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Abstract

Macrofungi are vital to ecosystem stability and biodiversity conservation, yet traditional species identification methods often
require expert input and are prone to error. This study proposes a deep learning-based classification framework for six macro-
fungi species using advanced convolutional neural network (CNN) architectures. Among the tested models, DenseNet121
achieved a 90% F1-score, while EfficientNetV2-M reached 92% accuracy and 92% precision. AUC scores of 90% or higher
were observed for DenseNet, EfficientNet-B4, EfficientNetV2-M, and ShuffleNet, demonstrating robust classification capa-
bilities. Importantly, this study pioneers the integration of explainable artificial intelligence (XAI) in macrofungi classification
by employing Grad-CAM. These visualizations revealed that top-performing models focused on biologically relevant features
such as the cap, stem, and spore surfaces, whereas less accurate models fixated on background areas, leading to misclassifi-
cation. The results highlight the importance of dataset size and variability in model performance and underscore the broader
applicability of deep learning models beyond macrofungi, including spore-level analysis, plant disease diagnostics, and agri-
cultural classification tasks. By enhancing interpretability and accuracy, this research provides a novel and effective approach
for automated fungal identification, contributing significantly to biodiversity monitoring and ecological research.

Keywords Deep learning - Macrofungi classification - Grad-CAM visualization - Convolutional neural networks (CNNs) -
Ecological monitoring

1 Introduction

Fungi, one of the most diverse and ecologically significant

B Tunc Asuroglu kingdoms, play a crucial role in maintaining the balance of
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cycling, organic matter decomposition, and the formation of
symbiotic relationships with plants, which are essential for
soil fertility and forest ecosystems [1]. These organisms also
possess medicinal, agricultural, and industrial applications,
further enhancing their importance in biodiversity conserva-
tion and scientific research [2].

Tricholoma is a well-established genus within the order
Agaricales, encompassing over 1200 species documented
globally [3]. Tricholoma species are widespread, partic-
ularly in temperate and subtropical regions, where they
commonly form ectomycorrhizal associations with conifer-
ous and broadleaf trees [4]. These mushrooms are typically
large and fleshy, often attracting foragers, despite many
being inedible or toxic. Identification primarily relies on
macroscopic features such as cap color, texture, and gill char-
acteristics, with odor and taste providing additional clues.
Gills are usually white to off-white but may stain reddish-
brown with age or damage. Microscopic variation is minimal,
with the genus often recognized by its emarginate or sinuate
gill attachment [5]. However, accurate identification remains
challenging due to significant morphological variability and
the presence of visually similar species. Traditional meth-
ods, which depend on expert analysis and microscopy, are
time-consuming, labor-intensive, and prone to human error.

This study focuses on the classification of six macro-
fungi species: Tricholoma atrosquamosum, Tricholoma por-
tentosum, Tricholoma saponaceum, Tricholoma sejunctum,
Tricholoma sulphureum, and Tricholoma vaccinum. These
species, belonging to the Tricholoma genus, are noted for
their complex taxonomy and diverse morphological charac-
teristics. T. atrosquamosum is recognized by its dark-scaled
cap, while T. portentosum features a grayish, slimy cap
with a mild taste [6]. T. saponaceum is distinguished by its
characteristic soapy odor, and T. sejunctum exhibits greenish-
yellow hues [7]. T. sulphureum is remarkable for its bright
yellow coloring and strong sulfuric scent, whereas T. vac-
cinum is identified by its reddish-brown cap and fibrous
texture [8]. The morphological similarities among these
species complicate accurate identification through traditional
methods, underscoring the need for automated and efficient
classification techniques.

Machine learning models have been used in fungal clas-
sification but often underperform due to limited feature
extraction and reliance on handcrafted features. Traditional
models like support vector machines (SVM), decision trees,
and k-nearest neighbors (KNN) struggle with complex, high-
dimensional image data [9]. In contrast, convolutional neural
networks (CNNs) excel by automatically learning hierar-
chical features, capturing intricate patterns, and extracting
spatial and texture-related information through multiple lay-
ers [10]. This enables CNN-based models to outperform
traditional approaches by improving accuracy and general-
izability [11]. The integration of Al and deep learning has
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Table 1 Names of datasets obtained from open sources, their respective
sources, the proportion each dataset contributes to the overall dataset,
and the technical details of these sources

Mushroom Photographic Type of Resolution
species name contribution photograph (width and
by Source height)

Tricholoma <90% JPG 300
atrosquamo-
sum

Tricholoma <93% JPG 300
portentosum

Tricholoma <91% JPG 300
saponaceum

Tricholoma <94% JPG 300
sejunctum

Tricholoma <95% JPG 300
sulphureum

Tricholoma <90% JPG 300
vaccinum

further revolutionized fungal classification by reducing the
need for expert input, minimizing errors, and shortening
processing times [10]. Additionally, transfer learning and
large-scale datasets enhance deep learning models’ adapt-
ability and performance. By employing state-of-the-art CNN
architectures, this study aims to provide a robust, automated,
and scalable solution for macrofungi classification, contribut-
ing to biodiversity research and ecological monitoring [11].

This study aims to optimize deep learning models for
macrofungi classification, surpassing prior approaches by
exclusively utilizing state-of-the-art CNN architectures. As
a contribution to the literature, a high-accuracy automated
system has been developed for distinguishing visually sim-
ilar species. Models like DenseNet121, EfficientNetV2-M,
and ShuffleNet have demonstrated superior feature extraction
and low error rates. Grad-CAM visualizations have clari-
fied the models’ decision processes, enhancing reliability and
generalizability. This research serves as a key reference for
biodiversity and ecological monitoring studies.

2 Matenials and methods

The dataset used in this study consists of 1,390
images representing six different macrofungi species: Tri-
choloma atrosquamosum, Tricholoma portentosum, Tri-
choloma saponaceum, Tricholoma sejunctum, Tricholoma
sulphureum, and Tricholoma vaccinum. These images were
collected from Global Core Biodata Resource (www.gbif
.org) and contain with a 300 dpi resolutions and JPEG for-
mat (Table 1), [12]. The dataset comprises images captured
under different lighting conditions, angles, and backgrounds
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to ensure robustness and generalizability in model training.
This diversity is critical for overcoming challenges related
to intra-class variation and enhancing the model’s ability to
generalize across different environmental conditions. To con-
struct a balanced and effective training process, the dataset
was split into three subsets: 60% for training, 20% for vali-
dation, and 20% for testing.

This division ensures that the models learn efficiently from
a large portion of the data while maintaining a fair evaluation
process using unseen images. The validation set plays a cru-
cial role in tuning hyperparameters, preventing overfitting,
and ensuring the model generalizes well. The test set serves
as an independent evaluation benchmark to measure the final
performance of the trained models (Fig. 1).

Since deep learning models perform better with large-
scale datasets, we incorporated transfer learning by utilizing
pre-trained weights from ImageNet, one of the most exten-
sive image classification datasets available [13]. ImageNet
features millions of labeled images across various cate-
gories, allowing pre-trained convolutional neural networks
(CNNs) to extract rich, hierarchical feature representations.
The advantage of using ImageNet pre-trained models is that
they already contain learned edge detection, texture patterns,
and complex shapes, which can be fine-tuned for macrofungi
classification [14]. By leveraging these pre-trained weights,
we reduced training time while enhancing accuracy, partic-
ularly in feature extraction from mushroom structures [15].
Additionally, augmentation techniques were applied to fur-
ther increase dataset diversity and improve the model’s ability
to recognize macrofungi in varying conditions. These aug-
mentations included random rotation, horizontal and vertical
flipping, contrast adjustments, and slight cropping, which
simulate real-world variations and enhance model robustness
[16].

Previous research has emphasized the importance of
dataset quality in macrofungi classification. The dataset
construction in this study builds upon previous methodolo-
gies by ensuring high-resolution, diverse, and well-labeled
images. Unlike conventional machine learning approaches
that rely on manually engineered features, this study adopts
a CNN-based automated feature extraction pipeline, mini-
mizing human bias in feature selection [17]. The dataset’s
structure aligns with deep learning best practices, ensuring
high generalizability and effective model training. By curat-
ing a well-balanced dataset with appropriate augmentations
and leveraging transfer learning from ImageNet, this study
provides a strong foundation for macrofungi classification
using deep learning. The next sections will elaborate on the
deep learning models and evaluation metrics employed in
this research [16, 17].

