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Ishak Ariawan, Food safety requires rapid and accurate bacterial identification to prevent disease and economic losses. This

ishak_ariawan@upi.cdu study compares three lightweight deep learning models—Tiny-ViT, ShuffleNetV2, and EfficientNet-Lite—for
classifying 33 bacterial species from a combined public dataset. Models were trained using transfer learning
with original and augmented data and evaluated using 5-fold cross-validation. Tiny-ViT achieved the highest
performance with 99.66% accuracy and 99.70% precision, setting a new state-of-the-art for the DIBaS dataset.
EfficientNet-Lite reached 99.32% accuracy with superior efficiency—threefold lower FLOPs (397.49M), fewer
parameters (3.41M), and faster inference (0.90 ms/image). Comparison of per-class error rates across four
models—Tiny-ViT Original, Tiny-ViT Augmented, EfficientNet-Lite Augmented, and EfficientNet-Lite
Original—showed consistent stability, where each bacterial class exhibited low mean error and narrow 95%
confidence intervals (C195%), reflecting statistical reliability. These findings highlight a trade-off: Tiny-ViT
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1. Introduction

Microorganisms are microscopic living entities that can only be observed under a microscope. Some species consist of single-
celled organisms, with bacteria representing a prominent group [1]. Bacteria constitute an integral part of our environment
and play an essential role in the food production chain [2]. While most bacterial species are harmless or beneficial to humans,
certain pathogenic strains—such as Salmonella, Escherichia coli, and Listeria monocytogenes—can cause severe foodborne
illnesses [3]. Consequently, accurately identifying bacterial genus and species is critical for disease prevention, diagnosis,
and ensuring a safe and sustainable food supply [4].

However, identifying and classifying bacteria is difficult due to their diversity and tiny structures, which are invisible to the
naked eye [5]. Traditionally, experts or microbiologists have classified bacteria through laboratory testing. The most common
characteristics used to distinguish bacterial cells are their morphological shape and size. Based on shape, bacteria can be
grouped into cylindrical, spherical, and spiral. Sometimes the shape and size of bacteria across species are similar, but in
some cases, the same species can appear differently[6].

Furthermore, bacteria can occur separately or in groups depending on the conditions. Therefore, morphology is a crucial
characteristic for classifying bacteria. Although some bacterial species exhibit morphological diversity (e.g., Candida
albicans and Escherichia coli), while others are difficult to distinguish (e.g., Staphylococcus saprophiticus and Streptococcus
agalactiae), these challenges make bacterial classification challenging, even for experienced microbiologists [5, 6].

With remarkable innovations in deep learning, such as Convolutional Neural Networks (CNNs) [7] and Vision Transformers
(ViTs) [8], it is now possible to automate the bacterial classification process. Deep learning algorithms can learn important
descriptors of bacterial cells by analyzing pixel values from microscopic images [9]. It allows for faster and more accurate
bacterial identification, which can form the basis for proactive food safety monitoring innovations [10, 11].
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Several studies have adopted deep learning architectures to classify bacterial species using microscopic images. Zielinski et
al. (2017) [6] used deep learning methods to classify bacterial colonies. Convolutional Neural Networks (CNNs) were used
as feature extractors, while Support Vector Machines and Random Forests were used as classifiers. In 2018, Nasip and Kenan
[12] used another method to solve the Digital Images of Bacterial Species (DIBaS) classification task. Two different
architectures were used to classify bacteria, namely VGGNet[13] and AlexNet [14], with accuracies of 98.25% and 97.53%,
respectively.

Furthermore, three studies using the DIBaS dataset were published in 2019. The first study achieved a classification accuracy
01 98.22% using a deep CNN and a data augmentation method known as "deep bacteria." [9]. In the second publication, "deep
bacteria" was surpassed with a classification accuracy of 99.2% by retuning a pre-trained model from ResNet-50 [15]. In the
third publication, Rujichan et al. [16] achieved a classification accuracy of up to 95.09% by retuning a pre-trained version of
the MobileNet V2 architecture [17] and adopting several augmentation methods.

