0.9992 0.987 0.996 0.996 0.991

Quadratic 99.14% 6.343 0.9991 0.987 0.996 0.996 0.991

Cubic 98.50% 7.892 0.9991 0.978 0.992 0.991 0.984

Fine Gaussian 54.60% 10.531 0.9761 0.078 1 1 0.145

Medium Gaussian 98.29% 6.5486 0.9974 0.978 0.987 0.987 0.982

Coarse Gaussian 98.07% 6.5653 0.9989 0.97 0.992 0.991 0.98

GoogleNet
+ResNet50

Linear 98.93% 11.696 0.9994 0.983 0.996 0.996 0.989

Quadratic 99.14% 15.925 0.9992 0.983 1 1 0.991

Cubic 99.14% 13.316 0.9992 0.983 1 1 0.991

Fine Gaussian 54.82% 46.062 0.9766 0.083 1 1 0.153

Medium Gaussian 98.93% 17.348 0.9979 0.983 0.996 0.996 0.989

Coarse Gaussian 98.93% 18.231 0.9992 0.983 0.996 0.996 0.989

GoogleNet
+ShuffleNet

Linear 97.43% 5.1053 0.9955 0.961 0.987 0.987 0.974

Quadratic 97.86% 6.046 0.9963 0.97 0.987 0.987 0.978

Cubic 97.64% 4.8812 0.9966 0.965 0.987 0.987 0.976

Fine Gaussian 54.39% 27.67 0.9677 0.074 1 1 0.138

Medium Gaussian 97.43% 6.7525 0.992 0.965 0.983 0.982 0.973

Coarse Gaussian 97.22% 6.1196 0.9944 0.952 0.992 0.991 0.971

ResNet18
+ResNet50

Linear 98.07% 9.1408 0.9973 0.97 0.992 0.991 0.98

Quadratic 98.50% 13.936 0.9974 0.974 0.996 0.996 0.985

Cubic 98.50% 11.816 0.9975 0.978 0.992 0.991 0.984

Fine Gaussian 53.32% 19.099 0.9756 0.052 1 1 0.099

Medium Gaussian 98.07% 13.571 0.9979 0.97 0.992 0.991 0.98

Coarse Gaussian 98.07% 14.417 0.9973 0.97 0.992 0.991 0.98

(Continued)
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Table 6. The PCA-based model achieved 96.146% accuracy with the quadratic SVM,
demonstrating strong performance across several metrics, including recall, specificity,
precision, and F-measure, especially with linear SVM. The SVD model outperforms the
quadratic model, yielding 98.929% accuracy and a very well-balanced trade-off between
precision and recall using linear SVM while maintaining excellent performance on
multiple metrics. Furthermore, the dimensionality of the combined datasets from
GoogleNet and ResNet18 has been efficiently reduced through the implementation of PCA
and SVD feature reduction techniques. Specifically, PCA reduced the feature set from
1,536 to 632 features, while SVD reduced it to 1,185 features. Crucially, both methods
achieved this reduction while maintaining 99.99% of the information in the original
dataset. This high degree of information preservation shows how well PCA and SVD
capture the key characteristics that greatly influence the variance of the dataset. The slight

Table 5 (continued)

SVM ACC Training time AUC Recall Specificity Precision F-measure

ResNet18
+ShuffleNet

Linear 98.72% 3.6578 0.9983 0.987 0.987 0.987 0.987

Quadratic 98.50% 4.4816 0.9981 0.987 0.983 0.983 0.985

Cubic 98.72% 6.5822 0.998 0.991 0.983 0.983 0.987

Fine Gaussian 53.32% 25.799 0.9739 0.061 0.992 0.875 0.114

Medium Gaussian 98.72% 4.7959 0.9972 0.987 0.987 0.987 0.987

Coarse Gaussian 98.72% 3.7785 0.998 0.983 0.992 0.991 0.987

ResNet50
+ShuffleNet

Linear 98.93% 10.018 0.9991 0.987 0.992 0.991 0.989

Quadratic 98.72% 15.859 0.9988 0.983 0.992 0.991 0.987

Cubic 98.93% 13.221 0.987 0.992 0.991 0.989

Fine Gaussian 54.39% 18.091 0.9668 0.078 0.996 0.947 0.144

Medium Gaussian 98.93% 14.259 0.999 0.987 0.992 0.991 0.989

Coarse Gaussian 98.50% 14.89 0.9986 0.978 0.992 0.991 0.984

Table 6 Results of proposed model with PCA and SVD based feature reduction methods for binary classification.

SVM ACC % ER RE SP P F-measure Training
time

Testing
time

PCA based proposed Linear 95.075 4.925 0.93 0.97 0.968 0.949 0.083 0.017

Quadratic 96.146 3.854 0.943 0.979 0.977 0.96 0.1 0.017

Cubic 94.861 5.139 0.917 0.979 0.977 0.946 0.089 0.016

Fine Gaussian 53.747 46.253 0.061 1 1 0.115 4.718 0.029

Medium Gaussian 87.794 12.206 0.926 0.831 0.842 0.882 0.104 0.037

Coarse Gaussian 50.749 49.251 0 1 NaN NaN 0.09 0.02

SVD based proposed Linear 98.501 1.499 0.974 0.996 0.996 0.985 0.258 0.019

Quadratic 98.929 1.071 0.983 0.996 0.996 0.989 0.23 0.025

Cubic 98.501 1.499 0.974 0.996 0.996 0.985 0.308 0.025

Fine Gaussian 54.176 45.824 0.07 1 1 0.13 0.837 0.21

Medium Gaussian 93.79 6.21 0.974 0.903 0.907 0.939 0.642 0.058

Coarse Gaussian 97.645 2.355 0.957 0.996 0.995 0.976 1.031 0.231
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reduction in accuracy (0.5–1%) following PCA/SVD is because of the removal of
low-variance but discriminating features. The trade-off between dimensionality reduction
and feature preservation was made carefully, with 99% variance selected for preserving
important patterns at the cost of minimal computational overhead.