Deep learning (DL) has revolutionized image classi-
fication, providing significant advantages over traditional
machine learning techniques. In this study, we utilize 16

state-of-the-art convolutional neural network (CNN) models
to classify six different macrofungi species. These models
(Table 2) were selected based on their architectural diversity,
accuracy, and efficiency in image recognition tasks. Each
model has unique characteristics, strengths, and weaknesses,
which impact its classification performance. Below is an in-
depth overview of the models used in this study [18].

MobileNetV3-L is a lightweight and efficient CNN
designed for mobile and embedded devices. It utilizes
depthwise separable convolutions, reducing the number of
parameters and computations required. This makes it highly
suitable for real-time applications while maintaining good
accuracy. However, its performance may be slightly lower
than heavier architectures when dealing with highly complex
datasets like macrofungi classification [19].

Densely connected convolutional network (DenseNet121)
introduces dense connections, where each layer is connected
to every other layer in a feed-forward manner. This structure
promotes feature reuse, reduces the number of parameters,
and alleviates the vanishing gradient problem. It performs
exceptionally well in image classification but can be compu-
tationally expensive due to its complex connectivity [20].

The EfficientNet family applies a compound scaling
technique, optimizing depth, width, and resolution simulta-
neously. EfficientNet-BO is the smallest and fastest model,
while EfficientNet-B4 and EfficientNet-B7 progressively
increase in size and accuracy. These models provide a great
balance between efficiency and performance, though larger
versions like EfficientNet-B7 require significantly more com-
putational resources [21].

Residual networks (ResNet) introduces residual learning
through skip connections, allowing very deep networks to
be trained efficiently. ResNet50 and ResNet101 offer strong
generalization and are widely used in medical imaging and
object recognition. However, they tend to be computationally
expensive and may not always outperform newer architec-
tures like EfficientNet in specific tasks [22].

Extreme inception (Xception) builds upon inception mod-
ules by using depthwise separable convolutions, enhancing
computational efficiency. This architecture provides high
accuracy with relatively fewer parameters compared to tradi-
tional CNNs. Howeyver, it can still be resource-intensive for
certain applications [23].

VGG-16 and VGG-19 are classical CNN architectures
with a deep, simple structure. They use 3 x 3 convolutional
layers stacked in sequence, making them easy to understand
and implement. While these models (Table 2) provide good
feature extraction, they have a high number of parameters
and are computationally demanding, often requiring more
memory compared to newer architectures [24].

MaxVit-S is a hybrid architecture combining CNN and
transformer-based self-attention mechanisms. This model
improves feature extraction by leveraging both spatial and
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Fig.1 This figure displays six macrofungi species from the dataset, Tricholoma sulphureum, and (f) Tricholoma vaccinum. Each species
illustrating their diversity in texture, shape, and coloration. The species exhibits distinct morphological traits, contributing to the dataset’s vari-
are as follows: (a) Tricholoma atrosquamosum, (b) Tricholoma por- ability

tentosum, (¢) Tricholoma saponaceum, (d) Tricholoma sejunctum, (e)
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Table 2 Performance comparison

of deep learning models based on Models Accuracy Precision Recall F1-Score Specificity AUC

accuracy, precision, recall,

F1-score, and specificity DarkNet-53 0.88 0.88 0.88 0.88 0.98 0.88
DenseNet121 0.90 0.90 0.90 0.90 0.98 0.90
EfficientNet-B0 0.89 0.89 0.89 0.89 0.98 0.89
EfficientNet-B4 0.90 0.90 0.90 0.90 0.98 0.90
EfficientNet-B7 0.87 0.87 0.87 0.87 0.97 0.87
EfficientNetV2-M 0.92 0.92 0.92 0.92 0.98 0.92
GoogleNet (InceptionV3) 0.84 0.84 0.84 0.83 0.97 0.84
Maxvit-S 0.85 0.85 0.85 0.85 0.97 0.85
MobileNetV3-L 0.88 0.88 0.88 0.88 0.98 0.88
ResNet101 0.45 0.41 0.45 0.38 0.89 0.43
ResNetV2-50 0.84 0.84 0.84 0.84 0.97 0.84
ShuffleNetV2 0.90 0.90 0.90 0.90 0.98 0.90
SqueezeNet 0.82 0.84 0.82 0.82 0.96 0.83
VGG-16 0.86 0.86 0.86 0.86 0.97 0.86
VGG-19 0.85 0.84 0.84 0.84 0.97 0.84
Xception 0.87 0.87 0.87 0.87 0.97 0.87

Bold color indicates models that have the best performances for each evaluation criteria

channel-wise attention mechanisms, making it well suited
for detailed texture recognition, such as macrofungi classi-
fication. However, due to its hybrid nature, it requires more
computational power than traditional CNNs [25].

DarkNet-53 is the backbone of the You Only Look Once
(YOLO) object detection framework. It consists of a series of
convolutional layers optimized for real-time image analysis.
While it is extremely effective in object detection, it may not
always provide the highest accuracy for fine-grained classi-
fication tasks like fungal species identification [26].

InceptionV3 utilizes parallel convolutional layers with
different kernel sizes, allowing the model to learn features
at multiple scales simultaneously. It is efficient in terms of
computation and memory usage. However, its complex archi-
tecture requires careful tuning and can be harder to optimize
compared to more recent models like EfficientNet [27].

ShuffleNet is an extremely lightweight model designed
for low-power devices. It uses pointwise group convolutions
and channel shuffling to reduce computational costs. While it
is highly efficient, it may not perform as well as larger CNNs
on complex datasets [28].

SqueezeNet is another lightweight architecture that
achieves comparable accuracy to AlexNet while using sig-
nificantly fewer parameters. It is optimized for speed and
memory efficiency but may struggle with highly detailed
classification tasks due to its compact nature [29].

EfficientNetV2-M is an improved version of the original
EfficientNet series, offering faster training and better accu-
racy. It refines the compound scaling approach, making it
more efficient for large datasets. While highly effective, it

requires more memory and computational power than its pre-
decessor, EfficientNet-B7 [30].

Each of these models has its strengths and weaknesses,
affecting their suitability for different classification tasks:

Lightweight and fast models (MobileNetV3-L, Shuf-
fleNet, SqueezeNet) offer efficiency but may struggle
with highly detailed fungal classification. High-accuracy
models (DenseNet121, EfficientNet-B4, EfficientNetV2-M,
Xception) excel in capturing intricate features but require
more computational resources. Hybrid models (MaxVit-
S, GoogleNet) leverage both CNN and transformer-based
techniques for enhanced feature extraction but are compu-
tationally intensive. Older architectures (VGG-16, VGG-19)
are simple and effective but require large amounts of memory.
Object detection-based models (DarkNet-53) are optimized
for real-time applications rather than fine-grained species
classification [29-31].

In this study, all models were optimized under the same
conditions, regardless of whether they were lightweight,
complex, fast, or computationally intensive. Each architec-
ture was trained using identical preprocessing techniques,
hyperparameter tuning strategies, and evaluation metrics to
ensure a fair and unbiased comparison. This standardized
approach allows for an objective assessment of the models’
strengths and limitations, highlighting their true performance
in macrofungi classification.

The evaluation of deep learning models plays a crucial
role in determining their effectiveness in macrofungi clas-
sification. In this study, we employed various performance
metrics, optimization techniques, and explainable AI (XAI)
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methods to ensure accurate and interpretable results. We also
utilized Python, TensorFlow (Keras), and PyTorch as the pri-
mary frameworks for training and testing the models. This
section provides a comprehensive overview of the evaluation
strategies used in our research [31].

To train our deep learning models efficiently, we used
the adaptive moment estimation (Adam) optimizer, which
combines the advantages of momentum-based and adaptive
learning rate optimization techniques [32]. Adam is widely
used in deep learning due to its ability to adjust learning
rates dynamically for each parameter, leading to faster con-
vergence and better generalization. The learning rate was
set to 0.001, ensuring stable training across different CNN
architectures [30-32].

Additionally, ImageDataGenerator was employed for
real-time image augmentation and batch-wise training,
which helped improve the model’s ability to generalize across
diverse macrofungi species [33]. Data augmentation tech-
niques included random rotation, flipping, cropping, and
brightness adjustments, allowing models to learn from a more
diverse set of training samples.

The training process was conducted using Python with
the TensorFlow (Keras) and PyTorch frameworks, leverag-
ing their highly optimized deep learning libraries. Keras was
chosen for its ease of implementation and scalability, while
PyTorch was used for its flexibility in dynamic computation
graphs and debugging capabilities [31-33].

