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Abstract

The diseases of the guava plant are harmful to both yield and fruit quality. Recognizing diseases in the
early stages is crucial for orchard management. Comparing deep learning studies published is a
challenging task, since they often involve different data sets, preprocessing steps, training procedures,
and evaluation methodologies. This study benchmarks the current state of the art in the field of deep
learning based on a curated public database (521 images) categorized into five classes related to the
healthy and diseased states of the guava plant. Specifically, this study compares ResNet50,
DenseNet121, EfficientNet B0, EfficientNetV2 S, ConvNeXt Tiny, MobileNetV3 Large, Swin
Transformer Tiny, DeiT Tiny, MaxViT Tiny, and GhostNet algorithms using a curated database of 521
images. Each algorithm was trained using the same data split, pre-processing steps, hyperparameters,
and evaluation protocol. Accuracy, balanced accuracy, Macro F1 score, and Matthews Correlation
Coefficient (MCC) were calculated. Additionally, confusion matrices, receiver operating characteristics
and precision-recall curves were generated, and the efficacy of each algorithm was evaluated using
efficiency and statistical tests. ConvNeXt Tiny and ResNet50 produced the highest observed point
estimates: accuracy 98.73%, balanced accuracy 98.89%, Macro F1 score 98.78%, MCC 98.43%, and one
wrong prediction for the test data set. GhostNet, EfficientNet B0, DenseNet121, and MaxViT Tiny
achieved a similar result with a Macro F1 score of 98.74%. MobileNetV3 Large and GhostNet were the
fastest algorithms and required 4.75 and 4.76 ms per image for processing, respectively. Overall,
ConvINeXt Tiny showed a favorable relationship between predictive performance and computational
requirements under the adopted fixed-partition protocol.
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1. Introduction different regions of the world due to its high nutritional
Guava (Psidium guajava 1.) is an economically value and increasing market demand [1]. The fruit is
important tropical fruit crop widely cultivated across particularly rich in vitamin C, dietary fibre, antioxidants,
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and several bioactive compounds, which contribute to its
importance for both fresh consumption and food-
processing applications [2]. Over the past decade, global
guava production has increased considerably, with
countries such as India, Indonesia, China, Iran, and Taiwan
contributing substantially to its overall production [3]. The
growing economic importance of guava has encouraged its
cultivation on a larger scale; however, maintaining healthy
and productive orchards remains challenging because the
crop is susceptible to several fungal and bacterial diseases.
These diseases can affect both leaves and fruits, resulting
in reduced yield, deterioration of fruit quality, and
considerable economic losses, particularly when infections
are not detected at an early stage [4]. Consequently, timely
and reliable disease identification has become an important
requirement for effective orchard management and
sustainable guava production [5,6].

In conventional orchard management, guava diseases
are primarily identified through visual examination of
leaves and fruits by farmers or agricultural experts.
Although this approach remains widely practiced, its
effectiveness largely depends on the experience of the
individual and the visibility of disease-specific symptoms.
Several guava diseases exhibit
characteristics, particularly during the early stages of
infection, which makes reliable differentiation difficult
even for experienced personnel [7]. Furthermore, images
acquired under actual orchard conditions are affected by
variations in illumination, shadows, leaf orientation,
occlusion, and complex backgrounds, further increasing
the difficulty of visual diagnosis [8]. Manual inspection
also becomes increasingly impractical for large plantations
because continuous examination of individual plants
requires substantial time and human effort. Inaccurate or
delayed identification may allow infections to progress and
spread to surrounding plants, thereby increasing
management costs and reducing overall crop productivity
[9]. These limitations emphasize the need for automated
approaches capable of providing rapid, objective, and
reliable disease recognition under diverse cultivation
conditions.

Computer vision and artificial intelligence have
emerged as promising alternatives for automating plant
disease recognition through the analysis of visual
symptoms captured from digital images. Earlier
approaches primarily relied on handcrafted colour,
texture, and shape features combined with conventional
machine learning classifiers. Although such methods
achieved satisfactory performance under controlled

similar  visual

experimental conditions, their generalization to complex
agricultural environments was often limited because
manually designed features could not adequately
represent the substantial visual variations encountered in
field-acquired images [10]. The emergence of deep
learning, particularly convolutional neural networks
(CNNSs), has considerably transformed this process by
enabling hierarchical feature representations to be learned
directly from image data [11]. CNN-based architectures
have subsequently demonstrated strong performance
across a wide range of agricultural applications, including
plant disease recognition, pest detection, crop
classification, and fruit quality assessment [12-17]. More
recently, Vision Transformers (Vils) and hybrid deep
learning architectures have received increasing attention
because of their ability to capture long-range feature
dependencies and complementary image representations
for complex classification problems [18,19]. Collectively,
these developments have strengthened the application of
artificial intelligence in precision agriculture and provided
new opportunities for developing scalable and reliable
disease-recognition systems.