Fifth experiment
We used ANOVA and chi-square techniques to refine the features of the selected model
(GoogleNet + ResNet18), as shown in Table 7. The proposed model demonstrated the
superior accuracy of ANOVA-based feature selection with an accuracy of 99.78%, an error
rate of 0.214, and a recall of 0.996 when paired with a medium Gaussian SVM kernel.
Similarly, when combined with a medium Gaussian SVM kernel, the chi-square-based
feature selection method produced excellent results, with an accuracy of 98.073%, an error
rate of 1.927%, and a recall of 0.965. The matching times for testing and training were
0.027 and 0.075 s, respectively.

From these findings, it emerges clearly that both ANOVA and chi-square play critical
roles in improving the model’s accuracy and performance. However, the approach based
on ANOVA performed better than chi-square in accuracy and recall. Knowing that the
number of features is reduced to 500 for both ANOVA and chi-square feature selection
methods. Figure 2 shows feature weights using the Anova and chi-square methods for
feature selection in a proposed model for binary classification.

In the initial experiment, we demonstrated that the proposed model has significantly
improved accuracy, from 93.16% to 98.07% using feature reduction (PCA and SVD) which
maintained high levels of accuracy. The use of ANOVA feature selection recorded an
impressive accuracy rate of 99.78%. In addition, the proposed model led to a great decrease
in feature dimensions from 1,536 to 500 which proved its effectiveness for a smaller set of
discriminative features. This in-depth analysis thus confirms that the proposed model is
effective in promoting the classification of coffee leaf images, constituting a valuable
contribution to image recognition and disease diagnosis.

Table 7 Results of proposed model with chi-square and anova based feature selection methods for binary classification.

SVM ACC % ER RE SP P FM Training time Testing time

Anova
based proposed

Linear 99.572 0.428 0.991 1 1 0.996 0.069 0.028

Quadratic 99.572 0.428 0.991 1 1 0.996 0.062 0.031

Cubic 99.572 0.428 0.991 1 1 0.996 0.096 0.038

Fine Gaussian 55.889 44.111 0.104 1 1 0.189 5.277 0.044

Medium Gaussian 99.786 0.214 0.996 1 1 0.998 0.073 0.029

Coarse Gaussian 98.501 1.499 0.97 1 1 0.985 0.308 0.127

Chi-Square
based proposed

Linear 98.073 1.927 0.965 0.996 0.996 0.98 0.084 0.032

Quadratic 98.501 1.499 0.974 0.996 0.996 0.985 0.06 0.034

Cubic 98.073 1.927 0.965 0.996 0.996 0.98 0.119 0.034

Fine Gaussian 60.6 39.4 0.2 1 1 0.333 0.199 0.056

Medium Gaussian 98.073 1.927 0.965 0.996 0.996 0.98 0.075 0.027

Coarse Gaussian 97.645 2.355 0.957 0.996 0.995 0.976 0.309 0.082

Ardah et al. (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3386 17/29

http://dx.doi.org/10.7717/peerj-cs.3386
https://peerj.com/computer-science/


Multi-level classification
Model performances in multi-level classification will be assessed based on accuracy,
training time, AUC-ROC, class-specific accuracies for each class like “healthy”, “RSM”,
“RL1”, “RL2”, “RL3”, and “RL4”. The separate analysis of accuracy for each class allows us
to know how well a model performs in certain classes and understand its possible
advantages or disadvantages for specific ones.

First experiment
Further analysis was conducted on the multi-class classification results, which are given in
Table 8 demonstrates different performance experiments for various pre-trained CNN
models that have been tested. ResNet18 is the best model as it records the highest accuracy
of 72.86% and a stronger AUC-ROC value of 0.9245%. GoogleNet and ShuffleNet present
competing accuracies of 70.51% and 70.08%, GoogleNet additionally shows significant
time efficiency while training (15 min 26 s). ResNet50 has an accuracy that is not far with
69.44% while its training time took a short period of minutes and seconds calculated to be
14:51 s. Some models share mutual performance for some classes; hence the ResNet18 and
GoogleNet are more robust than others. Depending on particular needs, selecting the best
model involves some trade-offs in various domains, such as accuracy vs. training time
efficiency vs. AUC-ROC performance for enhanced multi-level classification.

Second experiment
A detailed analysis of multi-class classification based on SVM classifiers with different
kernels combined with different CNN models was conducted in our work, and several
performance features in Table 9. Linear SVM has high accuracy consistently across
EfficientNetb0, ResNet50, resNet18, GoogleNet and ShuffleNet models with the highest

a 
b 

Figure 2 (A) Feature weight of (A) ANOVA (B) chi-square feature selection methods of proposed model for binary classification.
Full-size DOI: 10.7717/peerj-cs.3386/fig-2
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Table 8 Comparative classification performance of various pretrained CNN models on multi-class
database.

Accuracy Training time AUC-ROC Healthy RSM RL1 RL2 RL3 RL4

Efficientnetb0 66.23% 74 min 38 s 0.842 0.932 0.34 0.447 0.44 0.158 0.111

Resnet50 69.44% 14 min 51 s 0.8788 0.928 0.4 0.427 0.8 0.053 0

Resnet18 72.86% 32 min 53 s 0.9245 0.962 0.38 0.544 0.62 0.211 0.333

GoogleNet 70.51% 15 min 26 s 0.8932 0.966 0.5 0.456 0.56 0.053 0

Shufflenet 70.08% 15 min 25 s 0.8839 0.958 0.36 0.485 0.56 0.158 0.222

Table 9 Results for pre-trained CNN models with different SVM kernels for multi-class database.