The classification accuracy of 98.68% was achieved by using fractional sequential orthogonal moments for feature extraction
and proposing a new selection method. Called Salp Swarm Algorithm + Teaching-Based Learning Optimization (SSATLBO)
[18]. Meanwhile, Satoto et al. [19] also achieved 98.59% accuracy using a custom CNN topology and a data augmentation
method. Garcia et al. [20] adopted four different architectures with data augmentation methods: ShuffleNet, MobileNet,
SqueezeNet, and EfficientNet. Each classifier obtained accuracies of 96.35% (ShuffleNet v2 x1 0), 97.38%
(MobileNet v3 large), 91.36% (SqueezeNetl 1), and 97.20% (EfficientNet-b0), respectively.

Further advancements included semi-automated labeling and semantic segmentation via ResUNet++ [21] (95% accuracy),
as well as AlexNet and GoogleNet-based methods [22], with accuracies of 97.14% and 98.67%. ResNet and VGGNet
achieved 91.67% and 94.44%, respectively, Amri et al. (2023) [23], while Kristensen et al. (2023) [24] extracted
morphological and color features prior to classification, attaining 99% accuracy using Random Forest algorithms.

Despite these advances, challenges persist, particularly concerning computational efficiency. Many CNN-based models
remain computationally demanding, limiting their feasibility for real-time deployment in food processing facilities with
constrained hardware resources [25]. It has driven interest toward lightweight yet high-performing models. For example, Mai
and Ishiba (2021) [26] employed CNN architectures with fewer than five million parameters but reported only 26.28%
accuracy. In contrast, Garcia et al. (2020) [27] used MobileNetV2—featuring significantly reduced parameter counts—to
achieve 97.38% accuracy, while Jamshidi et al. (2023) [28] reported 99.33% accuracy using EfficientNetV2 with 2,722
bacterial images. More recently, Rusmawati et al. (2024) [11] applied MNASNet to classify 11 Lactobacillus species,
achieving 99.15% accuracy.

Building on these studies, the present work aims to develop an automated bacterial classification model emphasizing both
computational efficiency and high accuracy. Our approach leverages transfer learning with lightweight architectures pre-
trained on the ImageNet dataset [29], evaluated on augmented datasets combining Zielinski et al. (2017) and Jamshidi et al.
(2023) through confusion matrix analyses. The contributions of this study are summarized as follows:

1. We integrate the DIBaS Zielinski et al. (2017) [6] and Jamshidi et al. (2023) [28] datasets with zoom-based
augmentation techniques applied to Vision Transformer architectures.

2. The proposed Tiny-ViT model establishes a new state-of-the-art performance benchmark for classifying 33 bacterial
species.

3. The resulting model is lightweight and computationally efficient, facilitating practical deployment on edge
computing devices for real-time food safety monitoring.

2. Materials and Method

This study creates a classification model to identify bacterial species by comparing three lightweight deep learning
architectures. All three architectures have been trained on the ImageNet dataset; knowledge from previous data is transferred
by adjusting the dataset used. In addition, the number of targets must also be adjusted. The stages of this research are shown
in Figure 1.

The first architecture is Tiny-Vit. Tiny-Vit is a vision transformer architecture designed for devices with limited resources.
This architecture uses techniques such as pruning and parameter sharing to maintain accuracy even though the model size is
reduced [30]. The second architecture is ShuffleNetV2. ShufflenetV2 is a CNN architecture that uses depthwise separable
convolutions and channel shuffling to reduce latency and improve efficiency. This architecture is well-suited for mobile
devices with limited computing resources [31]. The third architecture is EfficientNet-Lite. EfficientNet-Lite is a lightweight
version of EfficientNet that uses compound scaling to balance resolution, depth, and network width, resulting in a high-
performance model with minimal parameters, making it well-suited for edge applications [32].

2.1. Data Acquisition and Preparation

This study used two public datasets: DIBaS (Zielinski et al., 2017) [6] with 689 microscopic images covering 32 bacterial
species and one fungus (acquired on an Olympus CX31 with an SC30 camera), and Jamshidi et al. (2023) with 2,033
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microscopic images of the same 33 classes (blood/urine/skin specimens after Gram staining, imaged on a Nikon E200 with
a 100x objective). Figure 2 provides representative examples from both sources.
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Figure 1. Overall workflow of the proposed bacterial classification system, including data acquisition from Zielinski et al.
(2017) and Jamshidi et al. (2023), zoom-based augmentation (300-700 px), data splitting (80/10/10), model training and
performance evaluation through confusion matrix and standard classification metrics.