Several studies have investigated deep learning
approaches for automated guava disease recognition using
publicly available as well as locally collected image
datasets. Transfer learning has been particularly common
because pretrained architectures can provide effective
feature representations even when the number of labelled
agricultural images is relatively limited [20]. Architectures
such as VGG, ResNet, DenseNet, MobileNet, EfficientNet,
and their variants have been employed to distinguish
healthy and diseased guava samples under different
experimental settings [21-23]. Recent studies have further
explored attention mechanisms, hybrid architectures, and
transformer-based networks to improve feature
representation and classification performance [9,24-26].
Although the reported results demonstrate the potential of
deep learning for guava disease recognition, comparison
across these studies remains difficult. Different datasets,
preprocessing procedures, augmentation strategies, data-
partitioning schemes, training configurations, validation
protocols, and evaluation metrics are frequently employed.
Consequently, the reported differences in classification
performance cannot always be attributed directly to the
underlying architecture, as they may also reflect
differences in the experimental conditions under which the
models were developed and evaluated.

Despite the considerable progress achieved in this
area, several limitations remain in the existing literature.
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Most studies primarily focus on introducing or evaluating
an individual architecture and compare the proposed
approach against a relatively small number of baseline
models. Moreover, differences in preprocessing,
augmentation, training configurations, and validation
strategies further limit the possibility of making a fair and
consistent comparison among architectures. Model
evaluation is also frequently centred on overall
classification accuracy, whereas other important aspects,
including class-wise predictive behaviour, computational
efficiency, inference speed, model complexity, statistical
significance, and interpretability, receive comparatively
limited attention. A model achieving the highest
classification accuracy may not necessarily represent the
most appropriate solution for practical deployment when
computational requirements, prediction efficiency, and
reliability are considered simultaneously. Therefore, a
systematic benchmark conducted under identical
experimental conditions is required to determine whether
observed performance differences are associated with
architectural characteristics rather than variations in the
experimental protocol.

To address these limitations, this study presents a
systematic comparative evaluation of ten representative
deep learning architectures for guava disease recognition
using a carefully curated public dataset comprising healthy
and diseased leaf and fruit images. The evaluated
architectures include conventional CNNs, computationally
efficient lightweight networks, and transformer-based
models, allowing different architectural paradigms to be
examined within a common experimental framework. To
ensure a fair and consistent comparison, all models were
trained and evaluated using the same dataset partition,
preprocessing  pipeline, augmentation  strategy,
hyperparameter settings, and experimental protocol.
Unlike studies that primarily assess model performance
using overall classification accuracy, this study adopts a
more comprehensive evaluation framework. Performance
is examined using multiple classification metrics, class-
wise predictive behavior, confusion matrices, receiver
operating characteristic and precision-recall analyses,
computational efficiency, and statistical comparisons.
Model interpretability is also investigated to better
understand the visual information contributing to the
predictions of the evaluated architectures. This evaluation
makes it possible to examine not only differences in
predictive performance but also the computational and
practical characteristics of each model. The resulting
benchmark provides a reproducible basis for comparing

modern deep learning architectures and offers practical
guidance for selecting suitable models for automated
guava disease recognition and related precision-
agriculture applications.

2. Materials and Methods

2.1 Dataset
The experiments employed a publicly accessible
guava disease image database which comprised

photographs of leaves and fruits of healthy plants as well
as a number of disease categories [27]. The images were
captured in natural conditions and thus have various
symptoms, lighting, viewpoints, and backgrounds. This
variety makes the set appropriate for an evaluation which
is closer to field images rather than lab conditions.
Additionally, the accessibility of the database offers other
researchers the opportunity to repeat the experiments or
compare additional approaches by utilizing the same set of
data.

The collection was inspected before model
development, and 6 duplicate images were removed to
avoid that duplicates would influence the evaluation. The
resulted set consisted of 521 unique images distributed on
5 categories: Disease Free, Phytophthora, Red Rust, Scab,
and Styler and Root. Table 1 shows the class distribution
and corresponding image-type composition, and figure 1
gives representative examples.

Plant organ is completely associated with class label in
this dataset. Disease Free and Red Rust contain only leaf
images (213 images in total), whereas Phytophthora, Scab,
and Styler and Root contain only fruit images (308 images
in total). Consequently, the models may distinguish some
categories partly through organ-specific characteristics
rather than disease symptoms alone. Because no disease
category is represented by both organ types, an organ-
balanced five-class subset could not be constructed from
the available dataset.