To measure the performance of each CNN model, we
used standard classification metrics, including accuracy,
precision, recall, Fl-score and specificity. These metrics
(1-5) provide insights into how well the models distinguish
between different macrofungi species [29-33]. The formulas
for each metric, as referenced from the Sensors article, are
as follows:

TP+TN
Accuracy = (1)
TP+TN+FP+FN
o TP
Precision = —— (2)
TN+ FP
TP
Recall = ———— 3)
TP+ FN

2x(Precisionx Recall)
F1 — Score = — 4
Precision + Recall

Speci fici TN 5
pecificity = TN FP (&)

True positives (TP) refer to cases where the model accu-
rately predicts a positive instance, correctly identifying it
as belonging to the target class (Eqs. 1-3). True negatives
(TN) occur when the model correctly recognizes a nega-
tive instance, confirming that it does not belong to the target
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class (Egs. 1,2,3, and 5). False positives (FP) arise when the
model erroneously classifies a negative instance as positive,
resulting in a false alarm (Eqgs. 1,2, and 5). Conversely, false
negatives (FN) represent instances where the model fails to
detect a positive case, incorrectly classifying it as negative
(Egs. 1-3). These classifications play a critical role in evalu-
ating model performance, as they directly impact key metrics
such as accuracy, precision, recall, F1-score, and specificity.

Accuracy measures the proportion of correct predictions
relative to the total number of predictions, offering a gen-
eral assessment of the model’s classification performance (1).
Precision focuses on the reliability of positive predictions by
determining how many of the predicted positive instances
are actually correct (2). Recall, on the other hand, evaluates
the model’s ability to correctly identify actual positive cases,
reflecting its sensitivity (3). The F1-score serves as abalanced
metric that combines precision and recall, making it particu-
larly useful for evaluating models on imbalanced datasets (4).
Specificity measures how well the model correctly identifies
negative instances, helping to reduce false positives and offer-
ing a complementary perspective to recall (5). The receiver
operating characteristic (ROC) curve illustrates the trade-off
between sensitivity and specificity at various classification
thresholds, providing insight into the model’s discrimina-
tion ability. The area under this curve (AUC-ROC) quantifies
the overall performance by measuring the likelihood that the
model ranks a randomly chosen positive instance higher than
a randomly chosen negative instance, making it a valuable
indicator of classification effectiveness, especially in imbal-
anced datasets [32-34].

These metrics (1-5) were calculated separately for each
model to compare their classification performance on macro-
fungi species. While deep learning models achieve remark-
able accuracy, they often function as “black boxes,” making
it difficult to understand their decision-making processes.
To address this issue, we employed explainable Al (XAI)
techniques, specifically Gradient-weighted Class Activation
Mapping (Grad-CAM), to visualize and interpret the model’s
predictions [34]. Grad-CAM generates heatmaps that high-
light the regions of an input image that contributed most to the
model’s classification decision [35]. These heatmaps allow
us to verify whether the models are focusing on the relevant
structural features of the macrofungi, such as texture, cap
shape, and color variations.

By integrating XAl methods, this study enhances trans-
parency in deep learning-based macrofungi classification,
ensuring that predictions are made based on meaningful
visual cues rather than spurious correlations [36]. This
approach provides greater confidence in model reliabil-
ity, particularly for biodiversity monitoring and ecological
research applications. Adam optimizer was used for effi-
cient model training with a learning rate of 0.001. Python,



Optimization of deep learning models and applications...

Page7of27 274

TensorFlow (Keras), and PyTorch were the primary frame-
works for implementation. ImageDataGenerator facilitated
real-time augmentation and batch-wise training, improving
model generalization. Model performance was evaluated
using accuracy, precision, recall, Fl-score, and specificity
with formulas adopted from the Sensors article. Explainable
Al (XAI) techniques, particularly Grad-CAM, were used to
visualize decision-making, ensuring model interpretability
and reliability [33-36].

The chi-square statistical significance test was applied to
assess whether the performance of the models was statisti-
cally significant. The chi-square (¥ ?) statistical significance
test is commonly used to evaluate whether the observed
differences between categorical variables are statistically sig-
nificant. For a multi-class classification problem, the formula
6 for the chi-square test statistic is (6):

2

ij

i=1 j=I

where 7 is the number of rows, categories of the actual labels,
c is the number of columns, categories of the predicted labels,
O;;j is the observed frequency, and E;; is the expected fre-
quency, calculated as (7):

Eii— ket Oik - 22:1 Oxj
ly — N

)

where N is the total number of observations.

The test helps determine whether there is a significant
association between the actual and predicted classes. If the p
value from the chi-square test is below a predefined signif-
icance level (e.g., a = 0.05), we reject the null hypothesis,
indicating that there is a significant difference between the
predicted and actual distributions. To obtain the p value for
the chi-square test, after computing the chi-square test statis-
tic, the degrees of freedom (df) are determined as follows

®):

df =@ —Dx*x(c—1) 8)
Finally, the p value (p) is obtained by finding the proba-

bility of observing a 2 statistic at least as extreme as the one

calculated, under the chi-aquare distribution with the com-
puted degrees of freedom (9, 10):

P =P > XowteutarealdS) ©)

p= - sz(Xz > Xfalculatc}d’ df) (10)

where F> is the chi-square cumulative distribution func-
tion (CDF). The CDF for the chi-square distribution is not

typically calculated manually but instead obtained from sta-
tistical tables.

3 Results

This section presents the findings from experiments con-
ducted on macrofungi classification utilizing advanced deep
learning models. The primary objective of the study was to
assess the effectiveness of various convolutional neural net-
work (CNN) architectures in accurately classifying six dis-
tinct macrofungi species. A comprehensive evaluation was
performed by analyzing the performance of 16 CNN models
based on key metrics, including accuracy, precision, recall,
Fl1-score, specificity, and AUC score. Grad-CAM visual-
izations were employed to elucidate the decision-making
processes of the models, providing deeper insights into their
feature extraction capabilities. Additionally, real-time image
augmentation was implemented using the ImageDataGen-
erator framework to enhance model generalization across
diverse macrofungi samples. Unlike previous studies that
integrated both machine learning and deep learning tech-
niques, this research exclusively leverages state-of-the-art
CNN models to develop a robust and scalable approach to
macrofungi classification. The subsequent sections provide
a detailed comparative analysis of the models, highlighting
critical observations and their implications for biodiversity
research.

According to the results in Table 2, DenseNetl21,
EfficientNet-B0O, EfficientNet-B4, EfficientNetV2-M, and
ShuffleNetV2 have demonstrated the highest perfor-
mance, achieving the best accuracy and Fl-score values.
EfficientNetV2-M achieved the highest accuracy at 92%,
while DenseNet121 stood out with 90% accuracy, 90% preci-
sion, and 98% specificity. EfficientNet-BO0, EfficientNet-B4,
and ShuffleNetV2 also performed well with high accuracy
and balanced metric scores. Additionally, EfficientNetV2-M,
along with DenseNet121, EfficientNet-BO0, EfficientNet-B4,
and ShuffleNet, achieved the highest AUC scores com-
pared to other models, demonstrating their superior ability
to distinguish macrofungi species effectively. The strong
performance of these models can be attributed to their
deep-layered architectures and optimized learning processes
(Table 2). Based on the results presented in Table 2, the per-
formance of all 16 models will be analyzed individually to
provide a detailed evaluation of their effectiveness in macro-
fungi classification.

