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Rice leaf diseases significantly affect plant productivity, making timely and accurate detection important for agricultural
management. This study aimed to evaluate whether image embeddings from pre-trained convolutional neural
networks, combined with classical machine learning classifiers, can classify five rice leaf conditions (healthy, bacterial
blight, brown spot, leaf blast, and rice hispa) using 517 images from a public Kaggle dataset. Features were extracted
with Image Embedding in Orange Data Mining using three pre-trained architectures (VGG16, VGG19, and
InceptionV3), and each embedding was paired with Support Vector Machine, Logistic Regression, and Neural Network
classifiers, yielding nine embedding—classifier combinations evaluated through stratified 5-fold cross-validation using
AUC, Classification Accuracy (CA), Fl-score, Precision, Recall, and Matthews Correlation Coefficient (MCC). Among
the nine combinations tested, InceptionV3 embedding combined with Logistic Regression achieved the best
performance, with AUC 0.986, CA 0.911, F1-score 0.910, Precision 0.911, Recall 0.911, and MCC 0.886, exceeding
the best VGG16-based (CA 0.880) and VGG19-based (CA 0.897) combinations tested with the same classifiers.
Healthy leaves remained the most difficult class (15 of 37 images correctly classified in the InceptionV3 confusion
matrix). These results indicate that integrating deep feature embedding with classical machine learning classifiers can
achieve high classification performance on this public dataset. Because computational efficiency and performance
under field conditions were not assessed, further validation on independent, field-acquired images is needed before
the approach is applied to agricultural decision support.
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1. Introduction

Rice (Oryza sativa) plays a crucial role in global food security, particularly in Asian countries where it serves
as a primary staple food. In Indonesia, rice has even greater strategic importance because it is not only the
main daily staple for most of the population but also a national commodity closely associated with economic
stability and food security [1]. Rice production also supports the livelihoods and socioeconomic welfare of
a substantial proportion of agricultural communities. Therefore, maintaining sustainable rice production is
essential to ensuring food availability and supporting more than 270 million Indonesians who depend on
rice as their primary staple food (2], [3].

Despite its strategic importance, rice production remains vulnerable to various plant diseases that can
reduce crop productivity and quality [4]. Leaf diseases, including bacterial blight, brown spot, leaf blast, and
rice hispa, can cause considerable yield losses when they are not identified and treated at an early stage. In
practice, disease identification still frequently depends on visual field observations conducted by farmers or
agricultural experts. Although manual inspection can be effective, it is time-consuming, dependent on
individual expertise, potentially subjective, and difficult to implement consistently across extensive
agricultural areas. These limitations are particularly relevant in Indonesia, where maintaining rice
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productivity is increasingly important in response to population growth and the corresponding demand for
staple food [5], [6].

Recent developments in artificial intelligence have encouraged the application of deep learning (DL) and
computer vision to plant disease detection and classification [7]. Image-based diagnosis offers a promising
alternative because it is non-invasive and can potentially be integrated with increasingly accessible digital
and mobile imaging technologies. Previous studies have demonstrated that convolutional neural networks
(CNNs) can extract complex visual characteristics from plant images and achieve effective disease
classification. In addition to end-to-end CNN training, image embedding using pre-trained CNN
architectures provides another approach in which high-level visual features can be extracted without
developing and training an entire deep-learning model from scratch [8], [9]. Such an approach may reduce
computational requirements while retaining the representational capabilities of established CNN
architectures.

Nevertheless, existing studies on rice leaf disease classification have predominantly emphasized the
training or fine-tuning of a single deep-learning architecture, such as EfficientNet-B6 [11], optimized deep
transfer learning models [5], or vision transformers [14], and have generally reported the performance of
one end-to-end pipeline. These studies show that deep models can recognize rice leaf diseases, but they
do not indicate whether features extracted from frozen pre-trained CNNs, without further training, are
sufficient for this task. Studies that combine CNN-derived features with classical classifiers usually fix a
single pairing, as in the hybrid CNN-SVM model for rice leaf disease classification [8]. A related comparison
of VGG16, VGG19, and InceptionV3 features [18] evaluated only Logistic Regression and SVM, leaving the
contribution of a non-linear Neural Network classifier unexamined. As a result, three questions remain
unresolved for multiclass rice leaf classification: (1) which pre-trained embedding architecture provides the
most discriminative features, (2) whether the best-performing classifier remains the same across
embeddings or changes with the feature representation, and (3) which leaf conditions remain difficult to
separate when performance is examined beyond overall accuracy, particularly when class sizes are unequal.
Furthermore, approaches that require extensive model training or programming expertise may present
practical barriers for researchers, educators, and agricultural practitioners without access to advanced
computing infrastructure. Consequently, there remains a need to investigate whether feature
representations extracted from established pre-trained CNN models can be effectively combined with
conventional classification algorithms to provide accurate multiclass rice leaf condition classification
through an accessible workflow.

Orange Data Mining provides a suitable environment for addressing this methodological need because it
offers a visual and user-friendly workflow for implementing image embedding and machine-learning
classification. Through its Image Embedding functionality, pre-trained architectures such as VGG16,
VGG19, and InceptionV3 can be used to generate feature representations that can subsequently be
classified using machine-learning algorithms [10]. Previous applications have demonstrated the potential
of Orange as an accessible platform for constructing machine-learning workflows without requiring
extensive programming [11]. However, the comparative effectiveness of different combinations of CNN-
based image embeddings and classification algorithms for distinguishing multiple rice leaf conditions
requires further investigation. In particular, determining which combination produces the most reliable
classification performance is important for selecting the embedding—classifier pipeline on an empirical basis
rather than by default.

Accordingly, this study addresses this gap by systematically comparing combinations of pre-trained CNN-
based image embedding methods and machine-learning classifiers for multiclass rice leaf condition
classification within the Orange Data Mining environment. Five categories are examined: healthy rice leaves,
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bacterial blight, brown spot, leaf blast, and rice hispa. Image data obtained from a publicly available Kaggle
dataset are transformed into feature embeddings and subsequently evaluated using three classification
algorithms: Support Vector Machine (SVM), Logistic Regression, and Neural Network. Rather than focusing
solely on the performance of a single architecture, the study evaluates alternative embedding—classifier
combinations under a consistent experimental workflow to determine their comparative classification
performance.