Escherichia coli

Actinomyces israeli

Acinetobacter baumanii

DiBas Bacteria Species Images

Figure 2. Three sample images of bacterial species used for this study. The variability within each species is clearly
evident.

As illustrated in Figure 2, the DIBaS and Jamshidi datasets exhibit distinct visual characteristics (e.g., acquisition pipeline
and imaging appearance). To avoid conflating domain-specific traits, augmentation was restricted to DIBaS only, adopting
the zoom-based protocol of Garcia et al. (2022) [20]. Concretely, we generated up to 35 synthetic zoomed variants per original
DIBaS image; unlike their configuration (square crops in the 100-700 px range), we constrained the crop size to 300-700 px
before resizing to the model input, motivated by their observation that very small crops (100-200 px) increase
misclassification rates (Figure 3). After augmentation, the final corpus was formed by combining the original DIBaS images,
the augmented DIBaS set, and the Jamshidi dataset, yielding a total of 19,938 images. We then applied a stratified 80/10/10
split into 15942 / 1983 / 2013 images for training, validation, and testing, respectively, while maintaining balanced class
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distributions across splits. The distribution of data per species is presented in Table 1. The training and validation data were
used to train the architectures, while the testing data was used to evaluate the models’ performance.

(a) (b) (©) (d) (e) )

Figure 3. Escherichia coli Augmentation Process (a) Original, (b) Crops 700x700, (c) Crops 600x600, (d) Crops
500%500, (e) Crops 400x400, (f) Crops 300x300

Table 1. The Amount of Species Data and the Allocation of Train, Validation, and Test Data

No Species of bacteria Label Mapping Train Validation Test Count

Ori Aug Ori Aug Ori Aug Ori Aug

1 Acinetobacter baumannii C00 60 460 7 57 8 58 75 575
2 Actinomyces israelii Co1 68 528 8 66 9 66 85 660
3 Bacteroides fragilis C02 70 530 8 66 10 67 88 663
4  Bifidobacterium spp Co3 69 529 8 66 10 67 87 662
5 Candida albicans C04 65 465 8 58 9 59 82 582
6  Clostridium perfringens Co05 68 528 8 66 9 66 85 660
7  Enterococcus faecalis C06 64 464 8 58 8 58 80 580
8  Enterococcus faecium Co07 62 462 7 57 9 59 78 578
9  Escherichia coli Co8 63 463 7 57 9 59 79 579
10 Fusobacterium C09 68 528 8 66 9 66 85 660
11 Lactobacillus casei C10 64 464 8 58 8 58 80 580
12 Lactobacillus crispatus Cl1 61 461 7 57 9 59 77 577
13 Lactobacillus delbrueckii Cl12 63 463 7 57 9 59 79 579
14 Lactobacillus gasseri C13 64 464 8 58 9 59 81 581
15 Lactobacillus jensenii Cl4 68 468 8 58 10 60 86 586
16  Lactobacillus johnsonii C15 64 464 8 58 9 59 81 581
17 Lactobacillus paracasei Cl6 64 464 8 58 8 58 80 580
18  Lactobacillus plantarum C17 64 464 8 58 9 59 81 581
19 Lactobacillus reuteri C18 64 464 8 58 8 58 80 580
20  Lactobacillus rhamnosus C19 64 464 8 58 8 58 80 580
21 Lactobacillus salivarius C20 64 464 8 58 8 58 80 580
22 Listeria monocytogenes C21 68 508 8 63 9 64 85 635
23 Micrococcus spp C22 67 487 8 60 9 62 84 609
24  Neisseria gonorrhoeae C23 73 533 9 66 10 68 92 667
25  Porphyromonas gingivalis C24 70 530 8 66 10 67 88 663
26  Propionibacterium acnes C25 67 527 8 65 9 67 84 659
27  Proteus C26 64 464 8 58 8 58 80 580
28  Pseudomonas aeruginosa C27 66 466 8 58 9 59 83 583
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Table 1. (Continued)

29  Staphylococcus aureus C28 67 467 8 58 9 59 84 584
30  Staphylococcus epidermidis C29 63 463 7 57 9 59 79 579
31 Staphylococcus saprophyticus C30 64 464 8 58 8 58 80 580
32 Streptococcus agalactiae C31 68 468 8 58 9 59 85 585
33 Veillonella C32 64 504 8 63 8 63 80 630
Total 2162 15942 259 1983 292 2013 2713 19938