SVM ACC Training time AUC Healthy RSM RL1 RL2 RL3 RL4

EfficientNetb0 Linear 82.01% 18.184 0.9809 0.975 0.62 0.796 0.72 0.105 0.111

Quadratic 83.51% 23.984 0.9812 0.962 0.58 0.796 0.72 0.632 0.333

Cubic 83.73% 21.748 0.9805 0.958 0.58 0.825 0.7 0.632 0.333

Fine Gaussian 51.18% 22.02 0.575 1 0 0.01 0.02 0 0

Medium Gaussian 80.51% 24.695 0.9812 0.97 0.56 0.816 0.62 0.053 0.222

Coarse Gaussian 69.16% 24.778 0.972 0.996 0 0.748 0.2 0 0

ResNet50 Linear 85.44% 9.0085 0.9907 0.966 0.7 0.845 0.78 0.368 0.222

Quadratic 84.15% 12.638 0.9899 0.966 0.7 0.796 0.7 0.474 0.333

Cubic 83.73% 12.01 0.9886 0.97 0.68 0.786 0.7 0.474 0.222

Fine Gaussian 52.25% 19.542 0.7696 1 0 0.039 0.06 0 0

Medium Gaussian 81.37% 10.698 0.9892 0.97 0.68 0.728 0.72 0.211 0.111

Coarse Gaussian 75.59% 10.668 0.991 0.962 0.5 0.893 0.16 0 0

ResNet18 Linear 88.65% 45.791 0.9901 0.992 0.82 0.835 0.82 0.474 0.222

Quadratic 87.58% 42.755 0.9915 0.992 0.72 0.825 0.82 0.474 0.333

Cubic 87.58% 35.979 0.9898 0.992 0.72 0.845 0.8 0.474 0.222

Fine Gaussian 50.70% 57.14 0.6321 1 0 0 0 0 0

Medium Gaussian 85.44% 56.38 0.9936 0.97 0.82 0.816 0.72 0.316 0.222

Coarse Gaussian 78.60% 55.08 0.9921 0.97 0.5 0.893 0.4 0 0

GoogleNet Linear 88.22% 7.3245 0.9935 0.962 0.78 0.883 0.8 0.474 0.556

Quadratic 88.01% 5.7846 0.9937 0.966 0.76 0.883 0.78 0.474 0.556

Cubic 87.79% 5.0997 0.9944 0.966 0.76 0.883 0.76 0.474 0.556

Fine Gaussian 51.39% 10.017 0.9157 1 0 0.019 0.02 0 0

Medium Gaussian 88.22% 9.6486 0.9942 0.97 0.74 0.913 0.8 0.368 0.444

Coarse Gaussian 85.87% 7.3907 0.9949 0.966 0.74 0.932 0.72 0 0

ShuffleNet Linear 84.37% 7.2032 0.986 0.954 0.74 0.825 0.72 0.421 0.222

Quadratic 84.15% 9.4222 0.983 0.945 0.76 0.786 0.78 0.316 0.556

Cubic 83.51% 9.0008 0.9833 0.941 0.72 0.786 0.78 0.316 0.556

Fine Gaussian 51.18% 8.7156 0.8754 1 0 0.01 0.02 0 0

Medium Gaussian 82.87% 8.4397 0.9855 0.962 0.72 0.825 0.68 0.158 0.111

Coarse Gaussian 77.73% 7.4357 0.9862 0.962 0.34 0.922 0.46 0 0
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Table 10 Results obtained using combining each two CNN models with SVM kernels for multi-class classification.

