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infections critical. Traditional methods rely on culture-based and
morphological examination, requiring extensive expertise. This study
develops a modified attention-enhanced deep learning approach for
automated microscopic fungi classification, utilizing VGG16 integrated
with a decoupled Convolutional Block Attention Module (CBAM) that
separates spatial and channel attention (SAM-CAM) to preserve spatial
information. Preprocessing included data augmentation (rotation and
flipping) to address class imbalance, as well as multiple standard image
filtering techniques to enhance structural features. Three architectures—
baseline VGG16, original CBAM-VGGNet, and modified CBAM-
VGGNet—were systematically evaluated using transfer learning across
five filtered datasets. The proposed model achieved a maximum accuracy
0f 94.33% with the HFE filter, outperforming the original CBAM-VGGNet
(86.86%) and baseline VGG16 (78.88%). Attention map visualization and
quantitative metrics (entropy and variance) confirmed that the decoupled
SAM preserves spatial information, enabling more effective feature
extraction. Class-wise recall improved substantially, particularly for
challenging classes (from 0.418 to 0.878). These results suggest that
carefully designed attention architectures, combined with appropriate
preprocessing, enhance classification performance for complex
microscopic specimens.

© 2025 The Authors.
Published by Association for Scientific Computing Electrical and Engineering.
This is an open-access article under the CC-BY-NC license.

1. Introduction

Fungal infections caused by pathogenic fungi represent a significant global health concern
affecting people worldwide [1]. These infections can progress rapidly, with invasive species causing
tissue damage, vascular invasion, and even multi-organ failure if left untreated [2]-[4]. The
identification of pathogenic fungi, such as mucormycosis, aspergillosis, and systemic candidiasis,
remains dependent on swift and accurate diagnosis, as delays contribute to increased mortality and
suboptimal therapeutic interventions [5]-[7]. Additionally, dermatophyte infections present diagnostic
challenges due to morphological similarities between species and the need for prolonged culture
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periods that can delay appropriate antifungal treatment [8], [9]. These phenomena highlight the
opportunity for automated classification systems to mitigate the limitations of conventional
morphological identification techniques. Traditionally, fungal identification has relied on culture-
based methods and morphological examination under light microscopy, often supported by staining
techniques and biochemical assays [10]. These approaches are inherently slow, resource-intensive,
and dependent on specialized expertise. While these methods have long served as the standard in
clinical and research laboratories, recent evaluations have revealed considerable variability and
inconsistency in their implementation. Evaluations show that essential procedures such as direct
microscopic examinations are frequently omitted, despite being crucial for diagnosis and treatment
guidance. Similarly, inappropriate specimen handling, suboptimal stain selection, and inconsistent
incubation durations have been observed, leading to reduced diagnostic accuracy [11]-[13]. The
requirement for mycological expertise that is increasingly scarce in many clinical settings further
compounds these challenges. These systematic limitations have highlighted the need for efficient and
automated identification approaches.

The development of machine learning and deep learning has opened new possibilities for
automated medical image analysis. Convolutional neural networks (CNNs) have demonstrated
considerable performance in computer vision tasks and have been increasingly applied to medical
imaging [14], [15]. These technologies have shown potential in identifying and classifying fungal
species and the infections they cause [16]-[18]. Moreover, deep learning models have shown
effectiveness in identifying specific fungal structures, such as hyphae in microscopic images, allowing
clinicians to concentrate their attention on relevant findings and substantially reducing the time
required for manual microscopic observation [19]. These successful implementations show the
versatility and scalability of deep learning approaches in mycological diagnostics, establishing a
strong foundation for more sophisticated automated classification systems. One of the early studies in
fungal diagnostics utilized a combination of bag-of-words algorithms with support vector machine
classifiers for yeast classification [17]. Another study conducted using ResNet-50 model and the
transfer learning method to detect filamentous fungi and yeasts primarily detected in human nail, hair,
and skin [20]. A study on onychomycosis detection utilizing deep learning models such as VGG16
and InceptionV3 was also implemented using grayscale images [21]. Another application of deep
learning in the study of microscopic fungi utilized VGG16 to classify Cryptococcus neoformans yeast,
indicating whether an infection is positive or negative in humans [22]. Most of these existing studies
have only focused on single fungal types rather than comprehensive multi-species classification
systems. This limitation restricts their applicability in clinical settings where accurate differentiation
between multiple fungal species is crucial for selecting appropriate treatment and managing patients,
particularly when various species of fungi appear morphologically identical under microscopic
examination. Though scarce, several studies have been leaning toward a multi-species classification
system.