Note: Ori (Original) and Aug (Augmentation)
2.2. Deep Learning Models
2.2.1. Tiny-ViT (Tiny Vision Transformer)

The Tiny-ViT architecture uses a progressive model contraction approach to produce compact models with a small footprint
and low parameter count, while maintaining competitive accuracy. This study uses TinyViT-5M with embedding dimensions
{64, 128, 160, 320} across four consecutive stages. The scaling-down process begins with a large initial model as the seed
model, which is then gradually reduced using a series of contraction factors, such as embedding dimension, model depth,
window size, MBConv expansion ratio, MLP ratio, and head dimension for multi-head attention.

Structurally, TinyViT-5M adopts a hierarchical vision transformer as its main architecture, consisting of four stages with
gradual resolution reduction, thereby supporting dense prediction tasks, such as detection, that require multi-scale features.
The main components of this architecture include patch embedding using two 3x3 convolutional layers with a stride of 2 and
a padding of 1, MBConv blocks in the initial stage to capture low-level features efficiently, and transformer blocks with
window attention in the three subsequent stages to reduce computational costs. In addition, 3 x 3 depthwise convolution and
attention biases are used to strengthen local information extraction, residual connections in each block for training stability,
and the GELU activation function together with BatchNorm and LayerNorm as normalization layers [30]. A visualization of
the Tiny-ViT architecture is shown in Figure 4.
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Figure 4. Tiny-ViT Architecture [30].
2.2.2. ShuffleNetV2

ShuffleNet V2 is a lightweight network architecture specifically designed for devices with limited computing resources, such
as smartphones and edge devices. This architecture generally introduces key innovations, namely channel splitting, channel
shuffling, and lightweight convolutions such as depthwise convolution. Every network unit divides the input channel into
two paths through channel splitting: one path remains unchanged (the identity branch). Meanwhile, lightweight and
computationally efficient convolution operations are subject to the other path. The model merges the two paths and applies a
channel shuffle to ensure optimal information transfer. This process is repeated in stacked blocks, forming a deep network
architecture while maintaining computational efficiency.
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Furthermore, ShuffleNet V2 eliminates several computationally expensive operations that do not significantly improve
accuracy, such as the element-wise addition operation used in ShuffleNet V1. Element-wise operations such as ReLU and
depthwise convolution are performed on only one branch to reduce complexity. Three consecutive operations—Concat,
Channel Shuffle, and Channel Split—are also integrated into a single element-wise operation to improve data processing
efficiency. The model training process is performed by stacking ShuffleNet V2 blocks, ending with an additional
convolutional layer before global average pooling to improve feature blending before the final classification stage [31]. A
visualization of the ShuffleNetV2 architecture is shown in Figure 5.

2.2.1. EfficientNet-Lite

The EfficientNet-lite architecture is a lightweight version of EfficientNet, pre-trained on the ImageNet dataset. We selected
EfficientNet-lite because it offers low computational requirements, featuring only 3.5 million parameters while maintaining
a depth and channel width comparable to the original EfficientNet model. Unlike EfficientNet, the designers of this lighter
version omit the squeeze-and-excite (SE) module, which generally employs adaptive channel suppression. It replaces the
activation function in the hidden layers with ReLUS6, resulting in a simpler and more efficient architecture ideal for devices
with limited computational power.

Regarding its structure, EfficientNet-lite includes extra sub-blocks and a zero-padding layer at the start of certain first sub-
blocks within specific main blocks: blocks 2, 4, 3, and 6. There is an essential difference in channel width; EfficientNet-lite
employs wider channels than EfficientNet, which enhances feature extraction while keeping the number of parameters
relatively low. Some key blocks, such as blocks five and seven, have a similar structure to the other blocks but do not include
the zero-padding layer. EfficientNet-lite features a lightweight design and several hyperparameters to achieve high accuracy
while reducing computational expense. Makes it suitable for extensive image classification tasks and devices with restricted
computing resources [34]. A visualization of the EfficientNet-Lite architecture is shown in Figure 6.
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Figure 5. ShuffleNetV2 Architecture [33].
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Figure 6. EfficientNet-Lite Architecture [34].
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2.3. Model Evaluation

In deep learning, performance metrics are essential for evaluating how well a classification model predicts a given image.
There are several commonly used performance metrics for classification models. Among them, we applied the following four
metrics, as described in Table 2, to evaluate and compare the performance of the proposed bacterial classification models
with other well-known SOTA models. TP, TN, FP, and FN in the table refer to true positives, true negatives, false positives,
and false negatives, respectively. Additionally, this study measured the efficiency of the models, including Latency, FLOPs,
total Parameters, and model size.