SVM ACC Training time AUC Healthy RSM RL1 RL2 RL3 RL4

EfficientNetb
+GoogleNet

Linear 88.65% 19.657 0.9965 0.979 0.82 0.864 0.84 0.368 0.333

Quadratic 89.51% 27.087 0.996 0.979 0.82 0.845 0.86 0.579 0.444

Cubic 89.29% 25.637 0.9957 0.979 0.82 0.845 0.84 0.579 0.444

Fine Gaussian 50.96% 36.916 0.5977 1 0 0.01 0 0 0

Medium Gaussian 86.51% 34.177 0.9951 0.983 0.78 0.835 0.76 0.316 0.222

Coarse Gaussian 80.73% 33.751 0.9957 0.975 0.52 0.951 0.44 0 0

EfficientNetb
+ResNet18

Linear 85.65% 15.411 0.9973 0.983 0.7 0.903 0.76 0.053 0

Quadratic 87.79% 21.877 0.9976 0.987 0.74 0.903 0.78 0.263 0.222

Cubic 88.01% 20.222 0.9977 0.987 0.76 0.913 0.78 0.263 0.111

Fine Gaussian 50.96% 31.322 0.761 1.004 0 0 0 0 0

Medium Gaussian 83.94% 24.102 0.9981 0.983 0.58 0.932 0.66 0.053 0

Coarse Gaussian 72.59% 23.148 0.9966 0.987 0.02 0.981 0.06 0 0

EfficientNetb
+ResNet50

Linear 86.94% 29.785 0.9954 0.962 0.74 0.903 0.76 0.316 0.444

Quadratic 87.15% 38.609 0.993 0.962 0.72 0.903 0.76 0.368 0.556

Cubic 87.15% 36.478 0.9906 0.966 0.72 0.903 0.76 0.316 0.556

Fine Gaussian 50.96% 65.714 0.5288 1 0 0 0 0 0

Medium Gaussian 85.22% 58.503 0.991 0.966 0.68 0.922 0.7 0.105 0.333

Coarse Gaussian 77.94% 58.372 0.9921 0.979 0.32 0.951 0.36 0 0

EfficientNetb
+ShuffleNet

Linear 88.01% 16.824 0.9981 0.987 0.84 0.922 0.76 0.105 0

Quadratic 89.08% 24.834 0.9981 0.983 0.86 0.942 0.7 0.368 0.111

Cubic 88.01% 22.848 0.9982 0.983 0.84 0.942 0.62 0.368 0.111

Fine Gaussian 50.75% 31.05 0.7173 1 0 0 0 0 0

Medium Gaussian 84.58% 29.22 0.9982 0.975 0.72 0.932 0.62 0.053 0

Coarse Gaussian 72.59% 26.989 0.9966 0.987 0 0.971 0.1 0 0

GoogleNet
+ResNet18

Linear 91.86% 27.24 0.9997 0.987 0.86 0.971 0.8 0.632 0

Quadratic 92.51% 52.836 0.9998 0.987 0.86 0.971 0.8 0.684 0.222

Cubic 92.08% 51.058 0.9998 0.987 0.84 0.971 0.78 0.684 0.222

Fine Gaussian 50.75% 49.037 0.7054 1 0 0 0 0 0

Medium Gaussian 89.08% 46.396 0.9997 0.987 0.78 0.981 0.72 0.316 0

Coarse Gaussian 80.51% 47.229 0.9993 0.987 0.4 0.99 0.4 0 0

GoogleNet
+ResNet50

Linear 89.29% 54.872 0.9995 0.966 0.82 0.922 0.82 0.474 0.222

Quadratic 89.94% 52.475 0.9959 0.966 0.82 0.922 0.8 0.632 0.333

Cubic 89.51% 49.499 0.9961 0.97 0.8 0.913 0.8 0.632 0.222

Fine Gaussian 51.18% 69.921 0.7733 1 0 0 0.04 0 0

Medium Gaussian 87.58% 68.342 0.9946 0.983 0.8 0.922 0.68 0.263 0.222

Coarse Gaussian 82.01% 66.482 0.9956 0.975 0.54 0.951 0.54 0 0

GoogleNet
+ShuffleNet

Linear 87.37% 13.458 0.9977 0.97 0.68 0.951 0.84 0.211 0

Quadratic 87.79% 21.62 0.9978 0.975 0.66 0.951 0.78 0.474 0

Cubic 87.58% 20.314 0.9977 0.975 0.68 0.942 0.76 0.474 0

Fine Gaussian 50.96% 21.689 0.8616 1 0 0 0 0 0

Medium Gaussian 85.44% 19.784 0.9949 0.979 0.66 0.942 0.68 0.105 0.111

Coarse Gaussian 75.16% 18.052 0.9965 0.962 0.4 0.981 0.04 0 0
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occurring in the case of Reesrnt81 at 88.65%. Quadratic and Cubic SVM kernels also yield
competitive performances in multiple models. Notably, the Fine Gaussian SVM kernel
exhibits suboptimal accuracy, particularly evident in ResNet18 and GoogleNet models.

Third experiment
The results are presented in Table 10, describing the operation of combining features from
pairs of pre-trained CNN models, followed by SVM training with a variety of kernels, in
the exploration of multi-level classification. Especially noteworthy were combinations
ResNet50+ShuffleNet and ResNet18+ResNet50: both achieved over 90% accuracy,
deriving features from 2,592 and 2,560 units, respectively. GoogleNet+ResNet18 stands
out, achieving a higher validation accuracy of 92.51% with 1536 features and very low loss.
The best model achieves a verification accuracy of 92.51% and is trained in 52.83 s, thus
demonstrating its excellent performance on multi-level classification. The model
performance for multi-level classification is summarized in the confusion matrix and the
ROC curve in Fig. 3.

Fourth experiment

In Table 11, the outcomes of our proposed model utilizing PCA and SVD-based feature
reduction techniques for multi-class classification are presented. The results of the
evaluation show that PCA and SVD are not performing well when these were applied to
fused ResNet18 and GoogleNet models on multi-class classification. The accuracy rates
that fall within 50.749% to 58.244% imply difficulties in the ability of the fused model to
adequately capture and represent complex features as accurately as possible. The

Table 10 (continued)

SVM ACC Training time AUC Healthy RSM RL1 RL2 RL3 RL4

ResNet18
+ResNet50

Linear 89.72% 13.731 0.9993 0.983 0.84 0.883 0.86 0.421 0.222

Quadratic 90.15% 25.747 0.9995 0.987 0.84 0.854 0.88 0.474 0.444

Cubic 89.51% 24.228 0.9995 0.992 0.82 0.845 0.86 0.474 0.333

Fine Gaussian 50.75% 28.651 0.8401 1 0 0 0 0 0

Medium Gaussian 87.37% 20.198 0.9982 0.996 0.8 0.883 0.76 0.105 0.111

Coarse Gaussian 77.30% 22.54 0.9989 0.966 0.58 0.981 0.04 0 0

ResNet18
+ShuffleNet

Linear 89.51% 9.84 0.9991 0.979 0.74 0.922 0.8 0.632 0.222

Quadratic 89.08% 15.324 0.9993 0.979 0.68 0.922 0.8 0.632 0.333

Cubic 89.72% 14.582 0.9992 0.992 0.68 0.932 0.8 0.632 0.222

Fine Gaussian 51.18% 18.866 0.8571 1 0 0.01 0.02 0 0

Medium Gaussian 87.15% 13.015 0.9988 0.983 0.66 0.903 0.76 0.474 0.111

Coarse Gaussian 84.37% 11.617 0.9987 0.983 0.58 0.942 0.7 0 0

ResNet50
+ShuffleNet

Linear 90.15% 28.289 0.9945 0.987 0.74 0.913 0.8 0.737 0.222

Quadratic 90.36% 41.441 0.9934 0.992 0.72 0.893 0.84 0.789 0.222

Cubic 89.72% 39.676 0.9927 0.992 0.72 0.903 0.78 0.737 0.222

Fine Gaussian 50.70% 59.49 0.7819 1 0 0 0 0 0

Medium Gaussian 87.80% 57.792 0.9944 0.987 0.7 0.874 0.88 0.316 0.111

Coarse Gaussian 79.90% 56.069 0.9932 0.979 0.44 0.942 0.44 0 0
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performance of dimensionality reduction techniques, such as PCA and SVD, depends on
data peculiarities in addition to classification task complexity. For fused models that have
complicated features, it may be necessary to use alternative methods or continue training
to achieve better results in terms of enhancing accuracy of classification.

Fifth experiment
The hybrid model of GoogleNet and Resnet-18, coupled with ANOVA and chi-square
feature selection techniques, had a desirable improvement in performance under
multi-level classification as observed above. The results show the ANOVA model achieved
an accuracy of 90.15% and an error rate were 9.85%, demonstrating efficiency with

Figure 3 (A) Confusion matrix and (B) ROC of the proposed model for multi-level classification. Full-size DOI: 10.7717/peerj-cs.3386/fig-3

Table 11 Results of proposed model with PCA and SVD based feature reduction methods for multi class classification.