Previous study [23] trained seven well-known CNN architectures to classify 89 distinct fungal
genera using microscopic images. Their dataset comprised 1,079 high-resolution images captured at
standard 400X magnification. The research methodology involved data splitting with a 7:1:2
distribution for training, validation, and testing, complemented by 10 image augmentation
transformation techniques. The lack of data used in this study results in very few images available for
validation and testing for some of the classes. DenseNet achieved the best accuracy overall, yielding
primary prediction accuracy of approximately 65.35% and tertiary prediction accuracy reaching
75.19%. The study revealed that the implementation of data augmentation contributed to an
approximate 10% gain in accuracy, while leveraging pre-trained ImageNet parameters provided an
additional 15% gain across the board. When focusing on genera with adequate sample representation
and excluding under-represented categories, classification performance surpassed 80%. Cross-
validation was applied to the best-performing model and confirmed the model's consistency, with
performance metrics of 69.08%, 70.57%, and 69.32% across the three folds.

Another study introduced MeFunX [24], an innovative meta-learning framework designed for
early detection of fungal infections using microscopic images. This architecture employed a novel
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stacked ensemble approach, combining two distinct convolutional base learners (CBL1 and CBL2)
with XGBoost serving as the meta-learner for final classification decisions. The first base learner
(CBL1) utilized a custom-built architecture incorporating convolutional blocks, max pooling, batch
normalization, and fully connected layers, while the second base learner (CBL2) leveraged ConvNeXt
architecture for feature extraction with global average pooling. The researchers evaluated their
approach using the DeFungi dataset [25] which contains 9,114 images representing five different
superficial fungal infections, partitioned into a 8:2 ratio for the training and testing sets. MeFunX
demonstrated exceptional performance, achieving an overall accuracy of 92.49%. The results
highlight the effectiveness of meta-learning strategies in fungal classification tasks.

Previous studies have demonstrated the promise of deep learning for fungal classification when
supported by appropriate architectures. Attention mechanisms, which allow neural networks to focus
on the most informative regions of the input, have shown potential in microscopy-based analysis. For
example, soft attention mechanisms integrated into CNNs improved accuracy in classifying fungal
genera and Aspergillus species from microscopic slides in a clinical laboratory context [26]. Two
studies added attention mechanism to the U-Net architecture for microscopic cell segmentation and
indicated improvement in model performance [27], [28]. In another microscopic domain, integrating
the Convolutional Block Attention Module (CBAM) with U-Net and ResNet significantly improved
thin-section rock image segmentation [29]. These findings suggest that incorporating attention
mechanisms into established architectures can enhance classification and segmentation performance
in microscopy, providing a strong motivation for exploring their role in fungal image analysis.

This study contributes by attempting an attention-mechanism CNN in the fungal classification
domain. Experimentation with multiple standard image filtering techniques was also conducted to test
whether the model’s performance could be further improved. The architecture used in this study
adopts the CBAM-VGGNet [30] with slight modification. This architecture was chosen because of its
relatively small parameter count compared to the previously mentioned study, making it less
computationally demanding and more suitable for settings with limited resources. Nonetheless,
attention mechanisms may carry risks, such as overfitting to dataset-specific patterns or reduced
interpretability, which warrant careful evaluation. Furthermore, issues of computational cost, ethical
considerations, and deployment feasibility in real clinical workflows remain significant open
challenges. These aspects, while beyond the scope of the current work, are acknowledged as crucial
directions for future investigation into the safe and effective translation of such models into biomedical
applications.

2. Method

To provide a clear overview of the research methodology, a flowchart summarizing the main
steps of this study is presented in Fig. 1. The methodology consists of three sequential stages. The first
stage, data preprocessing involves partitioning the dataset, applying data augmentation, and
performing image filtering to enhance relevant features. The second stage, model training, includes
training three models: VGG16, CBAM-VGGNet, and the modified CBAM-VGGNet. The final stage,
evaluation and analysis, comprises calculating classification metrics, generating confusion matrices,
and conducting statistical validation to assess model performance. Detailed descriptions is provided
in each section.