Table 1. Class and image-type composition of the cleaned
dataset.
Fruit,n (%) Total Image type

Class Leaf, n (%)

Disease Free 126 (100%) 0 (0%) 126 Leaf

Phytophthora 0 (0%) 114 (100%) 114 Fruit
Red Rust 87 (100%) 0 (0%) 87 Leaf
Scab 0 (0%) 100 (100%) 100 Fruit
Styler and Root 0 (0%) 94 (100%) 94 Fruit

Total 213 (40.9%) 308 (59.1%) 521  —
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All images originated from a single publicly available
dataset and acquisition location; therefore, no multi-source
or combined dataset distribution was available. Although
the images retained natural orchard backgrounds, the
source dataset did not provide background-category
annotations. Consequently, quantitative background-
variability metrics could not be calculated retrospectively.
This limitation is acknowledged when interpreting the
reported in-distribution performance.

() Phytophthora (d) Scab (e) Styler and Root

Figure 1. Sample images from the guava dataset.

2.2 Data Preparation

The experiments used the publicly available Guava
Leaves and Fruits Dataset for Guava Disease Recognition.
According to the dataset publication, the images were
collected manually in July 2021 from a guava garden at
Bangladesh  Agricultural University, Mymensingh,
Bangladesh, with assistance from domain experts and a
plant research centre. Images were captured under orchard
conditions using a Nikon D3200 digital single-lens reflex
camera, and no sample pretreatment was applied before
image acquisition. The original images were subsequently
resized to 512 x 512 pixels by the dataset creators.
Following duplicate removal, the 521 images were divided
into training, validation, and held-out test subsets using
one fixed stratified 70:15:15 partition with a random seed
of 42. This produced 364 training images, 78 validation
images, and 79 test images, as summarized in Table 2.
Stratification was used to maintain approximately similar
class proportions across the three subsets. The same image
assignments were used for all ten architectures, allowing
for a direct comparison within one partitioning. However,
since the other partitions were not considered, the
variability due to the sampling procedure was not
accounted for. In other words, these results should be
interpreted as the outcome for one specific partition rather
than an average across multiple partitions.

The data was not augmented in any way. The images
were resized to 224 x 224, converted to tensors, and
normalized in RGB channels with ImageNet mean values
of 0.485, 0.456, 0.406 and standard deviations of 0.229,
0.224, 0.225. The same preprocessing was applied to the
training, validation, and test sets. No transformations were
made apart from resizing and normalizing. The same
procedure was used for all ten architectures.

Table 2. Dataset partition used for model development.

Subset Images Percentage
Training 364 70%
Validation 78 15%
Testing 79 15%

Total 521 100%

2.3 Benchmark Deep Learning Models

The benchmark was conceived to encompass the
major families currently utilized for image classification
tasks. It thus comprises established
networks, compact models amenable to limited hardware,
transformer-based architectures, and a convolution-
transformer hybrid. Evaluating this broad class within one
protocol enables architectural comparisons beyond the
idiosyncrasies of individual experimental setups.

The ten models were ResNet50, DenseNetl21,
EfficientNet B0, EfficientNetV2 S, ConvNeXt Tiny,
MobileNetV3 Large, Swin Transformer Tiny, DeiT Tiny,
MaxViT Tiny, and GhostNet. Their designs embody
residual learning, dense connectivity, compound scaling,
mobile inference, hierarchical attention, data-efficient
transformers, and hybrid feature extraction. As can be seen
from Table 3, the models also differ significantly in
parameter count and computational demand.

ImageNet-pretrained weights were used to initialize
all network. The original classification head was replaced
with an output layer for the five guava classes, after which
all parameters were fine-tuned. Input images, learning-rate
schedule, batch size, and stopping rule were kept constant.
The controlled design is a critical factor that constrains the
degree to which implementation choices could explain
differences in performance.

The models span from a bout 3.9 million to 30.4
million trainable parameters. This range is useful in
practice:  larger networks might learn  richer
representations but require more memory and
computation, whereas compact networks might be
preferable for mobile or edge deployment. The benchmark
thus takes into account resource usage in addition to

convolutional
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recognition performance. Table 3 summarizes the major
network families and their respective parameter counts.

Table 3. Characteristics of the evaluated deep learning models.

Model Architecture Category Parameters
family (M)
ResNet50 CNN Residual 23.52
network
DenseNet121 CNN Dense 6.96
connectivity
EfficientNet BO CNN Compound 4.01
scaling
EfficientNetV2S  CNN Improved 20.18
EfficientNet
ConvNeXt Tiny CNN Modern 27.82
convolution
MobileNetV3 Lightweight Mobile 4.21
Large CNN architecture
Swin Vision Hierarchical 27.52
Transformer Transformer transformer
Tiny
DeiT Tiny Vision Data efficient 5.53
Transformer transformer
MaxViT Tiny Hybrid CNN and 30.41
Transformer
GhostNet Lightweight Efficient feature =~ 3.91
CNN generation
2.4 Experimental Setup

All experiments used the same experimental setup.
The training, validation and test subsets, preprocessing
steps, optimizer, learning-rate schedule, batch size and
model-selection  criterion were identical for all
architectures. Fixing these variables enabled comparison
under a common protocol. However, the observed
differences may reflect interactions between each
architecture and the shared training configuration and
cannot be attributed exclusively to network design.