DenseNet121 achieved 90% accuracy, an Fl-score of
0.90, and a specificity of 0.98, making it one of the best-
performing models in this study. Unlike traditional CNNss,
DenseNet121 employs densely connected layers, which
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Fig.2 ROC Curves of DenseNet121, GoogleNet, MobileNetV3-Large, and ResNet50

improve gradient flow, reduce redundancy, and enhance fea-
ture reuse, leading to better learning and information reten-
tion. This architectural advantage allows DenseNetl21 to
capture intricate fungal patterns more effectively, particularly
in cases where species share similar visual characteristics.
Compared to models like DarkNet-53 and EfficientNet-B4,
DenseNet121 demonstrates superior classification accuracy
and generalization ability, while also maintaining computa-
tional efficiency. However, despite its excellent performance,
its complex connectivity results in higher memory con-
sumption, making training slower compared to lightweight
models such as MobileNetV3-L and ShuffleNetV2. With an
AUC of 0.90, it exhibits strong class separability, reinforc-
ing its high reliability in distinguishing macrofungi species
(Table 2). ROC curve analysis confirms that DenseNet121
follows an ideal classification curve, showing minimal mis-
classification risk. Overall, DenseNet121 stands out as one
of the most effective models for macrofungi classification,
striking an excellent balance between accuracy, efficiency,
and robustness (Fig. 2). GoogleNet (InceptionV3) achieved
84% accuracy, an Fl-score of 0.83, and a specificity of
0.97, positioning itself among the higher-performing models
in macrofungi classification. Its inception modules, which
allow multi-scale feature extraction, enable the model to
analyze features at different levels of abstraction, improv-
ing its ability to distinguish between visually similar fungal
species. However, despite its efficiency in extracting fine-
grained features, its performance is slightly lower than
DenseNetl121 and EfficientNet models, which benefit from
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more advanced feature reuse and residual connections. With
an AUC of 0.84, GoogleNet maintains strong class sep-
arability but does not reach the exceptional classification
ability of EfficientNetV2-M or DenseNet121 (Table 2). ROC
curve analysis indicates that while GoogleNet is a reliable
model, it does not achieve the same level of precision as the
top-tier architectures. Despite this, its lightweight structure
results in shorter training times and lower memory consump-
tion, making it an appealing choice for applications where
computational efficiency is a priority. Overall, GoogleNet
(InceptionV3) is a strong and efficient model for macro-
fungi classification, but it is slightly outperformed by newer
architectures that incorporate more advanced optimization
techniques (Fig. 2). MobileNetV3-L achieved 88% accuracy,
an F1-score of 0.88, and a specificity of 0.98, demonstrating
impressive performance for a lightweight, mobile-optimized
model. Designed for efficiency, it offers a strong balance
between classification accuracy and computational cost,
making it a suitable choice for real-time applications and
low-power environments. Despite its compact architecture,
MobileNetV3-L effectively captures key fungal features, per-
forming comparably to deeper models like DarkNet-53 while
maintaining faster inference times. However, compared to
EfficientNetV2-M and DenseNet121, it lacks the advanced
feature reuse and optimization techniques that contribute
to their superior classification accuracy. With an AUC of
0.88, it demonstrates strong class separability, although it
does not reach the top-tier performance seen in EfficientNet
models. (Table 2). ROC curve analysis suggests that while
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MobileNetV3-L performs well, it is outperformed by mod-
els with deeper feature extraction capabilities, particularly in
distinguishing closely related fungal species. Nonetheless,
its high efficiency and relatively strong accuracy make it
an excellent choice for macrofungi classification in applica-
tions where computational constraints are a concern (Fig. 2).
ResNetV2-50 achieved 84% accuracy, an Fl-score of 0.84,
and a specificity of 0.97, positioning itself as a significantly
improved version of ResNetl101 for macrofungi classifica-
tion. By incorporating batch normalization before activation
and enhanced residual connections, ResNetV2-50 effectively
mitigates the training inefficiencies seen in its predeces-
sor, resulting in better feature extraction and generalization.
Compared to ResNet101, which performed poorly with only
45% accuracy, this optimized version demonstrates that
architectural refinements are more impactful than simply
increasing model depth. With an AUC of 0.84, ResNetV2-50
exhibits strong separability between fungal classes, though it
does not reach the classification efficiency of top-performing
models like EfficientNetV2-M and DenseNet121 (Table 2).
ROC curve analysis confirms that while ResNetV2-50 is
a solid choice, it lags behind models with more advanced
optimization techniques, particularly those with densely con-
nected layers or depthwise separable convolutions. Despite
this, its balance between depth and efficiency makes it a com-
petitive model, outperforming many traditional architectures
while remaining more computationally feasible than deeper
networks. Overall, ResNetV2-50 delivers reliable classifica-
tion performance, proving that well-optimized architectures
can outperform deeper but less refined models in macrofungi
classification (Fig. 2).

ResNet101 achieved 45% accuracy, an F1-score of 0.38,
and a specificity of 0.89, making it one of the poorest-
performing models in macrofungi classification. Despite its
deep residual architecture, designed to mitigate vanishing
gradient issues, the model failed to generalize well, resulting
in a high rate of misclassifications. Compared to ResNetV2-
50, which is a more optimized version, ResNet101 performed
significantly worse, highlighting that simply increasing depth
does not guarantee better classification performance. One
of the main reasons for its poor results is its reliance on
large-scale datasets for optimal feature learning, whereas the
macrofungi dataset used in this study may not have been
sufficient to fully utilize its hierarchical feature extraction
capabilities. Additionally, with an AUC of 0.43, ResNet101
struggles to differentiate between fungal classes effectively,
reinforcing its weak performance in this classification task
(Table 2). ROC curve analysis confirms that ResNet101’s
classification ability is significantly lower than that of Effi-
cientNet models, DenseNet121, and even lightweight archi-
tectures like MobileNetV3-L. The high parameter count of
the model also results in longer training times and increased
computational costs, making it inefficient for this particular

dataset. Overall, ResNet101 fails to deliver meaningful clas-
sification performance in macrofungi identification, strug-
gling with both generalization and computational efficiency,
making it one of the least effective models in this study
(Fig. 3). EfficientNet-BO achieved 89% accuracy, an F1-
score of 0.89, and a specificity of 0.98, demonstrating strong
classification performance while maintaining computational
efficiency. As the smallest variant in the EfficientNet family,
it balances accuracy and resource consumption effectively.
Its lightweight architecture makes it a suitable option for
scenarios where computational power is limited, while still
achieving results comparable to deeper models. However,
despite its high accuracy, it slightly underperforms compared
to EfficientNet-B4, EfficientNetV2-M, and DenseNet121,
suggesting that additional depth can enhance generalization
in macrofungi classification. The AUC value of 0.89 indicates
strong discriminative ability, yet deeper models within the
EfficientNet family show marginal improvements (Table 2).
ROC curve analysis reveals that EfficientNet-BO significantly
outperforms weaker models like ResNetl101, but its clas-
sification ability is slightly inferior to larger EfficientNet
variants such as B4 and B7. While it efficiently extracts
fungal features, its relatively shallow depth may limit its
ability to capture more complex distinctions among visually
similar species. Overall, EfficientNet-BO0 offers a strong bal-
ance between performance and efficiency, making it a viable
choice for macrofungi classification, particularly in resource-
constrained environments (Fig. 3). EfficientNet-B4 achieved
90% accuracy, an F1-score of 0.90, and a specificity of 0.98,
making it one of the top-performing models in macrofungi
classification. As a deeper variant of the EfficientNet fam-
ily, it builds upon the efficiency of EfficientNet-BO while
offering superior feature extraction and generalization. Its
increased depth allows for better representation of complex
fungal structures, leading to more precise classification, par-
ticularly for species with subtle visual differences. Compared
to its smaller counterpart, EfficientNet-B0, it demonstrates a
noticeable improvement in accuracy and F1-score, reinforc-
ing the benefit of additional layers in fine-grained classifi-
cation tasks. However, despite its high accuracy, it performs
almost identically to EfficientNet-B7, suggesting that fur-
ther increasing depth beyond this point does not necessarily
yield substantial gains. With an AUC of 0.90, EfficientNet-
B4 maintains strong separability between fungal classes,
though it is slightly outperformed by EfficientNetV2-M,
the best model in this study (Table 2). ROC curve anal-
ysis confirms that EfficientNet-B4 excels in classification
while maintaining computational efficiency, placing it ahead
of many alternative architectures. Overall, EfficientNet-B4 is
a powerful model that balances performance and efficiency,
making it an excellent choice for macrofungi classification
without the excessive computational cost of deeper networks.
(Fig. 3) EfficientNet-B7 achieved 87% accuracy, an F1-score
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Fig.3 ROC Curves of ResNet101, EfficientNet-BO0, EfficientNet-B4, and EfficientNet-B7

of 0.87, and a specificity of 0.97, demonstrating strong classi-
fication performance but slightly underperforming compared
to EfficientNet-B4 and EfficientNetV2-M. As the deepest
variant in the EfficientNet-B series, it was expected to pro-
vide superior feature extraction and generalization, yet its
performance remains nearly identical to EfficientNet-B4,
indicating diminishing returns with increasing depth. While
its deep architecture allows for enhanced feature learning, it
also results in higher computational costs and longer infer-
ence times, making it less efficient than models that achieve
similar results with fewer parameters. With an AUC of 0.87,
EfficientNet-B7 exhibits strong class separation capabili-
ties but fails to outperform the best models in this study
(Table 2). ROC curve analysis shows that its classifica-
tion ability is comparable to EfficientNet-B4, reinforcing
the idea that deeper networks do not always guarantee sig-
nificant improvements in fine-grained classification tasks.
While EfficientNet-B7 remains a highly capable model for
macrofungi classification, its increased computational bur-
den compared to EfficientNet-B4 and its inability to surpass
EfficientNetV2-M make it a less optimal choice in resource-
limited environments (Fig. 3).