SVM ACC % ER Train time Test
time

Healthy RSM RL1 RL2 RL3 RL4

PCA based proposed Linear 50.964 49.036 s 0.081 1 0 0 0 0 0

Quadratic 58.03 41.97 0.499 0.164 0.97 0 0.33 0.14 0 0

Cubic 57.388 42.612 0.735 0.185 0.996 0 0.252 0.12 0 0

Fine Gaussian 50.964 49.036 0.532 0.183 1 0 0 0 0 0

Medium Gaussian 50.964 49.036 0.547 0.192 1 0 0 0 0 0

Coarse Gaussian 50.964 49.036 2.008 0.434 1 0 0 0 0 0

SVD based proposed Linear 50.749 49.251 0.768 0.097 1 0 0 0 0 0

Quadratic 58.244 41.756 0.789 0.373 0.996 0 0.311 0.08 0 0

Cubic 55.889 44.111 0.882 0.412 0.996 0 0.223 0.04 0 0

Fine Gaussian 54.176 45.824 0.837 0.21 1 0 0 0 0 0

Medium Gaussian 50.749 49.251 0.751 0.395 1 0 0 0 0 0

Coarse Gaussian 50.749 49.251 0.969 0.424 1 0 0 0 0 0
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training and testing times of 0.271 and 0.047 s, respectively. Among all models tested, the
chi-square-based model stood out as the top performer by achieving an accuracy of 91.86%
and an error rate of 8.13%; it has also shown rather efficient training time, which lasted for
only 0.242 s, whereas testing took a bit longer, yet remained almost sufficient, 0.064 s.

By reducing the number of features from 1,536 to 500, the feature selection component
of the ANOVA-based model highlights how effective feature selection is at improving
the model’s performance. Table 12 presents the performance of the suggested model
using feature selection techniques based on ANOVA and chi-square for multi-class
classification. In the context of multi-level classification, Fig. 4 also shows the
confusion matrix for the suggested model’s ANOVA-based quadratic SVM and
chi-square-based cubic SVM.

Table 13 shows the strong indicator of improvement achieved by the suggested method
over the current models. Notwithstanding these findings, the model’s encouraging results
in identifying leaf diseases, particularly in the early stages, demonstrate its usefulness.
Feature selection methods combined with convolutional neural networks work well to
maximize yield and enable prompt treatment.

DISCUSSION
The hybrid CNN–SVM approach introduced here was always performing at high
classification levels for a range of configurations and datasets, compared to previous
studies (Binney & Ren, 2022; Sorte et al., 2019; Novtahaning, Shah & Kang, 2022; Esgario,
Krohling & Ventura, 2020; Ayikpa et al., 2022). The best configuration (GoogLeNet–
ResNet18) feature fusion using PCA (98% variance) and subsequent Gaussian RBF SVM
classification recorded the best accuracy level of 99.78% on the BRACOL dataset. Besides
accuracy, the model also achieved precision: 99.6%, Recall: 99.74%, and F1-score: 99.8%,
reflecting an overall balanced performance despite class imbalance. All classes had
AUC-ROC higher than 0.99, which implies there was great separability.

Table 12 Results of proposed model with Chi-square and ANOVA based feature selection methods for multi-class classification.

SVM ACC % ER Training time Testing time Healthy RSM RL1 RL2 RL3 RL4

ANOVA based proposed Linear 90.15 9.85 0.271 0.047 0.987 0.82 0.893 0.88 0.474 0.111

Quadratic 90.578 9.422 0.24 0.092 0.992 0.8 0.874 0.88 0.526 0.444

Cubic 90.578 9.422 0.257 0.113 0.992 0.8 0.883 0.88 0.526 0.333

Fine Gaussian 50.749 49.251 0.307 0.141 1 0 0 0 0 0

Medium Gaussian 88.009 11.991 0.217 0.099 0.987 0.82 0.903 0.8 0.158 0

Coarse Gaussian 72.805 27.195 0.244 0.108 0.987 0 1 0.06 0 0

Chi-square based proposed Linear 90.15 9.85 0.252 0.041 0.983 0.82 0.932 0.8 0.526 0.111

Quadratic 91.863 8.137 0.242 0.064 0.983 0.86 0.922 0.8 0.684 0.556

Cubic 91.863 8.137 0.244 0.072 0.983 0.88 0.932 0.78 0.632 0.556

Fine Gaussian 51.178 48.822 0.302 0.1 1 0 0.019 0 0 0

Medium Gaussian 89.293 10.707 0.286 0.069 0.983 0.82 0.951 0.82 0.211 0

Coarse Gaussian 71.306 28.694 0.236 0.076 0.975 0 0.99 0 0 0
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Confusion matrices for all the multi-class experiments show that misclassifications
between visually equivalent disease categories, such as early and late blight, occurred most
frequently. This per-class detailed analysis confirms the robustness of the model over the
majority classes and minority classes.

Figure 4 Confusion matrix of the (A) ANOVA-based quadratic SVM. (B) Chi-square-based cubic
SVM of the proposed model for multi-level classification. Full-size DOI: 10.7717/peerj-cs.3386/fig-4

Table 13 Comparison of the proposed method with previous methods.

Model Accuracy F1-score Precision Recall

Gheorghiu et al. (2024) 78.2 63.4 66.1 64.3

Faisal, Leu & Darmawan (2023) 84.29 83.64 84.67 84.29

Fenu & Malloci (2022) 79.83 – – –

Proposed method 91.863 90.77 89.6 90.8
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For feature extraction, the evaluation used six Gaussian kernels: coarse, cubic, fine,
linear, medium, and quadratic; GoogLeNet and ResNet18 outperformed the others.
Compared to other classifiers, the accuracy of the proposed method was 99.78% for binary
classification and 91.86% for multi-class classification. While ANOVA feature selection
performed best overall, in multi-class classification tasks, chi-square selection showed
slightly better performance. This suggests that different feature selection techniques may
be more suitable for specific classification scenarios.