For transfer learning, each network began with
ImageNet weights and received a new fully connected
output layer with five neurons. All layers were then fine-
tuned with AdamW. The initial learning rate was 3 x 1074,
weight decay was 1 x 10, and cosine annealing gradually
reduced the learning rate during training.

Training was limited to 50 epochs with a batch size of
16. For each architecture, the checkpoint with the highest
validation performance was retained and evaluated once
on the held-out test set. A random seed of 42 was used for
initialization and data shuffling to support reproducibility.

The implementation used PyTorch and the TIMM
model library. Experiments ran on Apple Silicon, with the
Metal Performance Shaders backend providing hardware
acceleration. Table 4 lists the full configuration.

A common optimization configuration was used for
all architectures to examine their behavior under one fixed
training protocol. This design controls variation in the
implemented training settings but does not provide
architecture-specific optimization or estimate the
maximum attainable performance of each model. As
CNNs, transformers, and hybrids may react dissimilarly to
variations in learning rate, weight decay, and schedule
choice, one should interpret these results as fixed-
configuration comparisons, rather than an inherently fair
assessment of optimally tuned models.

Table 4. Experimental configuration used for model training,.
Parameter

Value

Dataset split 70% Training, 15% Validation, 15% Testing

Input image size

224 x 224 pixels

Pretrained weights ImageNet
Optimizer AdamW
Initial learning rate 3x10+
Weight decay 1x10+

Learning rate scheduler

Cosine Annealing

Maximum epochs 50

Batch size 16
Random seed 42
Number of classes 5
Framework PyTorch
Model library TIMM

Hardware acceleration ~ Apple Metal Performance Shaders (MPS)

2.5 Evaluation Metrics

No individual metric was sufficient to characterize
model performance, thus the evaluation combined overall
correctness, class balance, agreement, error patterns,
probability discrimination, and computational cost. This
was especially important as the five disease categories do
not have an equal number of images.

The reported classification metrics were accuracy,
balanced accuracy, macro-averaged precision, macro-
averaged recall, macro-averaged F1 score, Matthews
Correlation Coefficient (MCC), and Cohen’s Kappa.
Accuracy represents the proportion of correctly classified
images across the complete test set. Balanced accuracy is
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calculated as the unweighted mean of the recall values
obtained for the individual classes. Macro precision, macro
recall, and macro F1 are calculated independently for each
class and then averaged by assigning equal importance to
every class, irrespective of class frequency. Therefore, these
macro-averaged measures are not frequency-weighted.
MCC and Cohen’s Kappa provide complementary
measures of prediction quality and agreement while
accounting for the multiclass confusion structure and
agreement expected by chance, respectively.

Confusion matrices were further analyzed to identify
errors made by each model and to reveal whether specific
disease pairs were consistently confused. Class-wise F1
scores were calculated to better understand the
performance of the model for each category. In addition,
receiver operating characteristic and precision-recall
curves were also estimated from the predicted probabilities
to evaluate the discrimination and confidence of
classifications.

The efficiency was evaluated using the number of
trainable parameters, the checkpoint size, the mean
inference time per image, and the throughput in images per
second. These metrics can indicate if a slight improvement
of the recognition quality requires a significant increase of
the model’s size or slowdown in processing speed, which
could be especially important for limited hardware
capacity.

The pairwise comparisons of model predictions were
made using the two-sided exact McNemar test. This test
variant assesses discordant predictions for each pair of
models directly, without using an asymptotic chi-square
approximation. Since the number of comparisons is 45
(each of the 10 models compared with 9 others), the p-
values for these pairwise tests were adjusted using the
Holm procedure to control the family-wise error rate. The
statistical significance of the pair-wise comparison was
considered at the level of (p<0.05). Given the small size of
the test set and the small number of errors obtained, results
not significant at the adjusted level were interpreted as
insufficient evidence of a difference rather than evidence of
predictive equivalence. The Holm correction was used for
multiple comparisons. The ranking of models was also
done in terms of the main performance measures to
provide a concise overview of the comparative
performance. The equations (1)-(6) define the basic

measures.