EfficientNetV2-M achieved 92% accuracy, an F1-score of
0.92, and a specificity of 0.98, making it the best-performing
model in this study for macrofungi classification. As an
advanced version of the original EfficientNet architecture,
it incorporates optimized feature extraction, improved train-
ing efficiency, and enhanced depth scaling, allowing it to
generalize better across visually similar fungal species. Its
superior classification ability is reflected in its AUC of 0.92,
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the highest among all models, indicating exceptional separa-
bility between fungal classes. Compared to EfficientNet-B7,
which has a deeper structure but slightly lower perfor-
mance, EfficientNetV2-M demonstrates that architectural
refinements are more impactful than simply increasing depth.
Additionally, it surpasses DenseNet121 and EfficientNet-B4,
both of which also achieved high classification performance
but lacked the same level of efficiency and adaptability
(Table 2). ROC curve analysis confirms that EfficientNetV2-
M follows the ideal classification curve, positioning it as the
most effective model in terms of both accuracy and relia-
bility. While it does require more computational power than
lightweight models like MobileNetV3-L, its ability to capture
intricate fungal patterns with high precision and recall makes
it the optimal choice for macrofungi classification in applica-
tions where high accuracy is prioritized (Fig. 4). DarkNet-53
achieved 88% accuracy, an F1-score of 0.88, and a specificity
of 0.98, demonstrating strong performance in macrofungi
classification. Originally designed for object detection within
the YOLO framework, it was not specifically optimized for
fine-grained classification tasks, yet it performed better than
expected in distinguishing fungal species. Its high accuracy
and F1-score indicate

that it correctly classified most species, while its speci-
ficity of 0.98 confirms a low false positive rate, making
it a reliable classifier. However, despite these strengths,
DarkNet-53 slightly lags behind top-tier models like
EfficientNetV2-M and DenseNetl121, as seen in its AUC
value of 0.88, which suggests slightly weaker class sepa-
rability. Additionally, its deep architecture results in higher
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Fig. 4 ROC Curves of EfficientNetV2-M, DarkNet-53, MaxVit-S, and ShuffleNet

computational costs and slower inference times, making it
less efficient than lightweight alternatives like MobileNetV 3-
L. The model’s depth may also lead to overfitting, especially
in smaller datasets, potentially reducing its generalization
capability (Table 2). ROC curve analysis confirms that
DarkNet-53 remains competitive with models like MaxVit-S
and ShuffleNetV2, despite being outperformed by the best
models in this study. Overall, DarkNet-53 is a strong and
reliable model for macrofungi classification, but its computa-
tional expense and inference speed must be considered when
selecting an optimal model for specific applications (Fig. 4).
MaxVit-S achieved 85% accuracy, an F1-score of 0.85, and a
specificity of 0.97, making it a competitive model for macro-
fungi classification. Its hybrid architecture, which combines
CNNs with Transformer-based self-attention mechanisms,
allows it to effectively recognize fungal features across
multiple scales. This multi-scale feature extraction capa-
bility enhances its ability to distinguish visually similar
species, giving it an edge over traditional CNN models
in certain scenarios. However, despite its strong classifi-
cation performance, MaxVit-S underperforms compared to
EfficientNetV2-M and DenseNet121, both of which utilize
more optimized feature extraction techniques while main-
taining computational efficiency. With an AUC of 0.85,
MaxVit-S demonstrates good separability between classes,
but its classification ability does not reach the near-perfect
separation observed in EfficientNetV2-M (Table 2). ROC
curve analysis confirms that Max Vit-S remains a strong con-
tender, though it falls slightly behind models with more

refined feature reuse mechanisms. Additionally, its higher
computational requirements compared to standard CNNs
make it less suitable for low-resource environments, lim-
iting its applicability where inference speed is a concern.
Overall, MaxVit-S delivers strong classification accuracy
and benefits from Transformer-based feature learning, but
its computational cost and slight underperformance relative
to the best models must be considered in real-world appli-
cations (Fig. 4). ShuffleNetV2 achieved 90% accuracy, an
F1-score 0f 0.90, and a specificity of 0.98, making it one of the
top-performing lightweight models in macrofungi classifica-
tion. Designed for computational efficiency, ShuffleNetV2
utilizes group convolutions and channel shuffling techniques,
which significantly reduce computational costs while main-
taining high classification accuracy. Compared to heavier
models like EfficientNet-B7 and ResNet101, it offers a strong
trade-off between performance and efficiency, making it an
ideal choice for real-time and mobile applications. With
an AUC of 0.90, ShuffleNetV2 demonstrates strong class
separability, outperforming traditional architectures such as
VGG-16 and ResNetV2-50 (Table 2). ROC curve analysis
confirms that ShuffleNetV2’s classification ability is com-
parable to EfficientNet-B4, further highlighting its ability to
retain high accuracy while using fewer parameters. Despite
its lightweight architecture, it performs better than deeper but
less optimized models, reinforcing the importance of effi-
cient feature extraction over mere network depth. Overall,
ShuffleNetV2 is a highly efficient and well-optimized model
for macrofungi classification, proving that even lightweight
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architectures can achieve high performance when designed
effectively (Fig. 4).