2.1. Dataset

This study utilized the publicly accessible DeFungi dataset, a comprehensive collection of
microscopic fungi images specifically designed for direct mycological examination, as introduced in
previous research [25]. The images are from superficial fungal infections caused by moulds, yeasts,
or dermatophyte fungi and have been manually labelled into 5 classes. The classes represented in this
dataset are tortuous septate hyaline hyphae, beaded arthroconidial septate hyaline hyphae, groups or
mosaics of arthroconidia, septate hyaline hyphae with chlamydioconidia, and broad brown hyphae.
Sample image for each species can be seen in Fig. 2. Data distribution of each class is listed in Table
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1. The dataset underwent preprocessing, resulting in 9,114 RGB images resized to 500x500 pixels.
For naming convenience, the labelling of each species in the dataset will be as follows:

e Hypha 1: tortuous septate hyaline hyphae.

e Hypha 2: beaded arthroconidial septate hyaline hyphae.
e Hypha 3: groups or mosaics of arthroconidia.

e Hypha 5: septate hyaline hyphae with chlamydioconidia.
e Hypha 6: broad brown hyphae.

Evaluation and

Data Preprocessing Model Training Analysis
Data VGGl6 Confusion
Partitioning Matrix
PN ¥ CBAM-
[ Start e . > VGGNet > Metrics
A 4 Augmentation
o v Modified
Image Filter CBAM- Statistical
Application VGGNet Validation

Fig. 1. Research methodology

Hypha 1 Hypha 2 Hypha 3 Hypha 5 Hypha 6

Fig. 2. DeFungi dataset sample images

Table 1. DeFungi dataset class distribution

Class Image Count

Hypha 1 4404
Hypha 2 2334
Hypha 3 819
Hypha 5 818
Hypha 6 739
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2.2. Data Augmentation

In deep learning, data augmentation serves as a prevalent approach to artificially increase the size
of datasets by applying various transformations to the original data [31], [32]. This technique can
address the problem of data imbalance and lack of data for cases where the dataset is small [33]-[35].
However, improper implementation of data augmentation can lead to issues such as data leakage [36].
Data augmentation was necessary to address the inherent class imbalance present in the DeFungi
dataset. The dataset was first partitioned into training, validation, and testing subsets using stratified
splitting, with augmentation applied only to the training data to preserve evaluation integrity. Given
that the dataset images had already undergone preprocessing to capture all regions of interest
containing microscopic fungal structures, a conservative augmentation strategy was adopted to
minimize the risk of distorting diagnostically relevant features. Only two types of geometric
transformations were applied: rotation (90°, 180°, 270°) and horizontal/vertical flipping, as these
preserve spatial relationships and morphological characteristics. Additional combinations of rotation
with flipping were also included, yielding seven unique transformations per image. This choice
reflects the natural variability of microscopic sample orientation while avoiding more aggressive
operations (e.g., cropping, scaling, color jitter) that could obscure fine-grained structures.

To prevent oversampling artifacts, the augmentation algorithm incorporated duplicate-prevention
mechanisms, ensuring that no identical images were generated. The target number of samples per class
(2,820) corresponds to the size of the majority class (Hypha 1) and was within the feasible range of
unique augmentations even for the smallest class (Hypha 6, with 480 originals, which can yield up to
3,360 unique augmented images). As a result, all classes were balanced at 2,820 images without
reusing the same augmentation multiple times per original, thereby improving dataset diversity while
maintaining biological fidelity. The final distribution of augmented training data is provided in Table
2. To evaluate the impact of the data augmentation method, a preliminary ablation study was
conducted by comparing classification metrics before and after augmentation. The results show
consistent improvements across all classes, with macro-averaged precision, recall, and F1-score
increasing from 0.771, 0.722, and 0.738 to 0.851, 0.822, and 0.834, respectively. Classes that were
previously underrepresented, such as H2 and H3, showed the most notable gains, indicating that these
augmentations enhance the model’s ability to generalize while preserving the morphological features
critical for accurate classification. The graph showing this improvement is shown in Fig. 3.
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Fig. 3. Data augmentation ablation study results

2.3. Image Filter

Image filtering methods are commonly employed in computer vision applications to enhance
model accuracy by improving feature discrimination and reducing imaging artifacts that may interfere
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with classification [37], [38]. In this study, image preprocessing through filtering was explored to
leverage these benefits and potentially improve classification performance on the microscopic fungi
images. Various filtering approaches were systematically evaluated to determine their impact on
model accuracy, including spatial domain filters and frequency domain enhancement methods. The
following filtering techniques were implemented and assessed:

e Box filtering: A simple averaging filter that reduces noise by replacing each pixel with the
average value of pixels within a defined kernel. This technique could potentially improve model
accuracy by smoothing out imaging artifacts and noise that might confuse the classifier [39]-
[41], allowing it to focus on genuine morphological patterns. A 3x3 box filter was implemented
in this study using the "cv2.blur()’ function from the OpenCV library.