The three embedding architectures were selected because they represent contrasting design principles
while being available within the same Orange Image Embedding environment. VGG16 and VGG19 belong
to the same architecture family but differ in depth [13], allowing the study to examine whether additional
convolutional layers yield more discriminative features for rice leaf lesions. InceptionV3, in contrast, extracts
visual information at multiple receptive-field scales through parallel Inception modules [14], [15], which
may be relevant because rice leaf diseases differ in lesion size, shape, texture, and distribution. The three
classifiers were selected because they form decision boundaries in different ways: Logistic Regression is a
linear probabilistic model [18], SVM separates classes by maximizing the margin between them [17], and
the Neural Network (multilayer perceptron) can model non-linear relationships among features. Pairing
every embedding with every classifier in a 3 x 3 design, under identical preprocessing, cross-validation, and
evaluation metrics, makes it possible to attribute differences in performance to the embedding, the classifier,
or their combination rather than to differences in experimental procedure. Reporting AUC, CA, Fl-score,
Precision, Recall, and MCC together with class-level confusion matrices further allows performance to be
judged beyond overall accuracy.

This study makes three main contributions. First, it provides a controlled comparison of nine embedding—
classifier combinations for five-class rice leaf condition classification on a public dataset, using multiple
complementary metrics rather than accuracy alone. Second, it examines whether the best-performing
classifier depends on the embedding architecture, which indicates whether the embedding and classifier
should be selected jointly as one pipeline rather than independently. Third, through class-level confusion-
matrix analysis, it identifies which leaf conditions remain difficult to distinguish, providing direction for
future data collection and model improvement. In addition, the workflow is implemented in an accessible
low-code environment, offering a reproducible baseline that does not require developing a computationally
intensive end-to-end deep-learning model. Because the evaluation is limited to a public dataset and does
not assess computational efficiency or field performance, the findings are intended as a methodological
foundation for the further development and validation of image-based rice disease identification systems
that may support broader efforts toward accessible digital agriculture and sustainable rice production in
Indonesia.

2. Method

This study employed a quantitative experimental approach based on image analysis to classify rice leaf
conditions using pre-trained convolutional neural network (CNN) feature extraction and machine-learning
classifiers. The experimental workflow consisted of five main stages: (1) dataset collection and preparation,
(2) image preprocessing, (3) feature extraction using pre-trained CNN architectures, (4) classification using
three machine-learning algorithms, and (5) model evaluation. All experiments were conducted in Orange
Data Mining using the same dataset and evaluation procedure to ensure that the performance of each
embedding—classifier combination could be compared under consistent experimental conditions. The
overall research procedure is presented in Figure 1.
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Figure 1. Research Methodology
a. Data Collection

The dataset used in this study consisted of 517 rice leaf images obtained from the publicly available Rice
Leaf Diseases Dataset on Kaggle. The dataset is available through the Rice Leaf Diseases Dataset on
Kaggle. The images represent five classes of rice leaf conditions: healthy, bacterial blight, brown spot, leaf
blast, and rice hispa.

The class labels provided in the dataset were retained as the target variables for classification. All 517
images available for the five selected categories were included in the experiment; therefore, no additional
sampling procedure was applied. The same dataset was used for every experimental combination to ensure
that differences in classification performance were attributable to the feature extraction and classification
methods rather than differences in input data.

b. Data Preprocessing

Before feature extraction, the images were prepared to establish a consistent input format. Each image was
resized to 256 x 256 pixels while retaining its corresponding class label. No additional manual feature
extraction was performed because visual features were automatically generated using pre-trained CNN
architectures during the image embedding stage.

After resizing, the images and their corresponding labels were imported into Orange Data Mining. The five
target labels were defined as healthy rice leaves, bacterial blight, brown spot, leaf blast, and rice hispa. The
prepared image data were subsequently connected to the Image Embedding widget to generate numerical
feature representations.

In

Figure 2. Data processing in Orange
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This preprocessing procedure ensured that the same image dataset and image dimensions were used for
all feature extraction models. Consequently, VGG16, VGG19, and InceptionV3 were evaluated using
consistent input data.

c. Feature Extraction with Image Embedding

Feature extraction was performed using the Image Embedding functionality in Orange Data Mining. Instead
of training a CNN from scratch, this study employed pre-trained CNN architectures as feature extractors.
Each input image was transformed into a numerical feature vector representing visual characteristics
learned by the pre-trained networks. These feature vectors subsequently served as predictor variables for
the classification algorithms.

Three pre-trained CNN architectures were evaluated: VGG16, VGG19, and InceptionV3. VGG16 is a deep
CNN architecture commonly employed for image feature extraction and has demonstrated high
classification performance in previous image-based applications [12]. VGG19 extends the VGG architecture
and contains 19 weighted layers, including 16 convolutional layers and three fully connected layers,
enabling the extraction of hierarchical visual representations [13].

InceptionV3 was included because its architecture is designed to capture visual patterns at different scales
while maintaining computational efficiency [14]. Its Inception modules employ parallel operations that
enable the network to extract multiple forms of image information at different receptive-field scales [15].
Previous research has demonstrated the effectiveness of InceptionV3 for image classification in several
domains, including agricultural and medical applications [16].