3. Result and Discussion
3.1. Training Details for Model Selection

Model training was conducted using Python 3.10.12 and PyTorch 2.0.0 on a local machine equipped with an NVIDIA
GeForce RTX 4060 GPU accelerator. The computational configuration included Windows 11 (64-bit), a 14th-generation
Intel 19 processor, and 32 GB of RAM.

Table 2. Performance Measurements

Measurement Formula/ Description
Accuracy TP+TN
TN +FP+TP+FN
Precision TP
TP + FP
Sensitivity TP
TP+ FN
F1 Score 9 % Precision X Sensitivity

Precision + Sensitivity

Latency The time it takes for the model to make a single prediction (inference time) is often
measured in milliseconds (ms).

FLOPs Floating Point Operations. The number of computational operations required for a single
inference pass. This measures the computational complexity of the model.

Parameters The total number of trainable parameters (weights and biases) in a model. This metric
indicates the model's size and capacity.

Model Size The model's file size on disk is usually measured in megabytes (MB). This metric is
important for deployment on devices with limited storage.

Table 3. Hyperparameter Values

Hyperparameter Values Hyperparameter Values
Resolution 224 x 224 Momentum (Adam 1) 0.9 (B2=0.999)
Augmentation Zoom crop 300—700 px Batch size 32
Schedule length 500 epochs Patience 20 epochs (early stopping)
Optimizer Adam Loss Cross-Entropy
Initial learning rate 0.001

All models were trained with an input resolution of 224x224. Data augmentation followed a zoom-crop procedure constrained
to 300-700 px, after which images were resized to the target resolution. We trained for a maximum budget of 500 epochs
using the Adam optimizer with an initial learning rate of 1x107* and the default Adam moments (1 = 0.9, B> = 0.999;
“momentum’” here corresponds to f:). The mini-batch size was set to 32.

To ensure a robust and unbiased evaluation, all training and validation experiments in this study were performed using a five-
fold cross-validation strategy. In this setup, the dataset was partitioned into five mutually exclusive folds with a balanced
class distribution. In each iteration, one fold was used for validation while the remaining four folds were used for training.
The final reported performance metrics represent the mean and standard deviation across the five folds, reflecting the models’
generalization consistency. Early stopping with a patience of 20 epochs was applied, halting optimization when the validation
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Fl-score did not improve for 20 consecutive epochs. The loss function was standard cross-entropy. The complete
configuration is summarized in Table 3.

Model evaluation was performed using two data set schemes: the original and the augmented data sets. Validation results
showed that all three tested architectures—Tiny-ViT, EfficientNet-Lite, and ShuffleNetV2—displayed very promising
performance. Consistently, Tiny-ViT demonstrated superiority, achieving the highest accuracy, precision, sensitivity, and
Fl-score across both data set schemes. Nonetheless, EfficientNet-Lite and ShuffleNetV2 also showed very competitive
performance, indicating that all three models have strong capabilities and can adapt well to bacterial classification. Detailed
comparisons of the performance metrics for each model on both data sets are presented in Table 4.