e  Gaussian filtering: A weighted averaging filter that reduces noise while better preserving edges
compared to box filtering, using a Gaussian distribution to determine pixel weights. This
approach may enhance classification performance by maintaining important morphological
boundaries while reducing background noise, thus improving the signal-to-noise ratio of critical
diagnostic features [42], [43]. A Gaussian filter is implemented in this study using the
‘cv2.GaussianBlur()" function from the OpenCV library.

e  High-pass filtering: A technique that emphasizes fine structural details and edges by attenuating
low-frequency components while preserving high-frequency information [44]. This filter could
enhance model accuracy by increasing the visibility of crucial diagnostic features such as
septation patterns and hyphal boundaries that distinguish between different fungal
morphologies. High-pass filtering is implemented in this study using a combination of
‘cv2.GaussianBlur()" and "cv2.subtract()’ functions from the OpenCV library.

e High Frequency Emphasis (HFE) filtering: An adaptive filtering method that selectively
enhance components in high-frequency while preserving information in low-frequency through
controlled enhancement [45]. This technique may improve classification performance by
making subtle morphological differences between fungal classes more prominent while
maintaining overall structural context. In this study, the implementation of HFE used a
combination of ‘cv2.GaussianBlur(), "cv2.subtract()' and "cv2.addWeighted()' function from
OpenCV library.

The filtering operations were implemented using the default parameter settings of the OpenCV
library. Each technique was evaluated independently on the preprocessed dataset to review its
contribution. The comparative analysis aimed to identify optimal image filtering strategies that could
complement the existing dataset preprocessing while maintaining the diagnostic integrity of the fungal
specimens.

Table 2. Augmented data distribution of training set

Class  Image Count

Hypha 1 2820
Hypha 2 2820
Hypha 3 2820
Hypha 5 2820
Hypha 6 2820

2.4. Visual Geometry Group-16 Architecture

Visual Geometry Group-16 or VGG16 is a neural network deep learning model that employs a
uniform architectural design consisting of sixteen weight layers, specifically thirteen convolutional
layers paired with three fully connected layers [46]. The VGG16 model architecture is depicted in Fig.
4. The network's design utilizes 3x3 convolutional filters throughout all layers, which enables the
model to capture fine-grained morphological details [47]. Max-pooling operations with 2x2 windows
and a stride value of 2 are used to downsample the features across layers. VGG16 uses 3 fully
connected layers as its classifier network.
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VGG16 has been extensively applied to various tasks in medical image analysis [48]-[50]. Its
application has also been explored in previous studies for classifying microscopic fungi images,
yielding promising results [23], [24]. This proven track record in medical imaging suggests that
VGG16's feature extraction capabilities are well-suited for the morphological analysis [51] required
in microscopic fungi classification. Therefore, this architecture was chosen for this study.
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Fig. 4. VGG16 architecture

2.5. Convolutional Block Attention Module

CBAM is an attention module that is applicable to feed-forward convolutional neural networks
to enhance their representational capabilities [52], [53]. This module incorporates two key
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components: the Channel Attention Module (CAM) and the Spatial Attention Module (SAM). The
module architecture is illustrated in Fig. 5. CBAM employs a sequential attention refinement strategy,
which operates through its dual-component design. The module first applies channel attention,
followed by spatial attention.

The CAM, as shown in Fig. 6, evaluates the importance of each feature channel by quantifying
information from the spatial dimension of feature maps using average-pooling and max-pooling
operations. These methods create two unique spatial context profiles that encompass varying
dimensions of feature distributions. The profiles are subsequently fed through a unified network
structure comprising a multi-layer perceptron (MLP) containing one hidden layer to construct the
channel attention map. Once the shared network has completed processing each profile, the output
vectors are integrated via element-wise summation.

The SAM, as shown in Fig. 7, complements the channel attention by focusing on the most
relevant spatial locations within the feature maps. This component consolidates channel information
through two pooling techniques, creating two 2D representations that correspond to average-pooled
and max-pooled characteristics across all channels. These representations are subsequently merged
and fed through a conventional convolutional layer to generate a 2D spatial attention map.