The three architectures were applied independently to the same set of 517 images. Thus, three feature
datasets were produced, corresponding to VGG16, VGG19, and InceptionV3 embeddings. Each resulting
feature dataset was subsequently evaluated using the same three classification algorithms. This procedure
generated nine embedding—classifier combinations for comparative evaluation.

d. Classification Models

Three classification algorithms were applied to the extracted image features: Support Vector Machine
(SVM), Logistic Regression, and Neural Network. Each classifier received the numerical feature vectors
generated by VGG16, VGG19, and InceptionV3 rather than the original image pixels. Accordingly, the
experimental design consisted of the following nine combinations: VGG16-SVM, VGG16-Logistic
Regression, VGG16-Neural Network, VGG19-SVM, VGG 19-Logistic Regression, VGG19-Neural Network,
InceptionV3-SVM, InceptionV3-Logistic Regression, and InceptionVV3—Neural Network.
a. Support Vector Machine (SVM)
SVM constructs a decision boundary by identifying a hyperplane that maximizes the margin between
classes in the feature space. In this study, the input feature space was generated from each of the
three CNN embedding architectures. The use of CNN-derived features with SVM has previously
demonstrated effective image classification performance because CNNs provide high-level visual
representations that can subsequently be separated by a discriminative classifier [17]. SVM was
therefore evaluated to determine how effectively it could distinguish the five rice leaf classes based
on each embedding representation.
b. Logistic Regression
Logistic Regression was employed as a probabilistic linear classification method. Although originally
formulated for binary outcomes, it can be extended to multiclass classification and has the advantages
of computational simplicity and interpretability [18]. In this experiment, Logistic Regression classified
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the five rice leaf conditions based on feature vectors generated independently by VGG16, VGG19,
and InceptionV3.

c. Neural Network
The Neural Network classifier was used to capture potentially non-linear relationships among the
CNN-derived image features. The classifier was based on a multilayer perceptron (MLP), in which the
embedded features were provided as input variables and the five rice leaf conditions constituted the
target classes. As with SVM and Logistic Regression, the Neural Network was evaluated separately
using features generated by each of the three embedding architectures.

Unless otherwise modified in the experimental configuration, the classifiers were implemented through
Orange Data Mining using the parameter settings applied consistently throughout the experiments.
Keeping the experimental procedure consistent allowed direct comparison among the nine embedding—
classifier combinations.

e. Model Evaluation

The experimental procedure was designed to compare the influence of both feature extraction architecture
and classification algorithm. First, the standardized images were processed separately using VGG16,
VGG19, and InceptionV3. Second, the feature vectors produced by each architecture were connected
independently to SVM, Logistic Regression, and Neural Network classifiers. This resulted in nine
experimental configurations.

Model performance was evaluated through the stratified 5-fold cross-validation procedure available in
Orange Data Mining. During cross-validation, the dataset was repeatedly divided into training and
validation subsets so that each model was trained on one portion of the data and evaluated on previously
unseen observations. Specifically, the 517 images were divided into five folds of 103-104 images while
preserving the class proportions, so that each fold contained 24 images of each disease class and seven or
eight healthy images. In each of the five iterations, four folds (413-414 images) were used for training and
the remaining fold was used for validation; consequently, every image was used for validation exactly once.
The same validation procedure was applied to all nine model combinations to maintain comparability and
reduce the possibility that performance differences resulted from inconsistent evaluation procedures.

f. Evaluation Metrics

Six metrics were used to evaluate classification performance: Area Under the Curve (AUC), Classification
Accuracy (CA), Precision, Recall, F1-score, and Matthews Correlation Coefficient (MCC). Multiple metrics
were considered because classification accuracy alone may not provide a complete representation of model
performance, particularly when class distributions are unequal. Classification Accuracy represents the
proportion of correctly classified observations and is expressed as:
CA=(TP+TN)/ (TP + TN+ FP + FN)

where 7P denotes true positives, 7N true negatives, FPfalse positives, and FNfalse negatives.
Precision represents the proportion of correctly predicted positive observations among all observations
predicted as positive:

Precision = TP /(TP + FP)
Recall measures the proportion of actual positive observations that are correctly identified:

Recall = TP/ (TP + FN)
The F1-score provides a balanced measure of Precision and Recall and is calculated as their harmonic mean:
F1 = 2 x (Precision x Recall) / (Precision + Recall)

Enhancing Rice Leaf Disease Detection Through Image Embedding and Machine Learning. Steffanie Emillia Dedy
et.al



Journal Of Data Science ISSN 3025-2792
Vol. 4, No. 01, 2026, pp. 64-82 70

AUC evaluates the ability of a classifier to discriminate among classes based on the Receiver Operating
Characteristic (ROC) curve. A higher AUC indicates stronger discriminative capability, with values
approaching 1 representing better classification performance [19].
MCC was additionally employed because it considers all components of the confusion matrix and can
provide a balanced assessment even when class distributions are unequal. It is expressed as:

MCC = (TP x TN = FP x FN) /y/[(TP + FP)(TP + FN)(TN + FP)(TN + FN)]
MCC ranges from -1 to +1, where +1 indicates perfect prediction, O indicates performance equivalent to
random prediction, and —1 represents complete disagreement between predictions and actual classes.

The evaluation scores generated through cross-validation were compared across the nine embedding-
classifier combinations. The combination producing the strongest overall performance across AUC, CA, F1-
score, Precision, Recall, and MCC was subsequently identified as the most effective configuration for
classifying the five rice leaf conditions examined in this study.

3. Results And Discussion

This study evaluated three classification algorithms—Support Vector Machine (SVM), Logistic Regression,
and Neural Network—using image features extracted from three pre-trained CNN architectures: VGG16,
VGG19, and InceptionV3. The classification task involved five rice leaf conditions: bacterial blight, brown
spot, healthy leaves, leaf blast, and rice hispa. Figures 3-7 present representative images of the five classes
used in the classification process.

. I

Figure 3. Bacterial blight
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Figure 4. Brown spot

A

Figure 5. Healthy Leaf
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Figure 6. Leaf B'Iast
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Figure 7. Rice Hispa
Computation and Aggregation of Multiclass Evaluation Metrics

Because the task involves K= 5 classes, the binary expressions given in Section 2.6 cannot be applied
directly to the whole confusion matrix. In this study, they are applied to each class separately in a one-vs-
rest manner and then aggregated into a single score, following the procedure implemented in the Test and
Score widget of Orange Data Mining [26], [27]. Let C denote the 5 x 5 confusion matrix pooled over the
five stratified cross-validation folds, where Cij is the number of images whose actual class is i and whose
predicted class is j; N = 517 is the total number of images; n«is the number of images that actually belong
to class k (row total, or class support); and mis the number of images predicted as class & (column total).
For each class &, the one-vs-rest counts are:
TP, = Cxx, FP, = my — Crx, FN =ny — Cyg, TN, =N — TP, —FP, —FN,, (1)