The proposed framework achieves enhanced performance by combining
complementary CNN architectures (GoogLeNet and ResNet18) with optimized SVM
classification. The framework leverages the strength of both deep learning and
conventional machine learning, enabling effective and efficient feature representation,
enhanced generalization, and reduced computational cost compared to CNN-alone or
handcrafted feature-based methods.

CONCLUSION
Given the significance of coffee to the global economy and its vulnerability to disease,
the development of an automated system for classifying coffee plant diseases is essential.
We assessed the effectiveness of well-known pre-trained CNN models (such as
EfficientNet, GoogLeNet, ResNet-18, ResNet-50, and ShuffleNet) in identifying critical
diseases like Red Spider Mite and different stages of coffee rust as well as in classifying
healthy coffee plants.

The study used advanced CNN architecture to achieve state-of-the-art accuracy
and optimize computational efficiency. GoogLeNet/ResNet18 was the best feature
extraction when using six Gaussian kernels. The approach achieved 99.78% and 91.86%
accuracy for binary and multi-class classification, respectively. ANOVA was mostly the
best choice for feature selection, but chi-square performed slightly better for
multi-class issues.

These findings underscore the huge potential of CNN-based models to improve the
accuracy and reliability of diagnosing diseases in coffee plants. The application of these
advanced technologies can significantly improve the quality of products, create consumer
confidence, and raise the bar of industry standards. Further, big data analytics and digital
agriculture are set to kick off the transformation of smart coffee growing and provide an
avenue for higher quality outputs at lower costs with increased business volume. This
transformation, expected to boost industry profits, is also set to nurture sustainable
development in the global coffee business.

The development of farmer-friendly interfaces should therefore be given top priority in
all future research to make these tools usable and accessible. Research into where
agricultural experts will be involved will be vital in determining the field applicability of the
models. Likewise, the environmental impact assessment results will greatly help the
sustainability of these technologies for coffee production. These projects will collaborate in
sustaining, increasing the resilience, and viability of real-world coffee plant disease
classification systems. Our study’s limitations include the model’s high computational
requirements, which make it less practical for real-time applications on devices with
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limited resources. Additionally, environmental factors may cause variations in model
performance across different coffee-growing regions.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
This work was supported by Princess Nourah bint Abdulrahman University Researchers
Supporting Project number (PURSP2025R893), Princess Nourah bint Abdulrahman
University, Riyadh, Saudi Arabia. The funders had no role in study design, data collection
and analysis, decision to publish, or preparation of the manuscript.

Grant Disclosures
The following grant information was disclosed by the authors:
Princess Nourah bint Abdulrahman University Researchers Riyadh, Saudi Arabia:
PURSP2025R893.

Competing Interests
The authors declare that they have no competing interests.

Author Contributions
. Hanin Ardah analyzed the data, authored or reviewed drafts of the article, and approved
the final draft.

. Maher Alrahhal conceived and designed the experiments, performed the experiments,
analyzed the data, performed the computation work, prepared figures and/or tables,
authored or reviewed drafts of the article, and approved the final draft.

. Walaa M. Abd-Elhafiez conceived and designed the experiments, performed the
experiments, analyzed the data, performed the computation work, prepared figures and/
or tables, authored or reviewed drafts of the article, and approved the final draft.

. Doaa Trabay conceived and designed the experiments, performed the experiments,
analyzed the data, performed the computation work, prepared figures and/or tables,
authored or reviewed drafts of the article, and approved the final draft.

Data Availability
The following information was supplied regarding data availability:

The BRACOL dataset is available at Mendeley: Parraga-Alava, Jorge; Cusme, Kevin;
Loor, Angélica; Santander, Esneider (2019), “RoCoLe: A robusta coffee leaf images
dataset”, Mendeley Data, V2, doi: 10.17632/c5yvn32dzg.2.

The code is available at GitHub and Zenodo:
- https://github.com/DrMaherAlrahhal/coffe-code.
- w. (2025). coffee code. Zenodo. https://doi.org/10.5281/zenodo.17470672.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj-cs.3386#supplemental-information.

Ardah et al. (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3386 26/29

http://dx.doi.org/10.17632/c5yvn32dzg.2
https://github.com/DrMaherAlrahhal/coffe-code
https://doi.org/10.5281/zenodo.17470672
http://dx.doi.org/10.7717/peerj-cs.3386#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.3386#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.3386
https://peerj.com/computer-science/


REFERENCES
Alrahhal M, KP S. 2021a. Full direction local neighbors pattern (FDLNP). International Journal of

Advanced Computer Science and Applications 12(1):131–141
DOI 10.14569/ijacsa.2021.0120116.

Alrahhal M, KP S. 2021b. COVID-19 diagnostic system using medical image classification and
retrieval: a novel method for image analysis. The Computer Journal 65(8):2146–2163
DOI 10.1093/comjnl/bxab051.

Alrahhal M, Supreethi KP. 2020. Multimedia image retrieval system by combining CNN with
handcraft features in three different similarity measures. International Journal of Computer
Vision And Image Processing 10(1):1–23 DOI 10.4018/ijcvip.2020010101.

Ayikpa KJ, Mamadou D, Gouton P, Adou KJ. 2022. Experimental evaluation of coffee leaf disease
classification and recognition based on machine learning and deep learning algorithms. Journal
of Computer Science 18(12):1201–1212 DOI 10.3844/jcssp.2022.1201.1212.

Binney E, Ren D. 2022. Coffee leaf diseases classification and the effect of fine-tuning on deep
convolutional neural networks. IJFMR-International Journal For Multidisciplinary Research
4(5):1–13 DOI 10.36948/ijfmr.2022.v04i05.861.

Chowdhury MBU. 2021. Coffee leaf disease recognition using gist feature. International Journal of
Information Engineering and Electronic Business (IJIEEB) 13(2):55–61
DOI 10.5815/ijieeb.2021.02.05.