Table 4. Detailed Comparisons of the Performance Metrics for Each Model on Both Data Sets

Dataset Model Accuracy (%) Precision (%) Sensitivity (%) F1-Score (%)
Tiny-ViT 99.14+0.27 99.20+0.27 99.14+0.27 99.13+0.28
Original EfficientNet-Lite 99.38+0.31 99.44+0.27 99.38+0.31 99.38+0.32
ShuffleNetV2 95.03+2.17 95.55+1.78 95.03+2.17 94.99+2.24
Tiny-ViT 99.58+0.16 99.58+0.16 99.58+0.16 99.58+0.16
Augmentasi EfficientNet-Lite 99.52+0.11 99.53+0.11 99.52+0.11 99.52+0.11
ShuffleNetV2 97.57+0.23 97.61+£0.22 97.57+0.23 97.57+0.23

Based on Table 4, all models exhibited improved performance on the augmented dataset, confirming the effectiveness of data
augmentation in enhancing model generalization and stability. Tiny-ViT maintained its position as the best-performing
model, with accuracy increasing from 99.14+0.27% to 99.58+0.16%, and a noticeable reduction in standard deviation
indicating higher stability across validation folds. EfficientNet-Lite also showed a consistent improvement, with accuracy
rising from 99.3840.31% to 99.52+0.11%, suggesting that augmentation enhanced its generalization while reducing
performance variability. Meanwhile, ShuffleNetV2, which initially achieved the lowest accuracy (95.03+2.17%), benefited
most from augmentation, improving to 97.57+0.23% and showing a substantial decrease in variance, reflecting a more stable
learning process. Overall, these results demonstrate that augmentation not only increased accuracy but also improved the
consistency of each model’s performance, with Tiny-ViT remaining the most accurate, EfficientNet-Lite the most balanced
in efficiency and precision, and ShuffleNetV2 showing the greatest gain in robustness. Based on these validation results,
Tiny-ViT and EfficientNet-Lite were selected for the model testing phase.

3.2. Testing Models and Discussion

In the final experimental phase, the two best-performing models from the validation stage—Tiny-ViT and EfficientNet-
Lite—were rigorously evaluated on an independent test dataset to assess their predictive generalization and computational
efficiency (Tables 5 and 6). The evaluation was conducted using four core quantitative metrics derived from the confusion
matrix: accuracy, precision, sensitivity, and F1-score. Both models demonstrated outstanding predictive capability, achieving
values consistently above 99%. On the original dataset, Tiny-ViT achieved near-perfect performance with 99.66% accuracy,
99.70% precision, 99.66% sensitivity, and 99.66% F1-score, indicating a highly stable feature-extraction process enabled by
its attention-based architecture. EfficientNet-Lite, while also demonstrating high results (99.32% accuracy and 99.30% F1-
score), trailed slightly behind Tiny-ViT, reflecting the difference in representational power between CNN-based and
transformer-based models when trained on limited, homogeneous data.

After applying data augmentation, both architectures maintained strong performance with only marginal variations across all
metrics, suggesting they had reached a performance saturation point. Tiny-ViT recorded 99.50% accuracy and 99.49% F1-
score, showing a negligible change from its baseline, indicating that its self-attention mechanism already achieved high
generalization even without further data enrichment. In contrast, EfficientNet-Lite maintained 99.30% accuracy and F1-score,
demonstrating that the model had fully exploited the available data distribution after augmentation. The limited improvement
observed in both models indicates that data augmentation primarily improved training stability and robustness rather than
yielding significant additional accuracy gains. This finding also confirms Tiny-ViT’s consistent performance across multiple
data variations, whereas EfficientNet-Lite showed greater adaptability with reduced fluctuation across trials.

From a computational perspective, EfficientNet-Lite demonstrated distinct advantages in efficiency and scalability. As shown
in Table 6, it required only 0.90 ms per image, 397.49 M FLOPs, and 3.41 million parameters, with a total model size of 13.3
MB—approximately 32% smaller than Tiny-ViT, which required 1.28 ms per image, 1173.62 M FLOPs, 5.08 million
parameters, and 19.5 MB of storage. These results highlight a critical trade-off in deep learning model design. While Tiny-
ViT remains superior in predictive accuracy and reliability, EfficientNet-Lite stands out for its lightweight and resource-
efficient characteristics, making it ideal for deployment on mobile and embedded edge systems. Overall, this analysis
confirms that Tiny-ViT is the most powerful architecture for precision-critical applications. In contrast, EfficientNet-Lite
provides a practical, energy-efficient alternative suitable for real-time implementation without compromising accuracy.
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Table 5. Accuracy, Precision, Sensitivity, And F1 Score of the Two Models

Dataset Model Accuracy (%) Precision (%) Sensitivity (%) F1-Score (%)
Original T.iny-ViT . 99.66 99.70 99.66 99.66
EfficientNet-Lite 99.32 99.39 99.28 99.3
Augmentasi T.iny-ViT ' 99.50 99.50 99.48 99.49
EfficientNet-Lite 99.30 99.32 99.28 99.28