Classification Accuracy is the proportion of all images lying on the main diagonal of C This expression
replaces the binary form (TP + TN)/(TP + TN + FP + FN), which is defined only for a single positive class:

K
CA = Zk:l Ckk (2)

N
Per-class Precision, Recall, and F1-score are obtained from the one-vs-rest counts of Equation (1):
. s TPy TPy __ 2-Precisiong-Recally
Precisiony, = TPy +FP}’ Recally = TPx+FN}’ k ™ Precisionj+Recallj, (3)

The single values reported in Table 1 are support-weighted averages of these per-class values (the
“average over classes” setting of Orange), in which each class contributes in proportion to its size [27]:
M, = ’,le%Mk, M € {Precision, Recall, F1}  (4)

Two consequences of Equation (4) are important for interpreting the results. First, the weighted Recall is
mathematically identical to CA, because Y (n/ M (Cu/nd =Y Cud N. This explains why Recall and CA are equal
for every combination in Table 1, and the two columns should therefore not be read as independent
evidence. Second, the weighted Fl-score is the weighted mean of the per-class Fl-scores, not the
harmonic mean of the weighted Precision and Recall, so it can be lower than both when per-class
performance is uneven (e.g., 0.872 versus 0.886 and 0.878 for InceptionV3-SVM). Because the healthy
class contains only 37 of 517 images, it receives a weight of only 0.072 in Equation (4). Macro-averaged
values, which give every class equal weight, are therefore also reported in Sections 3.7 and 3.8:

Myacro = %Zlkgle (5)
For MCC, the binary formula in Section 2.6 is replaced by its multiclass (K-category) generalization [28],
which uses the full confusion matrix instead of a single positive class:

eN=ZR_ g mueny K

MCC = , €=2k=1Ckk (6)
Jve-zi m) (ve-s )

Equation (6) reduces to the binary MCC when K= 2. For example, applying it to the InceptionV3 confusion
matrix in Table 4 (c= 454, N=517) gives MCC = 174,006 / 205,839 = 0.845, which reproduces the value
exported by Orange. Finally, AUC is computed for each class as a one-vs-rest ROC curve based on the
predicted probability of that class [19], and the K'class-wise values are combined as:

AUC = YE_ w AUC,, w, = ) (7
Yi=1WiAUC, wy S5, (N-nj) (7)
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With this weighting, each of the four classes with 120 images receives a weight of 0.229, whereas the
healthy class receives 0.085. In Orange, AUC is calculated within each validation fold and then averaged
across folds, whereas CA, Precision, Recall, F1-score, and MCC are calculated from the predictions pooled
over all folds, so that every image is predicted exactly once by a model that did not see it during training.
The correctness of this description was verified by recomputing the metrics from the confusion matrices in
Tables 2-4: the weighted Precision, Recall, F1-score, and multiclass MCC obtained with Equations (2)-(6)
match the values exported by Orange to three decimal places.

Overall Comparison of the Nine Embedding—Classifier Combinations

Table 1 summarizes all six evaluation metrics for the nine embedding—classifier combinations in a single
table, together with the number of correctly classified images and the 95% Wilson confidence interval (Cl)
of CA [29]. The combinations are ranked by MCC because, unlike weighted Recall, MCC uses every cell of
the confusion matrix.

Table 1. Classification performance of the nine embedding—classifier combinations (cross-validation, N =

517)
. o .. F1- Correct (of 95% CI

Embedding Classifier AUC CA Precision Recall score MCC 517) of CA Rank
0.822—

SVM 0972 0855 0853 0855 0.851 0.814 442 voes 9

VGG16 Logistic 0.976 0.880 0.880 0.880 0.879 0.846 455 0849- o
Regression 0.905
Neural 0.847-

Netmari 0978 0.878 0.877 0878 0.876 0.844 454 voos 7
0.851-

SVM 0977 0882 0.882 0882 0876 0.849 456 oy 4

VGG19 Logistic 0972 0859 0.855 0.859 0.857 0.819 444 0826- g
Regression 0.886
Neural 0.868-

Netork 0.979 0.897 0.895 0.897 0.895 0.868 464 sons 2
0.847-

SVM 0.985 0.878 0.886 0.878 0.872 0.845 454 voos  ©

Inceptiony3 -°9'stic 0986 0911 0911 0911 0910 0.886 471 0883-
Regression 0.933
Neural 0.866-

Nt 0984 0.896 0.894 0.896 0.895 0.866 463 oty 3

Note: Precision, Recall, and F1l-score are support-weighted averages over the five classes (Eqg. 4); AUC is
the weighted one-vs-rest average (Eq. 7); MCC is the multiclass coefficient (Eq. 6). The 95% Cl of CA is the
Wilson interval computed from the number of correctly classified images. Rank is based on MCC. Bold
indicates the best-performing combination, which achieved the highest value for every metric.

Across the nine combinations, CA ranged from 0.855 (VGG16-SVM; 442 correct) to 0.911 (InceptionV3-
Logistic Regression; 471 correct), a difference of 29 images, and MCC ranged from 0.814 to 0.886. The
ranking by CA and the ranking by MCC were identical, indicating that the ordering of the pipelines is not an
artifact of a single metric. AUC varied much less (0.972-0.986) and exceeded 0.97 for every combination.
This shows that all pipelines assigned a high predicted probability to the correct class even when the final
class decision was wrong; AUC is therefore less useful than CA or MCC for discriminating among the
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pipelines. Nevertheless, AUC reveals a consistent embedding effect: all three InceptionV3 combinations
(0.984-0.986) achieved a higher AUC than any VGG16 or VGG19 combination (< 0.979).