TP +TN
ACC = (@)

Accurac
y TP + TN + FP + FN

TP
Precisi Precision = ——— 2
ecision recision = o —p @)
TP
Recall Recall = ——— 3
eca eca TP+ FN 3
2 X Precision X Recall
F1S = 4
core F1 Precision + Recall )
c
Balanced 1
Aecaracy BACC = Ez R ecall; (5)
i=1
Matthews _ cs — Y P tk
Correlation cc= (6)
Coefficient \/(sz - ka’%)(sz - Zkt’%)

3. Results and Discussion
3.1 Learning Behavior of the Benchmark Models

Figure 2 below represents the validation accuracy and
loss during the process of training. Despite the difference
in the design of the presented models, the changes to their
accuracy and loss function follow a similar pattern.
Accordingly, it can be stated that the majority of the
changes happen before the 10th or 20th epoch, after which
all the lines indicate the point of saturation. The learning
curves indicate that all models could be trained under the
selected common configuration. However, convergence
does not establish that these hyperparameters were
optimal for every architecture. Because architecture-
specific tuning was not conducted, the results represent
performance under one fixed training configuration.

Most of the CNN and transformer models under
consideration exceeded the 95% threshold of validation
accuracy quite early. The accuracy of ResNet50,
DenseNet121,  EfficientNet B0, ConvNeXt Tiny,
MobileNetV3 Large, MaxVil Tiny, and GhostNet
consistently increased at a relatively stable pace during the
early epochs. DeiT Tiny demonstrated a more variable
accuracy at the beginning and took more epochs to
stabilize. Swin Transformer Tiny and EfficientNetV2 S also
exhibited some degree of variance at the start but
eventually converged to a stable accuracy. The loss curves
also display a comparable pattern. The validation loss
decreased substantially at the initial stages of the process
and then gradually slowed down. Moreover, after the
twentieth epoch, improvements became barely noticeable,
suggesting that the algorithm has learned the majority of
the significant visual patterns. Most importantly, the
validation loss did not demonstrate a significant increase
towards the end of the training stage, which implies that,
within this paradigm, there was no severe overfitting.
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Thus, each architecture reached a stable solution
before the 50-epoch limit, although convergence speed
varied between models. This confirms that the models
could be trained under the shared configuration but does

(a) Validation accuracy convergence

not demonstrate that the selected hyperparameters were
optimal  for architecture. The subsequent
comparisons should therefore be interpreted as results
obtained under one fixed training configuration.

every

(b) Validation loss convergence
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Figure 2. Learning curves of all models

3.2 Querall Benchmark Performance

Table 5 and Figure 3 summarize the performance of
the ten architectures on the held-out test set. All models
produced high point estimates under the adopted fixed-
partition protocol, with observed accuracies ranging from
97.47% to 98.73%. However, the test set contained only 79
images, and the difference between these two accuracy
levels corresponded to one prediction. The numerical
ordering should therefore be interpreted cautiously.

ConvNeXt-Tiny, ResNet50, GhostNet, EfficientNet-
B0, DenseNet121, and MaxViT-Tiny correctly classified 78
of the 79 test images, resulting in an accuracy of 98.73% and
a 95% exact binomial confidence interval of 93.15-99.97%.
EfficientNetV2-S, Swin-Tiny, MobileNetV3-Large, and
DeiT-Tiny correctly classified 77 images, producing an
accuracy of 97.47% and a 95% confidence interval of 91.15—
99.69%. The substantial overlap between these intervals
suggests that the test set does not contain enough
information to distinguish between the two model groups
in terms of accuracy.

ConvNeXt-Tiny and ResNet50 achieved the highest
point estimates for balanced accuracy, Macro F1, and MCC.
However, six architectures correctly classified 78 of the 79
test images, while the remaining four correctly classified 77
images. Therefore, the difference between the two
observed accuracy levels corresponds to only one
prediction. Given the small test set, overlapping confidence

intervals, and nonsignificant McNemar comparisons, this
numerical ordering should be interpreted as descriptive
evidence for the selected partition rather than evidence of
meaningful or stable architectural superiority.

Figure 3 compares Macro F1, MCC, and error count.
Since Macro F1 and MCC are nearly identical, a large
accuracy was not achieved by favoring one class. Six
architectures made only one prediction error, while the
other four made two errors each. Given the small observed
differences between the approaches, accuracy should not
be the sole selection criterion. Memory consumption,
latency, throughput, and parameter count are more
relevant evaluation metrics than accuracy, which are
discussed below.

Since the held-out test set only contains 79 images, the
accuracy estimates obtained with the architectures should
be taken with caution. For this reason, two-sided 95% exact
binomial confidence intervals were calculated for each
model using the Clopper—Pearson method. They represent
the range of possible values for the accuracy metric given
the observed number of positive samples. The confidence
intervals were used instead of the point-estimate accuracy
scores due to the relatively small sample size (n=79), and
the values were adjusted with the absolute error count
since a 1 prediction difference equals approximately 1.27%
in this case.
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Accuracy confidence intervals are two-sided 95%
exact binomial intervals calculated using the Clopper—

Pearson method. Since the test set contained 79 images, one
prediction is on average equal to 1.27 percentage points.

Table 5. Overall performance comparison of the benchmark deep learning models.