/ Convolutional Block Attention Module \
Channel Spatial
Attention Attention
Dt ) Module \ / Module \ Refineo
Feature Feature
>® >®~

N J

Fig. 5. Convolutional block attention module

/ Channel Attention Module \
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Fig. 6. CBAM: Channel attention module
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Fig. 7. CBAM: Spatial attention module
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The integration of CBAM into convolutional networks provides several advantages. The
attention mechanism enhances the network's discriminative capability by directing focus toward
taxonomically significant features and regions, improving classification accuracy between
morphologically similar species [47].

2.6. Proposed Model Architecture

The integration of attention mechanisms with an established CNN architecture has shown
promising results across various computer vision tasks [54]-[58]. Previous study [54] has implemented
a novel architecture combining both VGG16 and CBAM, called CBAM-VGGNet, to classify breast
histopathology images. This architecture incorporates Global Average Pooling (GAP) layers after the
first layer of each convolutional block. GAP layers from all convolutional blocks are interconnected,
with CBAM modules positioned after each GAP layer to refine the extracted feature maps. The
outputs from all CBAM blocks are subsequently concatenated to form a comprehensive feature
representation before being forwarded to the fully connected classifier block inherited from the
original VGG16 architecture for final classification. This architecture is shown in Fig. 8.
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Conv 1-2
Pooling
Conv21 —
Conv2:2 Global
Averaging
Pooling Pooling layer
Conv Block 2 lg
CBAM —
Conv Block 3
Conv31 —
Conv 3-2 Global
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Conv 33 Pooling layer
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CBAM | |
Conv 441 ]
Conv 4-2 Global
Averaging
Conv 4.3 POO'"IQ layer
Pooling
Conv Block 4 CBAM >
Conv 5-1 —
Conv Block 5 Global
Averaging
Pooling layer
CBAM —

[ Concatenation |

[ Feed forward neural network |

Fig. 8. CBAM-VGGNet architecture [54]
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While CBAM comprises two modules that provide attention mechanisms in both spatial and
channel dimensions, the original CBAM-VGGNet implementation presents a potential limitation in
spatial information processing. The architecture applies CBAM after features pass through the Global
Average Pooling layer, which reduces the feature dimensions from H x W x C (height x width X
channel) to 1 x 1 x C. This dimensional reduction eliminates spatial information before CBAM
processing, potentially compromising the effectiveness of the spatial attention module within CBAM.

To address this limitation, this study proposes a modified configuration where the two CBAM
modules are decoupled and applied sequentially at different stages of the feature processing pipeline.
Specifically, the SAM is positioned before the Global Average Pooling layer, allowing the attention
mechanism to operate on the full spatial dimensions of the feature maps. Fig. 9 shows the attention
maps produced by SAM (overlaid on the input image) for both models after passing the input image
through the GAP layer in one of the blocks, highlighting the effect of GAP on spatial information. To
quantify this effect, the variance and entropy of SAM activations are calculated for each block, with
the results presented in Table 3. and Fig. 10. These metrics demonstrate that, in the original CBAM-
VGGNet, SAM activations carry virtually no spatial information due to the collapsing effect of GAP,
whereas in the modified architecture, spatial information is preserved and can contribute meaningfully
to feature refinement. Meanwhile, CAM is applied after GAP, where it effectively captures channel-
wise dependencies without requiring spatial dimensions. The full modified model architecture is
shown in Fig. 11.

Input Image Original CBAM-VGGNet SAM Modified CBAM-VGGNet SAM

| 4
-

Fig. 9. SAM attention map in original and proposed architecture

mmm Original CBAM SAM Original CBAM CAM B Modified CBAM SAM mmm Modified CBAM CAM

SAM and CAM Entropy per Block SAM and CAM Variance per Block

Entropy
Variance

N}

Block2 Block3 Block4 Block5 Block2 Block3 Block4 Block5
Block Block

Fig. 10. Entropy and variance plotting for SAM and CAM for original and modified CBAM-VGGNet

2.7. Evaluation Metrics

Precision, recall, fl-score, accuracy, and confusion matrix were used to evaluate the model
performance on classifying microscopic fungi images, which are the generally used metrics [59], [60].
Accuracy calculates the proportion of correctly classified instances relative to the total number of
classification instances. The equation for this metric is:
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Correctly classified samples
Accuracy = Total samples X 100% (D)

Precision represents the proportion of true positives (TP) among the total positive predictions,
consisting of both true positives and false positives (FP) classifications, for each class. The equation
for this metric is:

TP
Precision = — 2
recision TP T FP 2)
Recall represents the proportion of true positive predictions among all actual positive instances,

which are true positives and false negatives (FN). The equation for this metric is:

TP
Recall = —— 3
T TPYFN ®)
F1-score represents the harmonic mean of recall and precision, a metric that considers both FP

and FN. The equation for this metric is:

Fl=2x Precision X Recall @)
N Precision + Recall

The confusion matrix is a table used to evaluate classification performance on a labelled dataset.
This metric provides detailed breakdowns of model predictions, showing the number of correct and
wrong classification instances for each class.