Variation in the cross-validation results must also be considered when interpreting the ranking. Because
stratified 5-fold cross-validation was used, each validation fold contained only 103-104 images, including
seven or eight healthy images, so fold-level estimates, particularly for the healthy class, are expected to
fluctuate considerably. The scores in Table 1 are calculated from pooled out-of-fold predictions, and the
Orange output used in this study does not report fold-to-fold standard deviations; the Wilson Cl is therefore
used to express the sampling uncertainty of CA for a dataset of 517 images. The Cl of the best combination,
InceptionVV3-Logistic Regression (0.883-0.933), overlaps with the Cls of the second- and third-ranked
combinations, VGG19-Neural Network (0.868-0.921) and InceptionV3-Neural Network (0.866-0.919),
and its advantage over the second-ranked combination corresponds to only seven images (1.4 percentage
points). Consequently, InceptionV3-Logistic Regression should be described as the best-performing
combination observed in this experiment rather than as significantly superior to all alternatives; confirming
its superiority would require repeated cross-validation or a paired test on per-image predictions. In contrast,
its margin over the two lowest-ranked combinations, VGG19-Logistic Regression (0.826-0.886) and
VGG16-SVM (0.822-0.883), is larger and more robust.

Classification Performance Using VGG16

The results obtained using VGG16 show that all three classifiers were able to classify the rice leaf images
with relatively high performance (Table 1). Logistic Regression achieved a Classification Accuracy (CA) of
0.880, while Neural Network achieved a CA of 0.878, Fl-score of 0.876, and Recall of 0.878. SVM
produced the lowest CA among the three classifiers at 0.855, which was also the lowest value among all
nine combinations (MCC 0.814). Logistic Regression also achieved an MCC of 0.846.

These results indicate that VGG16-generated features contain sufficient discriminative information for
separating the five rice leaf conditions. However, the relatively small difference between Logistic
Regression and Neural Network (one image; 455 versus 454 correct) suggests that neither linear nor non-
linear classification alone determines performance. Instead, classification effectiveness is also influenced by
the quality of the visual representations generated during the embedding stage.

The VGG16 results therefore establish an important baseline for comparison with the deeper VGG19
architecture and the multi-scale feature extraction mechanism of InceptionV3. Although VGG16 provided
good classification results, subsequent experiments demonstrate that changing the embedding architecture
can further improve classification performance.

Classification Performance Using VGG19

VGG19 produced higher peak classification performance than VGG16 (Table 1). The Neural Network
achieved a CA of 0.897, F1-score of 0.895, Precision of 0.895, Recall of 0.897, and MCC of 0.868. SVM
achieved a CA of 0.882 and MCC of 0.849, whereas Logistic Regression recorded a CA of 0.859.

The performance pattern differs from that obtained with VGG16. With VGG19 features, Neural Network
clearly produced the highest reported CA, F1-score, Precision, Recall, and MCC among the three classifiers.
The increase in peak CA from 0.880 with VGG16 to 0.897 with VGG19 indicates that the choice of
embedding architecture affects the discriminative quality of the extracted features.

VGG19 contains a deeper feature extraction structure than VGG16 [13]. The results suggest that the
representation produced by VGG19 can be effectively processed by a Neural Network classifier for this
dataset. However, the results also demonstrate that a more complex feature extractor does not
automatically improve every classifier. Logistic Regression, for example, achieved a lower CA with VGG19
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(0.859) than with VGG16 (0.880), corresponding to 11 additional errors. Therefore, classification
performance depends on the interaction between the embedding architecture and the classifier rather than
on embedding depth alone.

Classification Performance Using InceptionV3

Among the tested configurations, the highest overall classification results were obtained when InceptionV3
features were combined with Logistic Regression (Table 1). This combination achieved an AUC of 0.986,
CA of 0.911, F1-score of 0.910, Precision of 0.911, Recall of 0.911, and MCC of 0.886. Neural Network
also performed strongly with a CA of 0.896 and MCC of 0.866, while SVM achieved a CA of 0.878.

The CA of 0.911 obtained by InceptionV3-Logistic Regression was higher than the highest reported CA
obtained using VGG16 (0.880) and VGG19 (0.897). The MCC value of 0.886 further indicates strong
agreement between predicted and actual classifications. Thus, the performance improvement is not
reflected only in accuracy but is also supported by another evaluation measure that accounts for all cells of
the confusion matrix. However, as discussed in Section 3.2, the margin over VGG19-Neural Network and
InceptionVV3-Neural Network (seven and eight images, respectively) is small relative to the sampling
uncertainty of the cross-validation estimate.

A possible explanation for this result is related to the characteristics of the InceptionV3 architecture.
InceptionV3 is designed to capture image information at multiple scales through its Inception modules [14],
[15]. Such representations may be advantageous when disease categories are distinguished by variations
in lesion shape, texture, distribution, and other visual characteristics. In this experiment, the resulting feature
representation was effectively separated by Logistic Regression, indicating that the extracted InceptionV3
features provided a feature space suitable for distinguishing the five classes.

An important finding is that the most effective classifier changed according to the embedding architecture.
Neural Network produced the highest reported CA with VGG19, whereas Logistic Regression produced
the highest CA with VGG16 and InceptionV3. This finding demonstrates that classifier selection should not
be considered independently from the feature extraction method. Instead, the embedding and classifier
should be evaluated as a combined classification pipeline.

Comparative Analysis of Embedding-Classifier Combinations

Comparison of the three embedding approaches in Table 1 demonstrates that the best-performing
configuration was InceptionV3 combined with Logistic Regression, which achieved a CA of 0.911 and MCC
of 0.886. The best reported configuration using VGG19 achieved a CA of 0.897 and MCC of 0.868 with
Neural Network, while the highest reported VGG16 accuracy was 0.880 using Logistic Regression.

Averaged over the three classifiers, the mean CA was 0.871 for VGG16, 0.879 for VGG19, and 0.895 for
InceptionV3, and the mean MCC was 0.835, 0.845, and 0.866, respectively. InceptionV3 therefore provided
the most discriminative features on average, not only in its best pairing. Averaged over the three
embeddings, the mean CA was 0.872 for SVM, 0.883 for Logistic Regression, and 0.890 for Neural
Network. The classifiers also differed in their sensitivity to the feature representation. The CA of the Neural
Network varied within a narrow range (0.878-0.897; range 0.019), that of SVM varied by 0.027 (0.855-
0.882), and that of Logistic Regression varied by 0.052 (0.859-0.911), from the second-lowest to the
highest value in Table 1. Thus, Logistic Regression produced the best single result but was also the least
stable classifier across embeddings, whereas the Neural Network was the most consistent choice when the
embedding is not fixed in advance.