Cortes C, Vapnik V. 1995. Support-vector networks. Machine Learning 20:273–297
DOI 10.1007/bf00994018.

Cristianini N, Shawe-Taylor J. 2014. An introduction to support vector machines and other
KERNEL-based learning methods. Cambridge, UK: Cambridge University Press.

de Oliveira Aparecido LE, de Souza Rolim G, da Silva Cabral De Moraes JR, Costa CTS, de
Souza PS. 2020. Machine learning algorithms for forecasting the incidence of Coffea arabica
pests and diseases. International Journal of Biometeorology 64:671–688
DOI 10.1007/s00484-019-01856-1.

Deng S. 2020. Recognizing diseased coffee leaves using deep learning. CS230–Deep Learning–Fall
2020, Stanford University. Available at https://cs230.stanford.edu/projects_fall_2020/reports/
55796124.pdf.

Department of Primary Industries and Regional Development. 2021. Crop Diseases. Available at
https://www.agric.wa.gov.au/pests-weeds-diseases/diseases/crop-diseases.

Ditlevsen K, Sandøe P, Lassen J. 2019. Healthy food is nutritious, but organic food is healthy
because it is pure: the negotiation of healthy food choices by Danish consumers of organic food.
Food Quality and Preference 71(4):46–53 DOI 10.1016/j.foodqual.2018.06.001.

Esgario JG, Krohling RA, Ventura JA. 2020. Deep learning for classification and severity
estimation of coffee leaf biotic stress. Computers and Electronics in Agriculture 169:105162
DOI 10.1016/j.compag.2019.105162.

Faisal M, Leu JS, Darmawan JT. 2023. Model selection of hybrid feature fusion for coffee leaf
disease classification. IEEE Access 11:62281–62291 DOI 10.1109/access.2023.3286935.

Fenu G, Malloci FM. 2022. Evaluating impacts between laboratory and field-collected datasets for
plant disease classification. Agronomy 12(10):2359 DOI 10.3390/agronomy12102359.

Gheorghiu A, Tăiatu IM, Cercel DC, Marin I, Pop F. 2024. Evaluating data augmentation
techniques for coffee leaf disease classification. ArXiv DOI 10.48550/arXiv.2401.05768.

Giroti I, Das JK, Harshith NM, Thahniyath G. 2023. Diabetic retinopathy detection &
classification using Efficient Net Model. In: 2023 International Conference on Artificial

Ardah et al. (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3386 27/29

http://dx.doi.org/10.14569/ijacsa.2021.0120116
http://dx.doi.org/10.1093/comjnl/bxab051
http://dx.doi.org/10.4018/ijcvip.2020010101
http://dx.doi.org/10.3844/jcssp.2022.1201.1212
http://dx.doi.org/10.36948/ijfmr.2022.v04i05.861
http://dx.doi.org/10.5815/ijieeb.2021.02.05
http://dx.doi.org/10.1007/bf00994018
http://dx.doi.org/10.1007/s00484-019-01856-1
https://cs230.stanford.edu/projects_fall_2020/reports/55796124.pdf
https://cs230.stanford.edu/projects_fall_2020/reports/55796124.pdf
https://www.agric.wa.gov.au/pests-weeds-diseases/diseases/crop-diseases
http://dx.doi.org/10.1016/j.foodqual.2018.06.001
http://dx.doi.org/10.1016/j.compag.2019.105162
http://dx.doi.org/10.1109/access.2023.3286935
http://dx.doi.org/10.3390/agronomy12102359
http://dx.doi.org/10.48550/arXiv.2401.05768
http://dx.doi.org/10.7717/peerj-cs.3386
https://peerj.com/computer-science/


Intelligence and Applications (ICAIA) Alliance Technology Conference (ATCON-1)
DOI 10.1109/icaia57370.2023.10169756.

Hanne L, BV SV, KN N, BS L, Suresh Malali KR. 2022. Perception of flaws in steel using Resnet50
algorithm. In: 2022 International Conference on Knowledge Engineering and Communication
Systems (ICKES) DOI 10.1109/ickecs56523.2022.10060127.

Hossain E, Hossain MF, Rahaman MA. 2019. A color and texture based approach for the
detection and classification of plant leaf disease using KNN classifier. In: 2019 International
Conference on Electrical, Computer and Communication Engineering (ECCE). Piscataway: IEEE.

ICO. 2021.Monthly coffee market report. Available at https://www.ico.org/Market-Report-20-21-e.
asp.

Jepkoech J, Mugo DM, Kenduiywo BK, Too EC. 2021. Arabica coffee leaf images dataset for
coffee leaf disease detection and classification. Data in Brief 36(3):107142
DOI 10.1016/j.dib.2021.107142.

Kittichotsatsawat Y, Jangkrajarng V, Tippayawong KY. 2021. Enhancing coffee supply chain
towards sustainable growth with big data and modern agricultural technologies. Sustainability
13(8):4593 DOI 10.3390/su13084593.

Kongsom C, Panyakul V. 2016. Production and market of certified organic products in Thailand.
International Journal of Economics and Management Engineering 10(8):2723–2727.

Kumar M, Gupta P, Madhav P. 2020.Disease detection in coffee plants using convolutional neural
network. In: 2020 5th International Conference on Communication and Electronics Systems
(ICCES). Piscataway: IEEE, 755–760.

Lisboa E, Lima G, Queiroz F. 2021. Coffee leaf diseases identification and severity classification
using deep learning. In: Anais Estendidos do XXXIV Conference on Graphics, Patterns and
Images. SBC, 201–205.

Liu Z, Zuo MJ, Zhao X, Xu H. 2015. An analytical approach to fast parameter selection of
Gaussian RBF kernel for support vector machine. Journal of Information Science and
Engineering 31:691–710.

Lu J, Tan L, Jiang H. 2021. Review on convolutional neural network (CNN) applied to plant leaf
disease classification. Agriculture 11(8):707 DOI 10.3390/agriculture11080707.