Table 6. Comparison of Model Complexity Using Dataset Augmentasi

Model Latency (ms/image) Parameters (M) FLOPs (M) Model Size (MB)
Tiny-ViT 1.28 5.08 1173.62 19.5

EfficientNet-Lite 0.90 341 397.49 133

(@ (b)

(©) (d)

Figure 7. Confusion Matrices on the original and augmentation dataset (a) Tiny-ViT Original, (b) EfficientNet-Lite
Original, (c) Tiny-ViT Augmentation, and (d) EfficientNet-Lite Augmentation
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Figure 8. Some examples of misclassified images in which (a), (b), show the misclassification of species, and (c), (d), and
(e) show the misclassification of genera.

A further analysis of the confusion matrix at the test stage provided qualitative insights into the models' behavior (Figure 7).
It was observed that most misclassification cases in both models occurred among bacterial species with high morphological
similarity, particularly within the Gram-positive cocci group. The most consistent and fundamental challenge was
distinguishing between species within the same genus, such as Staphylococcus aureus (C28), Staphylococcus epidermidis
(C29), and Staphylococcus saprophyticus (C30) (Figure 8(a) and (b)). This challenge also extended to the inter-genus level,
where the models exhibited confusion among Staphylococcus, Enterococcus, and Streptococcus (Figure 8(c)—(e)). These
findings indicate that, despite extensive training, the discrimination of fine-grained visual features remains a major obstacle
in bacterial image classification.

In addition, a descriptive—quantitative analysis was conducted by comparing the per-class error rates across four models—
Tiny-ViT Original, Tiny-ViT Augmented, EfficientNet-Lite Augmented, and EfficientNet-Lite Original—to evaluate the
statistical reliability of the classification results (Figure 9). The comparative bar chart revealed that both Tiny-ViT variants
(Original and Augmented) achieved lower mean per-class error rates than the EfficientNet-Lite models, with average values
0f 0.0034 and 0.0052, respectively. Furthermore, the narrow 95% confidence intervals (CI 95%) observed in the Tiny-ViT
models—particularly the augmented variant—indicate high stability and statistical reliability across bacterial classes.

Conversely, the EfficientNet-Lite Augmented and EfficientNet-Lite Original models exhibited slightly higher mean error
rates (0.0072) with broader CI 95% ranges, reflecting greater variability in class-level performance. This trend is consistent
with the confusion matrix patterns, particularly within the Gram-positive cocci group, where morphological similarities
between species contribute to model uncertainty. The alignment between qualitative (confusion-based) and quantitative (error
rate and 95% CI) analyses supports the interpretation that model uncertainty tends to increase proportionally with inter-class
morphological resemblance.

The error distribution further highlights the importance of data augmentation in enhancing model generalization. The
TinyViT Augmented model consistently demonstrated lower inter-class variance and narrower confidence intervals,
suggesting that data augmentation effectively improved robustness against variations in bacterial shape, staining intensity,
and image acquisition conditions. Nevertheless, several genus-level misclassifications observed in Figure 8(c)—(e) suggest
that the model occasionally relies more on global shape cues rather than subtle textural differences between genera.
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Comparison of Per-Class Error Rates Across Four Models (with 95% ClI)
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Figure 9. Comparison of per-class error rates across four models, including Tiny-ViT Original, Tiny-ViT Augmented,
EfficientNet-Lite Augmented, and EfficientNet-Lite Original. Each bar represents the mean classification error rate for a
specific bacterial class (C00—C32), while the vertical lines indicate the 95% confidence intervals (C195%) showing
statistical uncertainty.

Overall, these findings demonstrate that, although Tiny-ViT, particularly its augmented version, achieved high accuracy and
strong statistical reliability, a fully automated and dependable bacterial classification system still requires further refinement.
Enhancements to the model architecture, coupled with standardized sample preparation and imaging protocols, are essential
to minimize visual ambiguity and ensure consistent detection of morphological details necessary for accurate species-level
classification.