Table 3. Variance (var) and entropy (ent) of SAM and CAM from original and modified CBAM-VGGNet

Model Block SAMvar SAMent CAM var CAM ent

Original 2 0.0000 0.0000 0.1242 4.7439
CBAM. 3 0.0000 0.0000 0.9934 5.3998
voone 4 0.0000 0.0000 0.2423 6.2027
5 0.0000 0.0000 10.0238 6.1513

dified 2 0.0066 9.0257 0.0043 4.6944
hé[% gﬁf 3 0.0436 7.9201 0.0374 5.4157
voone 4 3.0773 6.4909 1.9472 6.1537
5 0.1146 1.6594 0.0564 6.1898

2.8. Experimentation

Data augmentation and image filtering techniques were applied to the DeFungi dataset, as
illustrated in Fig. 12. The microscopic fungi images were resized to 224x224 pixels to meet the input
requirements of the VGG16-based architectures. Dataset partitioning was performed using a 65:15:20
split ratio for the training, validation, and test sets, respectively. Data augmentation was subsequently
applied solely to the training set to prevent data leakage and maintain evaluation integrity. The
partitioning process is stratified to ensure a balanced distribution between classes, as the dataset is
imbalanced. The preprocessing pipeline generated a total of five distinct datasets: four datasets with
individual image filter applications and one baseline dataset without filtering. This systematic
approach enables a comprehensive evaluation of how different image preprocessing techniques affect
model performance in microscopic fungi classification tasks.

Three deep learning architectures were evaluated in this study: the baseline VGG16 model, the
original CBAM-VGGNet implementation, and the proposed modified CBAM-VGGNet architecture.
The transfer learning technique was employed across all models to leverage established feature
representations for improved convergence and performance. This technique has been proven to be
effective on medical images [61]-[63].

All three model architectures were trained and evaluated using all five preprocessed datasets,
providing a thorough assessment of both architectural modifications and preprocessing effects. Early
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stopping method was the chosen regularization technique to prevent overfitting during the training
process [64], [65]. The specific training parameters and hyperparameters utilized in the experiment
are detailed in Table 4. The selected values (optimizer, learning rate, activation function, dense layer
units, dropout rate) were determined through manual experimentation on preliminary runs to achieve
stable training and reasonable performance.
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Table 4. Training parameters

Parameter Value
Optimizer adam
Learning rate 0.0001
Loss function categorical crossentropy
Dropout value 0.4
Activation function LeakyRelu
dense Layer neuron 256

3. Results and Discussion
3.1. Baseline VGG16 Model Results

The baseline VGG16 model demonstrated varying performance across different preprocessing
techniques, as shown in Table 5. The box filter achieved the highest accuracy (78.88%), followed by
the Gaussian filter (78.66%) and the HFE filter (77.18%). The unfiltered dataset yielded 75.53%,
while the high-pass filter performed worst at 48.37%. The confusion matrix presented in Fig. 13
reveals the model's classification patterns, with H1 showing exceptional performance (832 correct
predictions with minimal misclassification), while H2 exhibited the most confusion with significant
misclassifications across multiple classes, particularly being confused with H1 (225 instances).

Per-class metrics listed in Table 6 highlight that H6 achieved the highest precision (0.942) and
Fl1-score (0.908), whereas H2 had the poorest recall (0.418), indicating class-specific challenges.
Overall, smoothing filters (box and Gaussian) improved model stability, whereas edge-enhancing
filters, such as high-pass, reduced performance—suggesting that baseline VGG16 is sensitive to high-
frequency noise. The baseline VGG16 exhibits moderate overall accuracy, with performance sensitive
to preprocessing type and persistent difficulties distinguishing H2 from H1.

