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Parasitic infections continue to pose a major global health challenge, with
diagnosis still largely dependent on manual microscopic examination.
Although CNNs have been applied to automate parasite detection, they are
limited in capturing global context, which is crucial for distinguishing
subtle morphological differences. To overcome these limitations, this study
introduces a Vision Transformer (ViT) architecture for automated
recognition of multiple parasite species and host cells in microscopic
images. The proposed approach was evaluated on a dataset of 34,298
images across eight classes, including Babesia, Leishmania, Leukocyte,
Plasmodium, Red Blood Cells (RBCs), Toxoplasma, Trichomonad, and
Trypanosome. Images were preprocessed and augmented before being
transformed into patch embeddings and passed through a series of
transformer encoding modules employing multi-headed self-attention
mechanisms to capture contextual dependencies across the image patches.
A classification head produced predictions, while interpretability was
examined using Grad-CAM and Score-CAM. Results show that the ViT
model achieved excellent performance, with an accuracy of 99.70%,
precision of 99.46%, recall of 99.40%, specificity of 99.60%, and F1-score
01 99.45%. Confusion matrix analysis confirmed reliable predictions across
all classes, and ROC curves yielded AUC values close to 1.0. Visualization
demonstrated that the model consistently focused on biologically
meaningful features, with Score-CAM offering sharper localization
compared to Grad-CAM. In conclusion, the proposed ViT architecture
provides a highly accurate and interpretable framework for parasite
recognition, demonstrating strong potential to improve diagnostic
workflows and support reliable clinical decision-making.

This is an open-access article under the CC-BY-SA license.

1. Introduction

Parasitic infections remain a significant global concern in the field of public health, particularly
in tropical and subtropical regions where numerous protozoan species are persistently prevalent [1].
Accurate and timely recognition of protozoan organisms such as Plasmodium, Toxoplasma, Babesia,
Leishmania, Trypanosoma, and Trichomonas species is critical for effective treatment and disease
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control [2]. However, conventional microscopic examination depends substantially on the specialized
knowledge of trained professionals, is labor-intensive and susceptible to inconsistencies among
different observers, leading to potential misdiagnosis [3]. Moreover, in resource-limited settings, the
scarcity of skilled personnel further exacerbates diagnostic delays and compromises patient outcomes
[4]. A related challenge lies in the differentiation of these parasites from host cells such as RBCs and
leukocytes, which often exhibit overlapping morphological characteristics in blood smears [5].

In order to overcome these obstacles, researchers have progressively explored automated
diagnostic approaches supported by computer assistance. Deep learning models, particularly CNNss,
have been the dominant architecture for microscopic image classification, demonstrating strong
performance in malaria and toxoplasmosis detection [6]. Nonetheless, CNNs face constraints in
recognizing extended dependencies and broader contextual interactions, which are crucial for
distinguishing morphologically similar parasites [7]. Recent progress in deep neural network
methodologies, with a notable emphasis on the Vision Transformer (ViT) model, have demonstrated
outstanding performance across multiple computer vision applications by leveraging self-attention
modules that facilitate superior modeling of global relationships compared to CNNs [8].

State-of-the-art studies have applied CNNs and hybrid models to specific parasitic infections,
often focusing on binary or limited multi-class classification problems. For instance, CNN-based
systems have achieved notable accuracy in differentiating Plasmodium species, while other works
have employed transfer learning for Leishmania or Toxoplasma recognition [9]. However, only a few
approaches address the simultaneous classification of multiple parasites alongside host cells, a
scenario that better reflects real clinical conditions where co-existence and morphological overlap are
common [10]. Moreover, the application of transformer-based architectures for this multi-class
parasitological task remains underexplored. The novelty of this research lies in employing a Vision
Transformer framework to perform automated recognition across a broad spectrum of parasites
(Plasmodium, Toxoplasma, Babesia, Leishmania, Trypanosome, Trichomonad) and host cells (RBCs
and leukocytes) using microscopic images. By exploiting the global self-attention mechanism of ViT,
the model is designed to better capture subtle morphological features and contextual relationships that
traditional CNNs may overlook.

The contribution of this research is twofold. First, we propose a comprehensive multi-class
classification framework using Vision Transformer for simultaneous recognition of parasites and host
cells, thereby advancing automated diagnostic systems toward real-world applicability. Second, the
study provides a comparative evaluation against state-of-the-art CNN models, highlighting the
strengths of ViT in handling complex parasitological image data. Ultimately, this work aims to support
more accurate, scalable, and reliable parasite diagnosis, especially in settings where expert microscopy
is limited.

2. Related Works

Automated recognition of parasites in microscopic images has been extensively studied using
deep learning methods, particularly CNNs. Early research primarily focused on lightweight detection
models. For example, Xu et al. proposed YAC-Net, a lightweight CNN-based model for parasite egg
detection using the ICIP 2022 dataset, which achieved high precision (97.8%) and recall (97.7%)
through architectural modifications of YOLOv5n [11]. Other studies emphasized malaria detection
from thick blood smear images. Oliveira et al. employed pixel classifiers based on HSV components
combined with a CNN to classify small and large parasites, reporting an accuracy of 90% and
specificity of 96% [12]. Similarly, Boit et al. designed a custom CNN architecture using the NIH
malaria dataset, which reached an accuracy of 97.68% and precision of 98.88% [15].