These results provide an important answer to the research problem because they demonstrate that
effective rice leaf classification does not necessarily require training a CNN architecture from scratch. Pre-
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trained CNNs can instead be employed to generate visual feature representations that are subsequently
processed by conventional classification algorithms. Among the combinations examined in this study,
InceptionV3 features provided the strongest performance when paired with Logistic Regression.

The findings also address the methodological gap identified in this study by demonstrating the importance
of evaluating multiple embedding—classifier combinations within the same experimental workflow. The
results show that the relative performance of the classifiers changes across embedding architectures. For
example, Logistic Regression performed strongly with InceptionV3 but produced a lower CA with VGG19,
while Neural Network performed particularly well with VGG19. Consequently, evaluating only one CNN
embedding or one classifier could provide an incomplete assessment of the classification pipeline.

Confusion Matrix Analysis

In addition to aggregate evaluation metrics, confusion matrices were examined to determine how
predictions were distributed across individual rice leaf classes. This analysis is important because similar
overall accuracy values can conceal substantial differences in model performance for particular classes.

Tables 2-4 present the confusion matrices as editable tables, together with the class-level Recall (row-
wise) and Precision (column-wise). Each matrix contains all 517 out-of-fold predictions. To identify the
classifier that produced each matrix, the metrics were recomputed from the matrix using Equations (2)—(6).
The VGG16 matrix (454 correct; CA 0.878, weighted Precision 0.877, Fl-score 0.876, MCC 0.844)
reproduces VGG16-Neural Network; the VGG19 matrix (456 correct; CA 0.882, Precision 0.882, F1-score
0.876, MCC 0.849) reproduces VGG19-SVM; and the InceptionV3 matrix (454 correct; CA 0.878, Precision
0.886, F1-score 0.872, MCC 0.845) reproduces InceptionV3-SVM in Table 1. The class-level analysis below
therefore describes these three combinations. For comparison, the best-performing InceptionV3-Logistic
Regression combination misclassified 46 images (471 correct), 17 fewer than InceptionV3-SVM.

VGG16 Confusion Matrix (Neural Network)
Table 2. Confusion matrix of the VGG16 embedding with the Neural Network classifier

Bacterial Brown

Actual \ Predicted blight spot Healthy Leaf blast Rice hispa Total (1) Recall
Bacterial blight 101 0 0 17 2 120 0.842
Brown spot 0 115 3 1 1 120 0.958
Healthy 0 4 22 1 10 37 0.595
Leaf blast 10 1 0 107 2 120 0.892
Rice hispa 3 1 4 3 109 120 0.908
Total predicted (my) 114 121 29 129 124 517

Precision 0.886 0.950 0.759 0.829 0.879

Note: Rows are actual classes and columns are predicted classes; bold diagonal cells are correctly classified
images. Recall = diagonal / row total; Precision = diagonal / column total. Values are pooled over all cross-
validation folds (N = 517).

As shown in Table 2, the VGG16 confusion matrix indicates that most observations were correctly
classified. Bacterial blight was correctly predicted in 101 of 120 images, while brown spot achieved 115
correct predictions out of 120 images. Leaf blast was correctly identified in 107 of 120 images, and rice
hispa was correctly classified in 109 of 120 images.

Healthy leaves showed the lowest number of correct classifications, with 22 of 37 images correctly
identified (Recall 0.595). The remaining healthy images were primarily confused with rice hispa (10 images)
and brown spot (4 images). Previous studies have also indicated that visual similarity among leaf conditions
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can complicate image-based classification [20], [21]. Similarly, 17 bacterial blight images were classified as
leaf blast, and 10 leaf blast images were classified as bacterial blight, indicating that distinguishing visually
related disease symptoms remains challenging. Together, these two directions accounted for 27 of the 63
errors (42.9%) made by VGG16-Neural Network, making bacterial blight—leaf blast the dominant confusion
pair for this embedding.

The high number of correct predictions for brown spot and rice hispa suggests that the VGG16 feature
representation captured visual information that differentiated these categories relatively well. In contrast,
the errors involving healthy leaves and certain disease categories indicate that class-specific visual
separability remains uneven.

VGG19 Confusion Matrix (SVM)
Table 3. Confusion matrix of the VGG19 embedding with the SVM classifier

Bacterial Brown

Actual \ Predicted blight spot Healthy Leafblast Rice hispa Total (n) Recall
Bacterial blight 112 0 0 3 5 120 0.933
Brown spot 1 117 0 2 0 120 0.975
Healthy 2 4 16 1 14 37 0.432
Leaf blast 14 3 0 101 2 120 0.842
Rice hispa 2 1 3 4 110 120 0.917
Total predicted (/m4) 131 125 19 111 131 517

Precision 0.855 0.936 0.842 0.910 0.840

Note: Rows are actual classes and columns are predicted classes; bold diagonal cells are correctly classified
images. Recall = diagonal / row total; Precision = diagonal / column total. Values are pooled over all cross-
validation folds (N = 517).

Table 3 shows that the VGG19 confusion matrix also shows a predominance of correct predictions (456 of
517). Bacterial blight was correctly identified in 112 of 120 images (Recall 0.933), with 3 images
misclassified as leaf blast and 5 as rice hispa. Brown spot recorded 117 correct classifications out of 120
images (Recall 0.975), the highest class-level Recall in the three matrices. Leaf blast was correctly
recognized in 101 of 120 images, and 14 of its 19 errors were predictions of bacterial blight. Rice hispa
achieved 110 correct predictions out of 120 images.

Healthy leaves again represented the most difficult category, with only 16 correct classifications out of 37
images (Recall 0.432). Of the 21 misclassified healthy images, 14 were classified as rice hispa, 4 as brown
spot, 2 as bacterial blight, and 1 as leaf blast. This pattern is consistent with the challenge of separating
categories when image characteristics overlap [22], [23]. Previous studies have similarly identified visual
similarity among plant leaf conditions as a factor affecting classification performance [24], [25].