Mokhtar U, El Bendary N, Hassenian AE, Emary E, Mahmoud MA, Hefny H, Tolba MF. 2015.
SVM-based detection of tomato leaves diseases. In: Intelligent Systems’ 2014: Proceedings of the
7th IEEE International Conference Intelligent Systems IS’2014, September 24–26, 2014, Warsaw,
Poland, Volume 2: Tools, Architectures, Systems, Applications. Cham: Springer International
Publishing, 641–652.

Novtahaning D, Shah HA, Kang JM. 2022. Deep learning ensemble-based automated and
high-performing recognition of coffee leaf disease. Agriculture 12(11):1909
DOI 10.3390/agriculture12111909.

Oliveira CM, Auad AM, Mendes SM, Frizzas MR. 2014. Crop losses and the economic impact of
insect pests on Brazilian agriculture. Crop Protection 56:50–54
DOI 10.1016/j.cropro.2013.10.022.

Pan I-H, Liu K-C, Liu C-L. 2020. Chi-square detection for PVD steganography. In: 2020
International Symposium on Computer, Consumer and Control (IS3C)
DOI 10.1109/is3c50286.2020.00015.

Parraga-Alava J, Cusme K, Loor A, Santander E. 2019. RoCoLe: a robusta coffee leaf images
dataset for evaluation of machine learning based methods in plant diseases recognition. Data in
Brief 25(17):104414 DOI 10.1016/j.dib.2019.104414.

Ardah et al. (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3386 28/29

http://dx.doi.org/10.1109/icaia57370.2023.10169756
http://dx.doi.org/10.1109/ickecs56523.2022.10060127
https://www.ico.org/Market-Report-20-21-e.asp
https://www.ico.org/Market-Report-20-21-e.asp
http://dx.doi.org/10.1016/j.dib.2021.107142
http://dx.doi.org/10.3390/su13084593
http://dx.doi.org/10.3390/agriculture11080707
http://dx.doi.org/10.3390/agriculture12111909
http://dx.doi.org/10.1016/j.cropro.2013.10.022
http://dx.doi.org/10.1109/is3c50286.2020.00015
http://dx.doi.org/10.1016/j.dib.2019.104414
http://dx.doi.org/10.7717/peerj-cs.3386
https://peerj.com/computer-science/


Rawia E, Najla B, Awatef B, Walaa MA. 2023. Utilizing LASSO for breast cancer prediction: a
hyper machine learning technique with significant. Information Sciences Letters
12(12):2801–2813 DOI 10.18576/isl/121223.

Senanayake DTN, Maduranga MWP. 2023. Disease detection in coffee plants using computer
vision. Available at https://omdena.com/projects/desease-detection-in-coffee-plants/.

Singh R, Kumar D, Sagar BB. 2021. Valuation of significant difference between various agile
methods using one way ANOVA. In: 2021 9th International Conference on Reliability, Infocom
Technologies and Optimization (Trends and Future Directions) (ICRITO)
DOI 10.1109/icrito51393.2021.9596099.

Sorte LXB, Ferraz CT, Fambrini F, dos Reis Goulart R, Saito JH. 2019. Coffee leaf disease
recognition based on deep learning and texture attributes. Procedia Computer Science
159:135–144 DOI 10.1016/j.procs.2019.09.168.

Szegedy C, Liu W, Jia Y, Sermanet P, Reed S, Anguelov D, Erhan D, Vanhoucke V, Rabinovich
A. 2015. Going deeper with convolutions. In: Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. Piscataway: IEEE.

Tang MC, Teoh SS. 2023. Brain tumor detection fromMRI images based on Resnet18. In: 2023 6th
International Conference on Information Systems and Computer Networks (ISCON)
DOI 10.1109/iscon57294.2023.10112025.

Yamashita JVYB, Leite JPR. 2023. Coffee disease classification at the edge using deep learning.
Smart Agricultural Technology 4:100183 DOI 10.1016/j.atech.2023.100183.

Yan Y, Wu G, Dong Y, Bai Y. 2021. Floating small target detection in sea clutter based on the
singular value decomposition of low rank perturbed random matrices. In: 2021 IEEE 5th
Advanced Information Technology, Electronic and Automation Control Conference (IAEAC).
Piscataway: IEEE DOI 10.1109/iaeac50856.2021.9391033.

Yebasse M, Shimelis B, Warku H, Ko J, Cheoi KJ. 2021. Coffee disease visualization and
classification. Plants 10(6):1257 DOI 10.3390/plants10061257.

Yumang AN, Baguisi JM, Buenaventura BR, Paglinawan CC. 2023. Detection of black sigatoka
disease on banana leaves using ShuffleNet V2 CNN architecture in comparison to SVM and
KNN techniques. In: 2023 15th International Conference on Computer and Automation
Engineering (ICCAE) DOI 10.1109/iccae56788.2023.10111367.

Zeng Y, Lou Z. 2020. The new PCA for dynamic and Non-Gaussian processes. In: 2020 Chinese
Automation Congress (CAC) DOI 10.1109/cac51589.2020.9327354.

Ardah et al. (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3386 29/29

http://dx.doi.org/10.18576/isl/121223
https://omdena.com/projects/desease-detection-in-coffee-plants/
http://dx.doi.org/10.1109/icrito51393.2021.9596099
http://dx.doi.org/10.1016/j.procs.2019.09.168
http://dx.doi.org/10.1109/iscon57294.2023.10112025
http://dx.doi.org/10.1016/j.atech.2023.100183
http://dx.doi.org/10.1109/iaeac50856.2021.9391033
http://dx.doi.org/10.3390/plants10061257
http://dx.doi.org/10.1109/iccae56788.2023.10111367
http://dx.doi.org/10.1109/cac51589.2020.9327354
http://dx.doi.org/10.7717/peerj-cs.3386
https://peerj.com/computer-science/

	Robust coffee plant disease classification using deep learning and advanced feature engineering techniques
	Introduction
	Materials and Methods
	Related work
	Methodology
	Results
	Discussion
	Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