VGG-16 achieved 86% accuracy, an F1-score of 0.86, and
a specificity of 0.97, demonstrating that older deep learning
architectures can still perform competitively in macrofungi
classification. Built on a simple yet deep sequential archi-
tecture with 3 x 3 convolutional layers, VGG-16 effectively
extracts hierarchical features, making it capable of captur-
ing fine-grained fungal patterns. However, despite its high
accuracy, its lack of architectural optimizations such as resid-
ual connections, batch normalization, or depthwise separable
convolutions makes it less efficient than modern architectures
like EfficientNetV2-M and DenseNet121, both of which
achieve higher classification performance while using fewer
parameters. Compared to VGG-19, its slightly shallower
design results in faster inference times without a significant
drop in accuracy, suggesting that increasing depth beyond
this point does not necessarily enhance classification capa-
bility. With an AUC of 0.86, VGG-16 demonstrates strong
class separability, though it falls behind newer architectures
that integrate advanced feature reuse mechanisms (Table 2).
ROC curve analysis confirms that while VGG-16 remains a
strong performer, it does not match the efficiency and gener-
alization capabilities of state-of-the-art models. Additionally,
its high parameter count increases memory consumption,
making it less suitable for resource-limited environments.
Overall, VGG-16 is a reliable and well-established model
for macrofungi classification, but its lack of modern archi-
tectural enhancements prevents it from reaching the top-tier
performance of more optimized networks (Fig. 5). Xception
achieved 87% accuracy, an Fl-score of 0.87, and a speci-
ficity of 0.97, making it one of the top-performing models
in macrofungi classification. Built upon depthwise separable
convolutions, Xception significantly reduces computational
complexity while maintaining strong feature extraction capa-
bilities, allowing it to generalize well across visually similar
fungal species. Compared to traditional CNN architectures
like VGG-19 and ResNetl101, Xception achieves higher
classification accuracy with fewer parameters, making it a
more efficient model for deep learning tasks. Despite its
strong performance, it slightly underperforms compared to
EfficientNetV2-M and DenseNet121, both of which incorpo-
rate more advanced architectural optimizations that improve
feature reuse and gradient flow. With an AUC of 0.87, Xcep-
tion demonstrates high class separability, though it does
not surpass the highest-performing models in this study
(Table 2). ROC curve analysis confirms that while Xception
is highly effective, it does not reach the level of models with
optimized training techniques, such as EfficientNetV2-M,
which benefits from enhanced scaling and adaptive feature
extraction. Additionally, while Xception is more efficient
than traditional CNNs, it still requires significant com-
putational resources compared to lightweight models like
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MobileNetV3-L and ShuffleNetV2. Overall, Xception is a
well-balanced and powerful model for macrofungi classi-
fication, offering strong accuracy and efficiency, but it is
slightly outperformed by the most optimized architectures in
this study (Fig. 5). VGG-19 achieved 85% accuracy, an F1-
score of 0.84, and a specificity of 0.97, demonstrating strong
classification performance despite being an older deep learn-
ing architecture. As a deeper variant of VGG-16, it maintains
the same sequential 3 x 3 convolutional structure, but with
additional layers intended to improve feature extraction.
However, the increase in depth does not yield a signifi-
cant performance boost, as its accuracy is only 1% higher
than VGG-16, while its computational cost and memory
requirements are considerably higher. Compared to modern
architectures such as EfficientNetV2-M and DenseNet121,
which utilize more advanced feature reuse mechanisms and
optimization techniques, VGG-19 falls behind in both effi-
ciency and generalization ability. With an AUC of 0.84,
it exhibits good class separability but lags behind top-tier
models, which achieve higher accuracy with more refined
architectures (Table 2). ROC curve analysis indicates that
while VGG-19 remains a capable model, it is outperformed
by networks that integrate batch normalization, residual con-
nections, or depthwise separable convolutions. Additionally,
its high parameter count and lack of computational opti-
mizations make it less suitable for large-scale applications
or environments where inference speed is a priority. Overall,
VGG-19is a solid model for macrofungi classification, but its
increased depth does not provide enough performance gains
to justify its higher computational demands compared to
VGG-16 or more modern architectures (Fig. 5). SqueezeNet
achieved 82% accuracy, an Fl-score of 0.82, and a speci-
ficity of 0.96, making it a moderately strong lightweight
model for macrofungi classification. Designed to maintain
AlexNet-level accuracy with significantly fewer parameters,
SqueezeNet utilizes “fire modules” to reduce the total num-
ber of parameters while preserving classification capability.
Despite its compact architecture, its performance remains
competitive with deeper models, outperforming ResNet101
and VGG-19, which have significantly more parameters
but fail to generalize as effectively. However, compared to
ShuffleNetV2 and EfficientNet variants, SqueezeNet under-
performs slightly in both accuracy and separability, as
indicated by its AUC of 0.83 (Table 2). ROC curve analysis
confirms that while SqueezeNet maintains reasonable classi-
fication capability, it does not match the efficiency of newer
lightweight models like ShuffleNetV2, which offers higher
accuracy with comparable computational cost. Additionally,
while its small parameter count makes it highly efficient,
its feature extraction ability is not as advanced as depthwise
separable convolutions or dense connectivity-based architec-
tures, which limits its ability to distinguish between visually
similar macrofungi species. Overall, SqueezeNet is a solid
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Fig.5 ROC Curves of VGG-16, VGG-19, Xception, and SqueezeNet

lightweight model for macrofungi classification, offering
efficiency and reasonable accuracy, but it is outperformed
by more modern and optimized architectures in this study
(Fig. 5).

The results of this study highlight a clear distinc-
tion between high-performing and low-performing models
in macrofungi classification. DenseNet121, EfficientNet-
BO, EfficientNet-B4, EfficientNetV2-M, and ShuffleNetV?2
emerged as the most successful models, achieving the highest
accuracy and Fl-scores (Table 2). These models effectively
leveraged deep hierarchical feature extraction, residual con-
nections, or attention-based mechanisms, allowing them to
generalize better despite the limited dataset size.

On the other hand, ResNet101 exhibited the weakest per-
formance among all models, achieving an accuracy of only
45% and an F1-score of 0.38. This significantly lower perfor-
mance can be attributed to multiple factors. First, as a deep
architecture, ResNet101 typically requires alarge and diverse
dataset to fully leverage its hierarchical feature extraction
capabilities. Given the relatively limited dataset used in this
study, it likely suffered from overfitting, struggling to gener-
alize well to new samples. Additionally, its high parameter
count may have contributed to inefficient learning on this
dataset, leading to suboptimal feature representation and
classification. Unlike its shallower counterpart, ResNetV2-
50, which demonstrated better efficiency and generalization,
ResNet101 failed to balance depth with effective feature
learning, ultimately resulting in poor classification perfor-
mance (Table 2).

For the remaining models, while their performance was
slightly lower than that of the top-performing architectures,
the differences were not drastically large. Models such as
VGG-16, VGG-19, SqueezeNet, and MaxVit-S achieved
competitive results, demonstrating accuracy levels between
82 and 86% with balanced precision and recall values. Their
performance suggests that although they did not reach the
highest classification accuracy, they still managed to effec-
tively differentiate fungal species with reasonable reliability.
This indicates that model optimization and architectural
design play a crucial role, sometimes even outweighing the
sheer depth of a network. The relatively close performance
gap between most models highlights that a variety of deep
learning approaches can be viable for macrofungi classi-
fication, depending on the computational constraints and
accuracy requirements (Table 2).

Ultimately, this study underscores the importance of
choosing the right CNN architecture for macrofungi clas-
sification, with models that balance depth, efficiency, and
feature extraction proving to be the most effective. Further
improvements could be made by expanding the dataset size,
fine-tuning hyperparameters, and leveraging additional aug-
mentation techniques to enhance model generalization.

The graphs (Figs. 6 and 7) illustrate the training and
validation accuracy of all models over 20 epochs, provid-
ing insights into their learning behavior and generalization
capabilities. Figure 6 shows that DenseNet121, EfficientNet-
BO, EfficientNet-B4, EfficientNetV2-M, and ShuffleNetV2
achieved the highest training accuracy, nearing 100% within
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Fig. 6 Training accuracy of deep learning models over 20 epochs

the initial epochs, indicating effective learning and robust
feature extraction. In contrast, models like the ResNet101
and SqueezeNet exhibited lower training accuracy, likely
due to their lightweight architectures limiting their ability
to capture complex features. Figure 7 highlights validation
accuracy, revealing that although the top-performing mod-
els maintained strong performance, they did not achieve the
near-perfect accuracy seen in training, suggesting a degree
of overfitting and reduced generalization to unseen data.

On the other hand, models such as EfficientNet-
BO, EfficientNet-B4, EfficientNetV2-M, ShuffleNetV2, and
SqueezeNet showed poor validation accuracy, suggesting
that they not only struggled to learn the training data but
also failed to generalize effectively. Interestingly, VGG-16
and VGG-19 showed a moderate level of improvement over
time but still lagged behind the highest-performing mod-
els. One key observation is that some deep models, such
as ResNet101, did not perform as well as their optimized
counterparts (e.g., ResNetV2-50). This further reinforces the
importance of model efficiency in achieving strong classifi-
cation performance with a limited dataset. The high training
accuracy but relatively lower validation accuracy for certain
models, such as DenseNet121 and MaxVit-S, suggests that
a larger dataset or additional regularization techniques could
help mitigate overfitting and improve generalization perfor-
mance.

Overall, these graphs highlight the trade-offs between
model complexity and generalization ability, demonstrat-
ing that while deeper architectures tend to learn faster, they
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require careful tuning to avoid overfitting. The results sug-
gest that efficient architectures with strong feature extraction
capabilities are the best candidates for macrofungi classifi-
cation.

The provided graphs (Figs. 8, 9, 10, and 11) illustrate
the training loss and validation loss of all models across
10 epochs, offering insights into their optimization behavior
and generalization ability. Figure 4 shows that DenseNet121,
MaxVit-S, Xception, ResNetV2-50, and GoogleNet (Incep-
tionV3) achieved the steepest decline in training loss, indicat-
ing that these models effectively minimized the error during
training. Their loss values dropped significantly within the
first few epochs, suggesting that they learned the patterns in
the training dataset efficiently. On the other hand, models
such as EfficientNet-B0, EfficientNet-B4, EfficientNetV2-
M, ShuffleNetV2, and SqueezeNet exhibited minimal loss
reduction, implying that they struggled to learn the train-
ing data effectively. Their loss curves remained relatively
high, indicating that they did not extract meaningful features
from the dataset as efficiently as the top-performing models.
VGG-16 and VGG-19, while showing some improvement,
did not reach the same level of optimization as DenseNet121
or MaxVit-S.