The confusion pattern between bacterial blight and leaf blast is particularly noteworthy because errors
occurred in both directions. This suggests that some images from these categories contain overlapping
feature representations. In VGG19-SVM, however, the confusion was strongly asymmetric (14 leaf blast
images predicted as bacterial blight versus 3 in the opposite direction), indicating that this classifier tended
to assign ambiguous elongated lesions to bacterial blight, which also lowered the Precision of bacterial
blight to 0.855. Therefore, although VGG19 improved overall model performance, certain class-level
classification difficulties remained.
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InceptionV3 Confusion Matrix (SVM)
Table 4. Confusion matrix of the InceptionV3 embedding with the SVM classifier

Bacterial Brown

Actual \ Predicted blight spot Healthy Leaf blast Rice hispa Total (n4 Recall
Bacterial blight 101 0 0 9 10 120 0.842
Brown spot 2 115 0 3 0 120 0.958
Healthy 0 3 15 1 18 37 0.405
Leaf blast 7 4 0 105 4 120 0.875
Rice hispa 0 0 1 1 118 120 0.983
Total predicted (my) 110 122 16 119 150 517

Precision 0.918 0.943 0.938 0.882 0.787

Note: Rows are actual classes and columns are predicted classes; bold diagonal cells are correctly classified
images. Recall = diagonal / row total; Precision = diagonal / column total. Values are pooled over all cross-
validation folds (N = 517).

The InceptionV3 confusion matrix (Table 4) shows strong classification performance for most disease
categories. Bacterial blight was correctly classified in 101 of 120 images, while some images were classified
as leaf blast (9 images) and rice hispa (10 images). Brown spot achieved 115 correct predictions out of 120
images. Leaf blast was correctly classified in 105 of 120 images, with some observations confused with
bacterial blight (7 images) and brown spot (4 images).

Rice hispa showed particularly strong class-level performance, with 118 of 120 images correctly classified
(Recall 0.983). However, rice hispa also absorbed many errors from other classes, receiving 150 predictions
for only 120 actual images, so its Precision fell to 0.787, the lowest class-level Precision in the three
matrices. In contrast, healthy leaves remained the most difficult category, with only 15 of 37 images
correctly identified and 18 images (82% of the healthy-leaf errors) classified as rice hispa. Thus, even with
the embedding that produced the highest overall performance, classification performance was not equally
distributed across all classes.

This result provides an important qualification to the aggregate performance metrics. The CA of 0.911 and
MCC of 0.886 obtained with Logistic Regression demonstrate strong overall classification performance, but
the confusion matrix of the same embedding indicates that classification errors remain concentrated in
particular categories. Therefore, the higher overall performance of InceptionV3 should be interpreted
together with its class-level behavior rather than solely from accuracy.

Classes with the Most Misclassification

Table 5. Class-level F1-score and the effect of the averaging method in the three confusion matrices
VGG16 - Neural

Class / measure n (%) VGG19 - SVM InceptionV3 - SVM
Network

F1-score: Bacterial blight 120 (23.2) 0.863 0.892 0.878

F1-score: Brown spot 120 (23.2) 0.954 0.955 0.950

F1-score: Healthy 37 (7.2) 0.667 0.571 0.566

F1-score: Leaf blast 120 (23.2) 0.859 0.874 0.879

F1-score: Rice hispa 120 (23.2) 0.893 0.876 0.874

Weighted Fl-score (as in o15 100) 0876 0.876 0.872

Table 1)

Macro F1-score (Eq. 5) 0.847 0.834 0.829
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Class / measure n (%) VGG16 — Neural \/--19_SUM  InceptionV3 —SVM
Network

CA (= weighted Recall) 0.878 0.882 0.878

Balanced accuracy (macro 0.839 0.820 0813

Recall)

Errors made on healthy

15/63 (23.8%) 21/61 (34.4%)  22/63 (34.9%)
leaves/ all errors

Note: 7= number of images in the class (percentage of N=517). Weighted values follow Eq. (4) and macro
values follow Eq. (5). Balanced accuracy is the unweighted mean of the five class-level Recall values. Bold
marks the minority (healthy) class.

Table 5 compares the class-level Fl-scores across the three matrices, and three consistent patterns
emerge. First, healthy leaves were the most frequently misclassified class in every matrix, with a Recall of
only 0.595, 0.432, and 0.405 and F1-scores of 0.566-0.667, compared with 0.859-0.955 for the four
disease classes. Although healthy leaves represent only 7.2% of the dataset, they accounted for 23.8%-
34.9% of all errors. In contrast, their Precision was relatively high (0.759, 0.842, and 0.938) because the
classifiers predicted the healthy class only rarely (29, 19, and 16 predictions for 37 actual images). This
combination of high Precision and low Recall indicates that the classifiers were conservative toward the
minority class and assigned uncertain healthy images to larger classes, most often rice hispa (10, 14, and
18 images). A plausible visual explanation is that rice hispa damage often appears as narrow pale streaks
on an otherwise green leaf, so mildly damaged rice hispa leaves and healthy leaves share most of their
image area [22].

Second, bacterial blight and leaf blast formed the most frequent confusion pair among the disease classes
(27,17, and 16 errors in Tables 2, 3, and 4, respectively). Both diseases produce elongated lesions that can
appear similar when the image is reduced to 256 x 256 pixels, which is consistent with the visual-similarity
problem reported in previous studies [22], [23]. Third, brown spot was the most reliably recognized class
in all three matrices (F1-score 0.950-0.955), suggesting that its relatively small, rounded brown lesions are
well captured by all three embeddings. These patterns indicate that further improvement should focus
primarily on the healthy-rice hispa and bacterial blight—leaf blast boundaries rather than on overall accuracy.

Effect of Class Imbalance

The dataset is moderately imbalanced: four classes contain 120 images each (23.2%), whereas the healthy
class contains 37 images (7.2%), giving an imbalance ratio of 3.2:1. No resampling or class weighting was
applied, so the classifiers were trained on this distribution in every fold. The imbalance affects the results in
two ways. First, as shown by Equations (4) and (7), the healthy class contributes only 7.2% of the weight
in the weighted Precision, Recall, and F1-score and 8.5% of the weight in AUC; the aggregate scores in
Table 1 therefore mainly reflect performance on the four disease classes. Table 5 shows that giving each
class equal weight lowers the Fl-score from 0.876 to 0.847 for VGG16-Neural Network, from 0.876 to
0.834 for VGG19-SVM, and from 0.872 to 0.829 for InceptionV3-SVM, and that the balanced accuracy
(0.813-0.839) is 0.04-0.07 lower than the corresponding CA (0.878-0.882). Second, the minority class
was predicted less often than it occurred, which produced the low healthy-leaf Recall described in Section
3.7.