Table 5. Baseline VGG16 model accuracy

Dataset Accuracy
No filter 0.7553
Box filter 0.7888

Gaussian filter 0.7866
High-pass filter 0.4837

HFE filter 0.7718
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Fig. 13. Baseline VGG16 with box image filter dataset confusion matrix
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Table 6. Baseline VGG16 with box image filter dataset performance metrics

al Metrics
ass Precision Recall F1-Score
Hypha 1 0.770 0.945 0.849
Hypha2  0.747 0.418 0.536
Hypha3  0.762 0.804 0.782
Hypha 5 0.881 0.908 0.894
Hypha 6 0.942 0.878 0.908

3.2. Original CBAM-VGGNet Model Result

The original CBAM-VGGNet outperformed the baseline VGG16 across all preprocessing
conditions, as illustrated in Table 7. Peak accuracy was 86.86% on the unfiltered dataset, followed
closely by Gaussian (86.58%) and box filters (84.33%). Even on the high-pass filter, performance
improved to 60.47%, demonstrating the attention mechanism’s ability to emphasize relevant features.
The confusion matrix depicted in Fig. 14 for the unfiltered dataset reveals significantly improved
classification performance, with H1 achieving 797 correct predictions and substantially reduced
misclassifications compared to the baseline model. The attention mechanism particularly benefited
H2 classification, which showed marked improvement with 348 correct predictions, though some
confusion with H1 persisted (96 instances). As detailed in Table 8. metrics show high precision and
recall across all classes, with H6 achieving a precision of 0.959 and a recall of 0.952. Integrating
CBAM enhanced feature discrimination and improved H2 classification, but certain inter-class
confusions remain. The model consistently benefits from attention mechanisms, particularly on
unfiltered and smoothing-filtered datasets, although performance on high-pass filtering indicates
sensitivity to high-frequency components.

Table 7. Original CBAM-VGGNet model accuracy

Dataset Accuracy
No filter 0.8686
Box filter 0.8433

Gaussian filter 0.8658
High-pass filter 0.6047
HFE filter 0.8526

Table 8. Original CBAM-VGGNet with no image filter dataset performance metrics

a1 Metrics
ass Precision Recall F1-Score
Hypha 1 0.879 0.906 0.892
Hypha 2 0.780 0.747 0.763
Hypha 3 0.860 0.865 0.862
Hyphas  0.987 0.945 0.966
Hypha6  0.959 0.952 0.956

3.3. Proposed CBAM-VGGNet Model Results

The proposed modified CBAM-VGGNet demonstrated the strongest overall performance, as
shown in Table 9. The proposed model reached its peak accuracy of 94.33% with the HFE filter,
substantially outperforming both the original CBAM-VGGNet (86.86%) and baseline VGG16
(78.88%). Across all preprocessing methods, the model maintained high performance, with the box
filter at 91.97%, the Gaussian at 87.24%, and the high-pass at 50.75%. The confusion matrix shown
in Fig. 15 indicates that H1 is correctly classified in 856 instances, and H2 is substantially improved
with 409 correct predictions. The per-class performance metrics detailed in Table 10 indicate that H1
achieved a precision of 0.933 and a recall of 0.973, H6 achieved a precision of 0.979 and a recall of
0.952, and H2 achieved a precision of 0.947 and a recall of 0.878, highlighting that the modification
improves the discrimination of previously challenging classes. The HFE filter’s strong performance
suggests the model effectively leverages edge-enhanced features; however, persistent
misclassifications (e.g., occasional H2-H1 confusion) indicate morphological similarity between
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classes remains challenging. Moreover, while the model achieves high accuracy, the performance drop
on high-pass filtered images suggests sensitivity to high-frequency noise and potential limitations in
generalizing to datasets with stronger edge-dominant artifacts. The modified architecture consistently
outperforms both baseline models and demonstrates improved class-wise discrimination, particularly
for H2, while maintaining robustness across multiple preprocessing techniques. Remaining confusions
and sensitivity to high-pass filtering highlight areas for future refinement. Computationally, the
modifications introduced minimal additional overhead relative to the original CBAM-VGGNet.

77 6 0 0
o - 9% 348 17 2 3
1]
T
®m 6 14 141 0 2
Sm-
7]
I~
'_
0 - 4 4 0 154 1
© - 4 3 0 0 140
I I I I I
H1 H2 H3 H5 H6

Predicted labels

Fig. 14. Original CBAM-VGGNet with no image filter dataset confusion matrix

Table 9. Proposed model accuracy

Dataset Accuracy
No filter 0.8829
Box filter 0.9197
Gaussian filter 0.8724
Highpass filter 0.5075
HFE filter 0.9433