Figure 9 provides deeper insights into model general-
ization. While DenseNet121, MaxVit-S, ResNetV2-50, and
GoogleNet (InceptionV3) achieved relatively low validation
loss, the gap between their training and validation loss sug-
gests some degree of overfitting. These models successfully
minimized loss on the training set but could not maintain
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Fig. 10 Grad-CAM
visualizations for macrofungi
classification using DarkNet-53
and DenseNet121 models. The
top row presents the original
images of (1)Tricholoma
atrosquamosum, (2)Tricholoma
saponaceum, and (3)Tricholoma
sejunctum from left to right. The
second and third rows display the
corresponding activation maps Ori ginal

for DarkNet-53 and

DenseNet121, respectively. (2) (3)
These visualizations highlight
the most influential regions used
by the models for classification

(2)

DarkNet-53
(2)

DenseNet 121
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Fig. 11 Grad-CAM (1)
visualizations for macrofungi
classification using ShuffleNetV2
and SqueezeNet models. The
images correspond to three
different macrofungi species:
(1)Tricholoma atrosquamosum,
(2)Tricholoma saponaceum, and
(3)Tricholoma sejunctum from
left to right. The top row presents
the activation maps generated by
ShuffleNetV?2, while the bottom
row displays the corresponding
activation maps for SqueezeNet.
These visualizations highlight
the most influential regions
considered by each model during
classification

the same level of performance on the validation set, indicat-
ing that their learned features were more specialized to the
training data rather than generalizing well to unseen data.
Conversely, EfficientNet series, ShuffleNetV2, and
SqueezeNet exhibited consistently high validation loss, sug-
gesting that they not only struggled to learn the training data
but also failed to generalize well to the validation set. This
is evident from the relatively flat loss curves, indicating poor
learning capability. ResNet101 and VGG-16 showed mod-
erate loss reduction, but their relatively higher validation
loss compared to their optimized versions suggests that they
required more data to fully utilize their deep architectures.
One critical observation is that some deep models, such
as ResNet101 and VGG-16, exhibited higher validation loss
compared to their optimized counterparts (e.g., ResNetV2-
50 and DenseNetl121). This reinforces the importance of
model efficiency in achieving strong classification perfor-
mance, particularly with a limited dataset. The high training
loss reduction but slower validation loss decrease for mod-
els like DenseNet121 and Max Vit-S suggests that additional
regularization techniques, such as dropout or data augmen-
tation, could be beneficial in improving generalization.
Overall, these graphs (Figs. 6, 7, 8, and 9) highlight the
trade-offs between model complexity and generalization,
showing that while deeper architectures tend to minimize
training loss effectively, their ability to generalize depends
heavily on dataset size and proper optimization strategies.
The results suggest that efficient architectures with strong
feature extraction capabilities are best suited for macro-
fungi classification, as they achieve lower loss values while
maintaining a reasonable balance between training and
validation performance. To enhance model interpretability,
we utilized explainable AI (XAI) techniques, specifically

ShuffleNetV2
(2)

SqueezeNet

Gradient-weighted Class Activation Mapping (Grad-CAM).
Grad-CAM helps visualize the most important image regions
influencing model decisions by generating heatmaps, making
ita valuable tool for understanding deep learning predictions.

This method is crucial for identifying biases, assessing
model reliability, and improving classification accuracy. By
applying Grad-CAM, we observed that higher-performing
models focused on biologically relevant fungal structures,
while weaker models often highlighted irrelevant areas, lead-
ing to misclassifications. In the following section, we present
three original test images, followed by Grad-CAM visualiza-
tions for each of the 16 models (total of 48 images). These
results will provide deeper insights into how different archi-
tectures process macrofungi images.

The Grad-CAM visualizations (Figs. 10, 11, 12, 13,
14, and 15) provide insights into the regions where each
model focused while making classification decisions. High-
performing models such as DenseNetl21, EfficientNet-
BO, EfficientNet-B4, EfficientNetV2-M, and ShuffleNetV2
effectively highlighted the key fungal structures, including
the cap, stem, and gill patterns. These models exhibited
strong spatial awareness, ensuring that their predictions were
influenced by biologically relevant features rather than back-
ground noise. Conversely, weaker models like SqueezeNet
and ResNet101 displayed inconsistent or diffused attention
maps. Many of these models focused on irrelevant areas,
such as the background or nondistinctive parts of the mush-
rooms, leading to potential misclassifications. Overall, these
visualizations (Figs. 10, 11, 12, 13, 14, and 15) demonstrate
the importance of explainable AI (XAI) in understanding
model behavior. Grad-CAM helps evaluate whether models

@ Springer
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Fig. 12 Grad-CAM
visualizations for macrofungi
classification using EfficientNet
models. The images correspond
to three different macrofungi
species: (1) Tricholoma
atrosquamosum, (2) Tricholoma
saponaceum, and (3) Tricholoma
sejunctum from left to right.
Each row represents a different
EfficientNet variant, namely
EfficientNet-BO,
EfficientNet-B4,
EfficientNet-B7, and
EfficientNetV2-M, respectively.
These visualizations highlight
the key regions identified by each
model during classification

(1)
(1)

(1)

rely on meaningful features or suffer from attention misalign-
ment, guiding future improvements in model architecture and
dataset refinement.

The p values obtained from the confusion matrices for
each model using the chi-square significance test are pre-
sented in Appendix A, Table 3. In Table 3, the arrows indicate
the model with the higher accuracy metric. The absence of
an arrow in certain table cells signifies that the accuracy
metrics of the two compared models are equal. Bold p val-
ues indicate a statistically significant difference between the
confusion matrices of the two models, whereas non-bold p
values suggest that there is no statistically significant differ-
ence, meaning that the performance difference between the
two models is likely due to chance. As seen in Table 3, the
performance differences between the models are not statis-
tically significant. However, when all models are compared

@ Springer

3)

)

EfficientNet-B0
2) (3)

EfficientNet-B4
2) 3)

EfficientNet-B7
(2)

EfficientNetV2-M

to ResNet101, the performance differences observed against
ResNet101 are statistically significant. In other words, the
superiority of the models over ResNetl01 is not due to
chance.

4 Discussion

This study systematically evaluates the -effectiveness
of various deep learning architectures for macrofungi
classification, revealing significant performance dispar-
ities among the models [37]. The findings indicate
that DenseNet121[38], EfficientNet-B0[39], EfficientNet-
B4, EfficientNetV2-M[40], and ShuffleNetV2[41] were the
most effective models, achieving high classification accu-
racy, precision, recall, F1-score, specificity, and AUC score
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Fig. 13 Grad-CAM (1)
visualizations for macrofungi
classification using VGG-16 and
GoogleNet (InceptionV3)
models. The images correspond
to three different macrofungi
species: (1)Tricholoma
atrosquamosum, (2)Tricholoma
saponaceum, and (3)Tricholoma
sejunctum from left to right. The

3)

first row presents activation maps VGG-16
generated by VGG-16, while the
second row displays those (1) (2)
produced by GoogleNet
(InceptionV3)
GoogleNet (InceptionV3)
Fig. 14 Grad-CAM (1) 2)

visualizations for macrofungi
classification using
MobileNetV3-L, ResNet101, and
ResNetV2-50 models. The
images correspond to three
different macrofungi species:
(1)Tricholoma atrosquamosum,
(2)Tricholoma saponaceum, and
(3)Tricholoma sejunctum from
left to right..Tht.e first row MobileNetV3-L
presents activation maps )
generated by MobileNetV3-L,
the second row displays those
produced by ResNet101, and the
third row corresponds to
ResNetV2-50

-
-

ResNetl01
2) 3)

’

ResnetV2-50
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Fig. 15 Grad-CAM
visualizations for macrofungi
classification using VGG-19,
Xception, and Max Vit-S models.
The images correspond to three
different macrofungi species:
(1)Tricholoma atrosquamosum,
(2)Tricholoma saponaceum, and
(3)Tricholoma sejunctum from
left to right. The first row
presents activation maps
generated by VGG-19, the
second row displays those
produced by Xception, and the
third row corresponds to
MaxVit-S. These visualizations
highlight the most influential
regions considered by each
model during classification

well-localized feature extraction in Grad-CAM visualiza-
tions. These models outperformed their counterparts due to
their ability to capture fine-grained fungal structures, gen-
eralize well across different species, and effectively utilize
their deep architectural advantages.