Table 7. Performance comparison with the methods in the literature that used the DIBaS dataset

Model Used Classes Augmentation Accuracy
FCFV-M & FV-SIFT + SVM [6] 33 No 97.24%
SUREF feature extraction + SVM classification [35] 10 No 97.00%
Fractional ordz; g:g?fgrf}(rﬁ%]mﬁlg]s based feature 33 No 98.68%
VGG [12] 33 Yes 98.25%
ResNet [15] 33 No 99.20%
Small scale CNN [26] 33 Yes 96.28%
MobileNetV2 [20] 33 Yes 97.38%
Random Forest (RF) [24] 2 No 99.86%
Histogram-oriented optimized capsule network [36] 33 No 95.98%
Quantum Convolutiona;gitural Network (QCNN) 6 No 96.54%
EfficientNetV2-S [28] 33 No 99.33%
MNASNet [11] 11 Yes 99.15%
Proposed Model (Tiny-Vit) 33 Yes 99.66%
Proposed Model (EfficientNet-Lite) 33 Yes 99.32%

Table 7 presents a comparative analysis between our proposed bacterial classification models and previously published
methods developed on the same DIBaS dataset. This comparison provides a direct and fair evaluation of both predictive
performance and methodological contribution. As shown, our proposed Tiny-ViT model achieved the highest accuracy of
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99.66%, clearly surpassing all previously reported approaches on the 33-class bacterial species classification task. In
comparison, the EfficientNet-Lite model also achieved outstanding performance with 99.32% accuracy, maintaining high
accuracy while being more computationally efficient.

When compared with prior deep learning models, such as ResNet (99.20%), EfficientNetV2-S (99.33%), and VGG (98.25%),
both of our proposed models demonstrated superior accuracy and stability. The improvement achieved by Tiny-ViT is
particularly meaningful given its lightweight architecture and transformer-based attention mechanism, which effectively
captures bacterial morphological variations across species. Meanwhile, EfficientNet-Lite demonstrated that compact
convolutional architectures can still achieve near-state-of-the-art accuracy when properly augmented and fine-tuned.

It is important to highlight that several previous works, such as Random Forest (RF) [24], which reported a slightly higher
accuracy (99.86%), are not directly comparable, as they were designed for binary classification (Gram-positive vs Gram-
negative) rather than the full 33-class problem addressed in this study. Similarly, MNASNet (11 classes) and QCNN (6
classes) focused on smaller subsets of DIBaS data, making their reported accuracies less representative of the complexity of
the full-class task. Therefore, our Tiny-ViT model establishes a new state-of-the-art benchmark for the 33-species DIBaS
dataset, offering the best combination of accuracy, generalization, and computational efficiency among all compared
methods.

4. Conclusions

This study presented the development and evaluation of a lightweight deep learning framework for automated bacterial
species classification using microscopic images. Three models—Tiny-ViT, ShuffleNetV2, and EfficientNet-Lite—were
systematically compared for classifying 33 bacterial species from the DIBaS dataset, with emphasis on both predictive
accuracy and computational efficiency. Through extensive experiments and cross-validation, the study revealed that the Tiny-
ViT architecture achieved the highest performance, with an accuracy of 99.66%, precision and F1-score exceeding 99.5%,
and stable generalization across classes as confirmed by the per-class statistical analysis. This superior result demonstrates
the capability of transformer-based models to capture complex bacterial morphological patterns effectively.

In contrast, although EfficientNet-Lite achieved slightly lower accuracy (99.32%), it demonstrated significant advantages in
computational efficiency, requiring fewer parameters (3.41M), lower FLOPs (397.49M), and faster inference speed (0.90
ms/image). These characteristics make EfficientNet-Lite a more suitable candidate for real-time or resource-constrained
applications, such as portable diagnostic systems and edge devices. The comparative analysis also highlighted that the data
augmentation technique substantially improved the generalization ability of all models, particularly benefiting CNN-based
architectures.

In summary, this study not only establishes a new state-of-the-art benchmark for the 33-class DIBaS dataset but also provides
practical guidelines for choosing between accuracy-oriented and efficiency-oriented models depending on the deployment
context. The proposed Tiny-ViT model demonstrates that lightweight transformer architectures can rival and even surpass
conventional CNNs in complex microbiological imaging tasks. Future research can expand this framework by integrating
attention-guided feature fusion or domain adaptation to handle broader microbial datasets and real-world clinical images.
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