3.4. Statistical Validation Test and Additionals

To validate the performance differences between the original CBAM-VGGNet and the proposed
modified CBAM-VGGNet, both models were trained and evaluated over three independent runs using
the same dataset (dataset without any image filter). The repeated evaluations account for stochastic
variation in training. The modified CBAM-VGGNet achieved a mean accuracy of 0.893, with a 95%
confidence interval (CI) of 0.874—0.910, compared to 0.856 (95% CI: 0.848—0.871) for the original
CBAM-VGGNet, indicating a consistent improvement. McNemar’s test was conducted on the
predictions from the first run yielding a p-value of 0.0027 which demonstrates that the improvement
in classification performance is statistically significant. The average per-class metrics, summarized in
Table 11 further confirm that the gains are not limited to a single class; improvements in precision,
recall, and F1-score were observed across underrepresented classes such as H2 and H3. These results
indicate that the proposed modifications enhance model generalization and reliability while
accounting for variability due to limited dataset size and class imbalance.

Overall, the experimental results demonstrate a clear performance progression from the baseline
VGG16 to the original CBAM-VGGNet and finally the proposed modified CBAM-VGGNet, with the
latter achieving the highest accuracy across all preprocessing conditions, particularly with the HFE
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filter (94.33%). The modified model consistently improved per-class precision and recall, notably for
previously challenging classes such as H2, while maintaining strong performance for H1 and H6.
Despite these improvements, all models showed reduced accuracy on high-pass filtered images,
suggesting that edge-focused preprocessing could be further refined to better preserve biologically
relevant features. Additionally, due to the lack of expert mycological evaluation, it remains unclear
whether certain preprocessing techniques, particularly high-pass and HFE filtering, introduce artifacts
or obscure subtle fungal structures. These limitations highlight opportunities for further optimization
of preprocessing strategies and the potential benefit of interdisciplinary collaboration to fully assess
the biological validity of attention-enhanced feature representations.
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Fig. 15. Proposed model with HFE image filter dataset confusion matrix

Table 10. Proposed model with HFE image filter dataset performance metrics

a1 Metrics
ass Precision Recall F1-Score
Hypha 1 0.933 0.973 0.953
Hypha 2 0.947 0.878 0911
Hypha 3 0.949 0914 0.931
Hypha 5 0.953 0.994 0.973
Hypha6  0.979 0.952 0.966

Table 11. Average per-class metrics from 3 runs using dataset with no filter

CBAM-VGGNet Modified CBAM-VGGNet

Class Precision Recall F1-Score Precision Recall F1-Score
Hypha 1 0.851 0.926 0.887 0.909 0914 0912
Hypha 2 0.812 0.687 0.738 0.834 0.820 0.826
Hypha 3 0.885 0.814 0.844 0.027 0.853 0.888
Hypha 5 0.953 0.941 0.946 0.934 0.959 0.946
Hypha 6 0911 0.925 0918 0.910 0.971 0.939

4. Conclusion

In conclusion, this study demonstrates that attention-enhanced deep learning architectures,
combined with systematic preprocessing strategies, can substantially improve microscopic fungi
classification performance despite dataset limitations. The proposed modified CBAM-VGGNet
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architecture achieved a classification accuracy of 94.33% using the HFE filter, showing notable
improvements over both the original CBAM-VGGNet (86.86%) and the baseline VGG16 (78.88%).
These results highlight the effectiveness of integrating CBAM attention mechanisms into VGGI16,
enabling the model to focus on distinctive morphological features within fungal images and improving
recall in previously problematic classes (e.g., H2 recall increased from 0.418 to 0.878).

While the reported performance exceeds the 92.49% accuracy of the MeFunX meta-learning
framework on the DeFungi dataset, this comparison should be interpreted with caution, as no direct
head-to-head evaluation under identical experimental conditions or statistical significance testing was
performed. Moreover, the findings are currently limited to a single dataset, and external validation on
independent samples is needed to assess generalizability across diverse imaging conditions.
Additional limitations include reliance on legacy architecture (VGG16), lack of interpretability
analysis, and absence of computational benchmarking, all of which are important considerations for
clinical deployment.

Future work should explore comparisons with more modern and parameter-efficient architectures
(e.g., ConvNeXt, Vision Transformers), incorporate model interpretability and error analysis to better
understand misclassifications, and evaluate lightweight optimization strategies such as pruning or
quantization to improve feasibility in resource-limited settings. Despite these limitations, the study
provides evidence that attention mechanisms can meaningfully enhance fungal classification
performance and underscores the potential of attention-based architectures in advancing automated
mycological diagnostics.
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