Model Accuracy Accuracy, 95% CI  Balanced Accuracy Macro F1 MCC Errors
ConvNeXt-Tiny 98.73 93.15-99.97 98.89 98.78 98.43 1
ResNet50 98.73 93.15-99.97 98.89 98.78 98.43 1
GhostNet 98.73 93.15-99.97 98.89 98.74 98.43 1
EfficientNet-BO 98.73 93.15-99.97 98.89 98.74 98.43 1
DenseNet121 98.73 93.15-99.97 98.89 98.74 98.43 1
MaxViT-Tiny 98.73 93.15-99.97 98.89 98.74 98.43 1
EfficientNetV2-S 97.47 91.15-99.69 97.78 97.49 96.90 2
Swin-Tiny 97.47 91.15-99.69 97.78 97.49 96.90 2
MobileNetV3-Large 97.47 91.15-99.69 97.46 97.46 96.82 2
DeiT-Tiny 97.47 91.15-99.69 97.35 97.43 96.86 2
(a) Macro F1 (b) Matthews correlation coefficient (c) Error count

ConvNeXt-Tiny

ResNet50

GhostNet

MaxViT-Tiny

EfficientNet-BO

DenseNet121

Swin-Tiny

EfficientNetV2-S

MobileNetV3-Large

DeiT-Tiny

97.00 97.25 97.50 97.75 98.00 9825 9850 98.75 99.00 96.5
Macro F1 (%)

97.0 97.5 98.0 98.5 0 1 2 3

MCC (%) Misclassified test images

Figure 3. Comparison of (a) Macro F1 score, (b) Matthews Correlation Coefficient (MCC), and (c) misclassification count across the
benchmark models.

3.3 Class-wise Performance Analysis

Class-level F1 scores are displayed in Figure 4. Disease
Free and Red Rust were recognized most consistently, and
most architectures reached 100% F1 for those categories.
Scab was also identified reliably, although the scores for
ResNet50 and ConvNeXt Tiny turned out to be slightly
lower than those of the other models.

Phytophthora and Styler and Root were more
challenging. F1 for Phytophthora ranged from 94.1% to
97.1%, while the lowest class specific values occurred for
Styler and Root, particularly with MobileNetV3 Large and
EfficientNetV2 S, even though the variation remained
limited. The overall differences appear to arise from a few
difficult images rather than from a consistent inability to
recognize an entire class.
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ResNet50

DenseNet121

EfficientNet-BO

EfficientNetV2-S

ConvNeXt-Tiny

Model

MobileNetV3-Large

F1 score (%)

Swin-Tiny

DeiT-Tiny

MaxViT-Tiny

GhostNet
G\gease « ?Y\Jto"‘“o‘a el s & s'ol\e( o0 Q0%

Disease class

Figure 4. Class wise F1 score comparison of the benchmark deep learning models.

3.4 Error Analysis Using Confusion Matrices

The confusion matrices presented in Figure 5
demonstrate errors at a sample level. DF, Phy, RR, Scab,
and SR stand for Disease Free, Phytophthora, Red Rust,
Scab, and Styler and Root. The majority of all 10 matrices
have clear diagonals, which corresponds to the high
summary scores. Multiple classes lack errors for most of the
architectures.

The Phy class was the source of errors for ResNet50,
DenseNet121, EfficientNet BO, ConvNeXt Tiny, MaxViT
Tiny, MobileNetV3 Large, and GhostNet. All these
architectures misclassified one Phy image as Scab.
EfficientNetV2 S and Swin Tiny committed the same
mistake for two images. Since multiple models made the
same error, it is possible that the affected pictures have
similar characteristics. DeiT Tiny was the only architecture
which mixed up an RR image with DF.

Only one or two decisions differ between the models
in these matrices. The rest can be seen as challenging or
visually similar cases rather than an indication of a general
weakness in the architecture. Evaluation using
independently collected external datasets is required to
determine whether these error patterns persist under
different acquisition and environmental conditions. The
observed errors were concentrated in two confusion
patterns. Most misclassified Phytophthora images were

predicted as Scab, suggesting that similarities in fruit-
surface lesions, discoloration, or texture may make these
categories difficult to distinguish. DeiT-Tiny also classified
one Red Rust image as Disease Free, which may reflect
weak or localized symptoms, image scale, or insufficient
contrast between affected and unaffected leaf regions.
These are errors observed within the held-out subset of the
GLFD dataset and should not be interpreted as out-of-
distribution errors.

No independently collected out-of-distribution
dataset was evaluated; consequently, an empirical
generalization gap or performance drop cannot be
calculated. Nevertheless, several characteristics of the
dataset may reduce performance under external
conditions. Organ type is completely associated with class
label, enabling models to wuse leaf-versus-fruit
characteristics in addition to disease symptoms. Models
may also be sensitive to differences in background
vegetation, soil, illumination, shadows, viewpoint, image
scale, camera characteristics, orchard location, cultivar,
season, and symptom severity. The relatively small dataset,
single acquisition source, fixed partition, and absence of
data augmentation may further increase sensitivity to these
changes. External validation is therefore required to
determine whether the observed confusion patterns persist
and to quantify performance beyond the GLFD dataset.
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Figure 5. Confusion matrices of the benchmark deep learning models on the held-out test set.