MCC, which accounts for all cells of the confusion matrix and is less affected by class proportions than CA
or Fl-score [30], provides a more conservative summary (0.844-0.849 for these three combinations,
compared with CA values of 0.878-0.882). For this reason, MCC and macro-averaged metrics should be
considered together with CA when comparing the pipelines. Future work should collect additional healthy-
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leaf images or apply data augmentation, oversampling, or class-weighted training, and should report
macro-averaged metrics ; although the stratified 5-fold design used here ensured that every validation fold
contained healthy images, each fold contained only seven or eight of them, so repeated stratified cross-
validation is needed to obtain stable estimates for the minority class.

Overall Discussion

Overall, the experimental findings demonstrate that the selection of the image embedding architecture
substantially affects the subsequent performance of the classification algorithms. VGG 16 provided a useful
baseline, VGG19 produced improved peak performance when combined with Neural Network, and
InceptionV3 generated the highest overall evaluation results when combined with Logistic Regression. The
InceptionVV3-Logistic Regression configuration, with an AUC of 0.986, CA of 0.911, Fl-score of 0.910,
Precision of 0.911, Recall of 0.911, and MCC of 0.886, was the strongest configuration among those
evaluated, and InceptionV3 also produced the highest mean CA and MCC across the three classifiers.

At the same time, the results demonstrate that no classifier consistently produced the highest performance
across all embedding architectures. This reinforces the importance of evaluating feature extraction and
classification as an integrated pipeline. The findings therefore extend the use of pre-trained CNNs beyond
standalone deep-learning classification by demonstrating that CNN-derived image embeddings can be
effectively combined with conventional machine-learning classifiers.

The confusion matrix analysis further reveals that strong aggregate performance does not eliminate class-
specific classification difficulties. Brown spot and rice hispa generally showed high numbers of correct
predictions, whereas healthy leaves remained comparatively difficult to distinguish, being the most
misclassified class in all three confusion matrices and most often confused with rice hispa. Misclassification
was also observed between bacterial blight and leaf blast. These results suggest that visual similarity
among categories remains an important challenge in image-based rice leaf classification [20]-[25]. Because
the healthy class is also the smallest class, the weighted metrics in Table 1 partly mask this weakness, as
shown by the lower macro-averaged F1-score and balanced accuracy in Table 5.

Taken together, the findings address the research gap by providing a direct comparison of multiple pre-
trained CNN embeddings and classification algorithms within the same analytical workflow. Rather than
assuming that a deeper embedding architecture or more complex classifier will automatically produce better
results, this study demonstrates that performance depends on the specific embedding—classifier
combination. Within the configurations and dataset evaluated in this study, InceptionV3 combined with
Logistic Regression produced the highest overall evaluation results, while the confusion matrix analysis
identifies class-specific limitations that should be considered when interpreting the model's performance.
Because the confidence intervals of the three highest-ranked combinations overlap, this selection should
be confirmed using repeated cross-validation and an independent, field-acquired test set.

4. Conclusion

This study evaluated the performance of three pre-trained CNN architectures, VGG16, VGG19, and
InceptionV3, as image embedding methods combined with Support Vector Machine, Logistic Regression,
and Neural Network for classifying five rice leaf conditions in a public Kaggle dataset of 517 images. The
results demonstrate that classification performance varies according to the combination of embedding
architecture and classification algorithm. Among the nine configurations evaluated, InceptionV3 combined
with Logistic Regression achieved the highest overall performance, with an AUC of 0.986, Classification
Accuracy of 0.911, Fl1-score of 0.910, Precision of 0.911, Recall of 0.911, and MCC of 0.886, although the
95% confidence interval of its accuracy (0.883-0.933) overlapped with those of the next two best
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combinations. Within this dataset, these findings indicate that features extracted from pre-trained CNNs,
without end-to-end training, can be combined with a conventional machine-learning classifier to achieve
high multiclass classification performance. They do not, however, establish the approach as a practical
solution for the diagnosis or early detection of rice diseases in the field.

The study contributes a comparative evaluation of multiple CNN embedding—classifier combinations within
the same analytical workflow. The findings also show that the best-performing classifier depends on the
feature representation used, as Neural Network performed particularly well with VGG19, whereas Logistic
Regression achieved the highest overall performance when combined with InceptionV3. However, the
confusion matrix analysis indicates that classification performance was not uniform across all classes, with
healthy leaves remaining more difficult to classify than several disease categories (Recall of 0.405-0.595 in
the confusion matrices examined), most often being misclassified as rice hispa.

Several limitations should be considered when interpreting these results. First, the experiment used a single
public dataset with a limited number of images (517), and the healthy class contained only 37 images, so
the reported metrics, particularly those for healthy leaves, are sensitive to a small number of predictions.
Second, the images were taken from an existing online collection and the models were not validated under
field conditions, where variation in illumination, background, camera device, leaf orientation, growth stage,
and the co-occurrence of several diseases may reduce performance. Third, performance was estimated only
by stratified 5-fold cross-validation on the same dataset, without an independent external test set; the
dataset does not distinguish disease stages, so the ability to detect early symptoms was not evaluated; and
computational efficiency was not assessed. Consequently, the results should be regarded as evidence of
feasibility on this dataset rather than as proof of a field-ready diagnostic or early-detection system.

Future research should test the embedding—classifier pipelines on larger and more diverse datasets,
particularly images acquired directly from rice fields under real conditions in different regions, seasons, and
growth stages and with different devices, and should evaluate the models on independent field-acquired
test sets. Such studies should also address class imbalance through additional data collection or class-
weighted training, report fold-level variation using repeated cross-validation, include labelled images of
early-stage symptoms, and assess computational cost on the mobile or low-resource devices for which the
approach is intended before it is considered for agricultural decision support.
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