The success of the top-performing models in this study
can be attributed to their optimized feature extraction mech-
anisms, efficient connectivity, and advanced architectural
designs. EfficientNetV2-M emerged as the most accu-
rate model, achieving an accuracy of 92%, along with
0.92 Fl-score and 0.98 specificity. Its superior perfor-
mance can be attributed to its compound scaling approach,
which effectively balances depth, width, and resolution for
enhanced feature extraction. Similarly, DenseNet121, with
90% accuracy, excels in maintaining efficient gradient flow
through its densely connected layers, facilitating enhanced
learning while minimizing redundant computations [42].
EfficientNet-B4, also achieving 90% accuracy, benefits from
optimized depth and scaling strategies, ensuring robust gen-
eralization while maintaining computational efficiency [43].
ResNetV2-50, with 84% accuracy, leverages residual con-
nections to prevent vanishing gradient issues, making it a
stable deep learning model for macrofungi classification.
Meanwhile, GoogleNet (InceptionV3), which reached 84%

@ Springer

3)

MaxVit-S

accuracy, benefits from its multi-scale feature extraction via
inception modules, allowing it to capture intricate macro-
fungi patterns at different resolutions.

On the other hand, models such as MaxVit-S,
MobileNetV3-L, and SqueezeNet exhibited moderate per-
formance, with accuracy values ranging between 82 and
88%. While these models are designed for efficiency and
lightweight applications, their feature extraction capabilities
are somewhat limited compared to the top-performing archi-
tectures. MaxVit-S, for instance, integrates self-attention
mechanisms, improving its focus on essential fungal struc-
tures, yet its 85% accuracy suggests that further optimiza-
tion might be necessary for superior classification [44].
SqueezeNet, which is an ultra-lightweight model optimized
for fast inference, struggled with distinguishing between
complex fungal features, achieving 82% accuracy, the lowest
among the moderate-performing models. These results indi-
cate that while computationally efficient models offer speed
advantages, they may require additional fine-tuning or data
augmentation to match the performance of deeper architec-
tures.

A particularly significant observation in this study is the
weak performance of ResNet101, which achieved only 45%
accuracy—substantially lower than other models. Despite
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its deep architecture, the model suffered from inefficient
feature extraction, likely due to its high parameter count
and reliance on large-scale datasets for effective training
[45]. The limited dataset size in this study may have led to
overfitting, preventing ResNet101 from generalizing effec-
tively to new macrofungi images. Furthermore, its low
Fl-score of 0.38 and specificity of 0.89 suggest that the
model frequently misclassified fungal species, reinforcing
the notion that deep networks do not always guarantee supe-
rior performance. In contrast, more optimized architectures,
such as EfficientNetV2-M, DenseNet121, and ResNetV2-50,
outperformed ResNet101 despite having fewer parameters,
demonstrating the importance of model efficiency over raw
depth.

In addition to ResNet101, VGG-16 and VGG-19, two
widely used deep architectures, exhibited relatively lower
accuracy compared to other top-performing models [46].
VGG-16 achieved 86% accuracy, while VGG-19 reached
85% accuracy, highlighting their capability to classify macro-
fungi but also suggesting that their conventional feature
extraction pipelines may not be as efficient as modern archi-
tectures like EfficientNet or DenseNet. Their large memory
requirements and fully connected layers make them compu-
tationally demanding, yet their performance in this study was
surpassed by more optimized models [47]. Similarly, Shuf-
fleNetV2, which achieved 90% accuracy, performed well
compared to other lightweight models but still fell slightly
behind the leading models in overall classification effective-
ness.

The findings from this study emphasize the crucial role of
model selection and architectural optimization in macrofungi
classification. The results clearly indicate that certain deep
learning models, such as EfficientNetV2-M, DenseNet121,
and EfficientNet-B4, are more suited for handling the com-
plexities of macrofungi images due to their robust feature
extraction mechanisms and efficiency-driven designs. How-
ever, the study also underscores the importance of dataset
size, as seen in the underperformance of deeper architec-
tures like ResNet101, which require large-scale datasets to
function effectively [48]. These findings suggest that future
research should focus on optimizing models not just in terms
of depth but also efficiency, ensuring that they are well suited
for the available dataset scale.

Beyond the technical evaluation of deep learning archi-
tectures, recent studies across diverse Al domains provide
complementary perspectives for extending model optimiza-
tion. For instance, traditional machine learning frameworks
used in fake review detection emphasize the critical role
of feature selection and data preprocessing, aligning with
the importance of dataset curation in visual classification
[49]. Likewise, advances in generative Al for trustwor-
thy e-commerce demonstrate that optimized deep learning

pipelines can successfully transition to real-world appli-
cations, underscoring their scalability beyond image-based
tasks [50]. Integrating optimized Al systems with blockchain
infrastructures further points to the potential for secure and
decentralized deployment of intelligent models, enhancing
traceability and trust within digital ecosystems [51]. Simi-
lar optimization philosophies are evident in NLP-based trust
systems, which suggest that convergence between vision and
language modalities could enhance interpretability and con-
sistency in multimodal learning [52]. Moreover, emerging
discussions on ethical and explainable Al highlight the neces-
sity of embedding fairness, transparency, and accountability
principles within optimization workflows [53]. Finally, the
use of large language models for fraud analytics signals a
broader shift toward generative and multimodal paradigms,
suggesting that hybrid vision—language architectures may
represent the next step in advancing adaptability and rea-
soning capabilities of optimized deep learning models [54].

The dataset used in this study comprises 1,390 images
of six Tricholoma species, which may be relatively limited
for training deep convolutional neural networks and could
contribute to the observed overfitting in ResNet101 (45%
accuracy) as well as the mild overfitting detected in top-
performing models. Previous fungal classification studies by
our group have shown that larger and more diverse datasets
significantly enhance model generalization and reduce over-
fitting. For example, datasets including 1,000 Phallaceae
[55], 1582 Mycena and Marasmius [56], 2,800 Discomycetes
[57], 1600 Puffball [58], and 1,585 Earthstar [S9] images
provided more stable and reliable classification outcomes.
Therefore, future work will focus on expanding the Tri-
choloma dataset following similar curation and diversity
standards to further strengthen model robustness and eco-
logical inference accuracy.

Beyond classification accuracy, the implications of this
study extend to various fields, including biodiversity mon-
itoring, ecological research, and agricultural applications.
The ability to accurately classify fungal species using Al-
driven models holds significant potential for environmental
conservation, early disease detection in plants, and myco-
logical studies. The results of this study contribute valuable
insights into the strengths and limitations of different deep
learning architectures, offering a solid foundation for future
advancements in Al-powered fungal classification. Moving
forward, increasing dataset diversity, refining model archi-
tectures, and exploring hybrid approaches integrating CNN
and transformer-based models will be key strategies to fur-
ther improve classification performance.

@ Springer
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5 Conclusion

This study conducted a comprehensive evaluation of various
deep learning models for macrofungi classification, identify-
ing the most effective architectures. DenseNet121 (F1-score
of 90%), EfficientNetV2-M (92% accuracy, 92% preci-
sion, and 98% specificity), EfficientNet-BO0, EfficientNet-B4
(F1-score of 90%), and ShuffleNet demonstrated superior
performance in extracting complex features and capturing
subtle structural differences. Their success is attributed to
their deep, multilayered architectures and optimized learn-
ing strategies. ResNet101 struggled with overfitting and poor
generalization due to its depth and the limited dataset size,
preventing effective feature extraction. SqueezeNet, as an
ultra-lightweight model, lacked sufficient depth for captur-
ing intricate fungal structures. These results highlight the
importance of both model efficiency and dataset diversity in
achieving optimal classification performance.

This research is notable for being the first to exten-
sively apply explainable artificial intelligence (XAI) tech-
niques in macrofungi classification. Grad-CAM visualiza-
tions revealed that high-performing models focused on bio-
logically significant features such as the cap, stem, and spore
structures. In contrast, lower-performing models often mis-
classified samples by focusing on irrelevant regions. These
visualizations enhanced the transparency and interpretability
of the models’ decision-making processes, increasing confi-
dence in their reliability.

@ Springer

It is recommended that the deep learning algorithms used
in this study be applied not only to macrofungi but also to the
microscopic and spore-level images of other fungal species.
Furthermore, these models have potential applications in
other domains, such as diagnosing plant diseases, classify-
ing agricultural plant species, and biodiversity monitoring.
Future research should focus on expanding dataset diversity,
exploring hybrid architectures (e.g., CNN-Transformer mod-
els), optimizing hyperparameters, and developing advanced
data augmentation methods to enhance model performance
and generalization capacity. Additionally, improving model
interpretability through explainable AI techniques will be
crucial for handling more complex biological datasets.

Appendix A
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