3.5 Computational Efficiency Analysis

Table 6 reports the results of computational
measurements, while Figure 6 relates these metrics to the
predictive performance. The number of parameters,
latency, and storage requirements vary significantly
compared to accuracy. In other words, the same
classification outcome could be achieved with vastly
different computational budgets.

In terms of sheer efficiency, GhostNet proved to be an
excellent choice. It boasted 3.91 million parameters,
required 15.16 MB of storage, and yielded a Macro F1 score
close to the best performer. Another EfficientNet model, BO
variant, had a similarly low number of parameters equal to
4.01 million. MobileNetV3 Large was the fastest

convolutional network, with an average of 4.75 ms per
image and 210 images processed per second on average. It
was a good option for the cases where memory and latency
are critical constraints.

Finally, ConvNeXt Tiny, ResNet50, and MaxViT Tiny
belonged to the high-cost group of networks. The last one,
MaxViT Tiny, had more than 30 million parameters, the
largest model size checkpoint in this study, and the worst
inference speed in terms of milliseconds per image. Its
accuracy advantage over the compact group was barely
noticeable, which ruled out this model as an option for this
dataset and task due to its high computational burden.
Thus, there was no point in opting for larger networks
when a smaller one yielded almost identical results.

Table 6. Computational characteristics of the evaluated benchmark models.

Model Parameters (M) Inference (ms/image) Images/s Checkpoint (MB)
ConvNeXt-Tiny 27.823973 5.11922627 195.34202 106.206183
ResNet50 23.518277 5.28649209 189.161354 90.0185099
GhostNet 3.907913 4.75736973 210.200185 15.1609049
EfficientNet-B0 4.013953 5.03798576 198.492026 15.5902643
DenseNet121 6.958981 5.55267985 180.093221 27.1252213
MaxViT-Tiny 30.406093 7.34439557 136.158243 116.382936
EfficientNetV2-S 20.183893 5.5538692 180.054654 77.8386526
Swin-Tiny 27.523199 5.64690295 177.088221 105.056395
MobileNetV3-Large 4.208437 4.75310127 210.388953 16.2471399
DeiT-Tiny 5.525381 4.99221466 200.311899 21.1332178
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Figure 6. Relationship between computational efficiency and predictive performance of the benchmark models.

The analysis demonstrated that network size was not
a reliable indicator of its performance. From the
perspective of efficiency, GhostNet and EfficientNet BO
were excellent choices, while ConvNeXt Tiny and
ResNet50 still were suitable if one prioritized the highest
scores and was not about the large
computational footprint.

concerned

3.6 Statistical Comparison of Benchmark Models

(a) Descriptive performance ranking
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Figure 7(a) presents a descriptive ranking based on
accuracy, balanced accuracy, Macro F1, and MCC.
ResNet50, DenseNet121, EfficientNet-B0, ConvNeXt-Tiny,
MaxViT-Tiny, and GhostNet received the same average
rank because their reported metrics were identical or
nearly identical. However, these rankings should be
interpreted descriptively. The difference between the two
observed accuracy levels corresponded to only one test
image, making the ordering highly sensitive to individual
predictions.

(b) Holm-adjusted exact McNemar comparison
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Figure 7. (a) Descriptive ranking of the benchmark models and (b) Holm-adjusted p-values from pairwise exact McNemar tests; all
adjusted p-values were 1.000.

Pairwise comparisons were conducted using the two-
sided exact McNemar test, followed by Holm correction for
the 45 model comparisons. All Holm-adjusted p-values

were 1.000, as shown in Figure 7(b), and none reached the
predefined significance threshold. Because the exact
McNemar procedure was used, the comparisons were
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based directly on the discordant prediction counts rather
than an asymptotic chi-square statistic.

These non-significant findings do not demonstrate
that architecture has equivalent predictive performance.
Each model made only one or two errors on the 79-image
test set, resulting in very few discordant predictions for
pairwise analysis. The tests therefore had limited ability to
detect differences. In addition, adjustment across 45
pairwise comparisons produced a conservative inferential
setting. The results indicate only that the present held-out
test set did not provide sufficient statistical evidence to
distinguish the models’ prediction patterns.

This interpretation is consistent with the substantially
overlapping 95% confidence intervals reported in Table 5.
Consequently, the average ranks and McNemar results
should be regarded as descriptive evidence specific to the
adopted test partition, rather than confirmation of model
equivalence or stable architectural superiority

3.7. Study Limitations

A major limitation of this study is the complete
confounding between plant organ and class label. Disease
Free and Red Rust are represented exclusively by leaf
images, whereas Phytophthora, Scab, and Styler and Root
are represented exclusively by fruit images. Therefore, the
high in-dataset performance cannot be attributed
exclusively to disease-specific visual characteristics,
because the models may also have learned differences
between leaves and fruits. Although the five-class task was
evaluated using the available labels, a controlled five-class
comparison balanced by organ type was impossible
because no class contained both leaf and fruit images. The
reported results should therefore be interpreted as
classification performance on the original GLFD class
structure rather than evidence of pathology-specific
recognition.

A further limitation is the size of the held-out test set.
With 79 test images, one prediction changes the accuracy
by about 1.27%. Consequently, there is barely a difference
between 98.73% and 97.47%, which equals one image, and
the 95% confidence intervals greatly overlap. Therefore, the
ordering of the architectures is uncertain and should not be
taken as a given. While the same partition allowed us to
directly compare the algorithms on equal footing, it failed
to account for variations resulting from different splits.
Multiple stratified cross-validation runs, testing on
independent partitions, and external validation are
required to confidently rank the algorithms.

The pairwise exact McNemar comparisons also had
limited statistical power because the models produced only

one or two errors on the 79-image test set, leaving very few
discordant predictions for analysis. Moreover, applying
the Holm correction to 45 model pairs resulted in a
conservative comparison. Therefore, the non-significant
adjusted p-values cannot be interpreted as evidence that
the architectures are predictively equivalent.

The study also relied on one fixed stratified data
partition and did not employ data augmentation. Although
using identical image assignments and preprocessing
operations enabled direct comparison under a controlled
protocol, it did not quantify variability caused by
alternative  partitions. Moreover, the absence of
augmentation may have limited the diversity of the
training samples and increased sensitivity to characteristics
specific to this relatively small dataset. Repeated stratified
evaluation across multiple random seeds and carefully
designed training augmentation should therefore be
considered in future studies.

Potential background bias represents an additional
limitation. Due to the original orchard backgrounds being
retained, and no background annotations, masking
experiments, or controlled background analysis being
available, the authors cannot confirm if the models were
using disease symptoms only. It is possible the models may
have learned to associate vegetation, soil, lighting,
shadows, and image composition with certain diseases.
This should be regarded as classification performance in-
dataset rather than pathology-specific recognition.

Due to using an older and smaller public dataset, the
authors are also limited in what benchmark they can use.
More recent guava datasets might have more data, more
disease categories, and more sample variance. The authors
used the dataset to establish reproducibility and
comparison to previous research rather than believing it to
be better compared to more recent alternatives.

4. Conclusion

This study benchmarked ten deep learning
architectures for guava disease recognition within one
controlled experimental protocol. The same split,
preprocessing, and test procedure were applied to every
model. Test accuracy ranged from 97.47% to 98.73%, and
Macro F1 ranged from 97.43% to 98.78%. ConvNeXt Tiny
and ResNet50 produced the highest observed point
estimates: 98.73% accuracy, 98.89% balanced accuracy,
98.78% Macro F1, and 98.43% MCC. Each misclassified one
image. GhostNet, EfficientNet B0, DenseNetl121, and
MaxViT Tiny produced nearly the same predictive
performance.
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The efficiency results reveal a much larger separation
between the models. GhostNet reached 98.74% Macro F1
with 3.91 million parameters and a 15.16 MB checkpoint.
MobileNetV3 Large gave the lowest latency, at 4.75 ms per
image, and processed about 210 images per second.
MaxViT Tiny, by comparison, used 30.41 million
parameters and incurred the greatest computational cost
without a meaningful improvement over the compact
networks. None of the pairwise exact McNemar
comparisons reached statistical significance after Holm
correction. However, the small test set and very low
number of discordant predictions limited the statistical
power of these comparisons; therefore, the non-significant
results should not be interpreted as evidence of model
equivalence.

These findings suggest that lightweight CNNs can be
competitive with substantially larger architectures within
this particular dataset and fixed experimental protocol.
Within the evaluated GLFD dataset and fixed partition, the
comparison provides a reproducible preliminary baseline
for examining model accuracy and computational
efficiency. Its applicability beyond this experimental
setting remains to be established through repeated and
external evaluation. However, its findings should be
interpreted cautiously because they are based on a single
public dataset, one fixed data partition, and a held-out test
set of only 79 images. In addition, organ type was
associated with the class labels, meaning that the models
may have learned characteristics
alongside disease symptoms. The overlapping confidence
intervals and limited statistical power prevent claims of
model equivalence or stable architectural superiority.
Future work should employ repeated evaluation and
external datasets acquired from different orchards,
seasons, devices, and environmental conditions before
claims are made regarding field-wide performance.

leaf-versus-fruit
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