Beyond traditional CNNs, ensemble and transfer learning strategies have been explored. Bhuiyan
et al. developed an ensemble model combining VGG16, VGG19, and DenseNet201, which
outperformed single networks with an accuracy of 97.92% on NIH cell images [13]. Alassaf et al.
applied deep transfer learning with Res2Net and Differential Evolution optimization, achieving
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accuracy above 95% [17]. Kundu et al. further enhanced performance using hyper-parameter tuned
deep models combining VGG19 feature extraction with CNN-LSTM classifiers, yielding 91%
accuracy [18]. To address variations in data heterogeneity, Chaharou et al. introduced an image
cropping preprocessing technique to improve classification across diverse patient samples, where
DenseNet achieved 97.5% accuracy [16]. For red blood cell (RBC) morphology classification, Khan
et al. applied RCNNs with noise filtering, achieving 91% accuracy on the Kaggle dataset [14], while
Muhammad et al. classified rouleaux formations with multiple CNN architectures, where
DenseNet121 outperformed others with 99% accuracy [19].

Recently, semi-supervised learning approaches have gained attention to reduce the heavy reliance
on labeled data. Ha et al. proposed a SSGL framework that integrates CNN feature extraction with
graph convolutional networks. Their model achieved 91.75% accuracy and 97.25% specificity while
using only 20% labeled data, demonstrating the effectiveness of graph-based representation learning
in parasite recognition [20]. In summary, previous works demonstrate significant progress in parasite
classification using CNN-based, ensemble, transfer learning, and semi-supervised frameworks.
However, most approaches rely heavily on convolutional architectures, which may be limited in
capturing long-range dependencies and global contextual information in parasite morphology. This
gap provides motivation for exploring transformer-based models, particularly Vision Transformers,
which have shown strong potential in modeling global relationships in complex image classification
tasks.

3. Methodology
3.1. Parasite Dataset

In this study, we employed a carefully compiled dataset comprising 34,298 microscopic images
of parasites and host cells, captured at magnifications of 400x and 1000x [21]. The dataset
encompasses multiple classes of clinically relevant parasites, as well as red and white blood cells to
provide a broad and inclusive depiction of biological diversity. The distribution of images across the
different categories is as follows: 843 images of Plasmodium, 6,691 images of Toxoplasma, 1,173
images of Babesia, 2,701 samples depicting Leishmania, 2,385 samples of Trypanosoma, and 10,134
samples of Trichomonas. Additionally, the dataset includes 8,995 instances of red blood cells (RBCs)
and 1,376 instances of leukocytes. The inclusion of both parasite types and host cells allows the dataset
to simulate realistic diagnostic conditions where morphological similarities can pose a challenge for
automated recognition. With its diverse and balanced composition, this dataset is particularly well-
suited for computer vision applications including image classification, feature extraction, and the
creation of automated diagnostic models. Parasite dataset shown in Fig. 1.

3.2. Preprocessing

The preprocessing pipeline for the parasite dataset is essential in improving model effectiveness
by ensuring that the image data are properly conditioned for training purposes [22]. The preprocessing
steps follow a systematic approach designed to optimize the dataset for computer vision tasks like
image classification [23]. The sequence of preprocessing includes resizing, cropping, augmentation,
and normalization to improve the model’s capacity to adapt and manage variability within the input
samples [24]. The initial step involves resizing or cropping the images to a standard size, which
ensures that all input images are consistent and can be introduced into the neural architecture without
issue [25]. This is crucial, as different parasite species may vary in scale and resolution, and resizing
the images helps in normalizing these discrepancies [26]. After resizing, random cropping (RCrop) is
applied to further enhance the randomness in the dataset, creating different views of the images and
preventing overfitting [27].

Next, the images undergo random flipping as part of the augmentation process. Flipping
horizontally simulates different orientations of the parasite images [28], making the model robust to
varying angles and orientations in real-world microscopic images. This step is particularly important
in microscopy, where parasites may appear in various orientations depending on the slide preparation
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and camera angle. Color jitter is then applied to introduce variability in the color distribution of the
images [29]. This augmentation technique changes the luminosity, contrast levels, color intensity, and
tonal variations of the images, making the model less affected by illumination differences or staining
inconsistencies in the dataset [30]. These modifications simulate different image capturing conditions
and make the model more robust to natural changes in image quality. After augmentation, the images
are converted to tensors using the ToTensor operation. This converts the images into a numerical
representation that can be interpreted by deep learning algorithms [31]. The concluding stage of the
preprocessing workflow consists of normalization, where pixel values are scaled to a standard range.
This contributes to maintaining stability during the training phase and ensures that the model captures
the essential characteristics from the data rather than being influenced by the varying pixel intensity
ranges across images [32]. Denormalization can also be applied when necessary, particularly when
visualizing the results or converting outputs back to their original scale [33].

)

Trypanosome Trichomonad Toxoplasma Plasmodium
Leishmania Babesia RBCs Leukocyte

Fig. 1. Parasite dataset

3.3. Vision Transformer (ViT) Architecture

The Vision Transformer (ViT) adapts the transformer framework, originally developed for NLP,
to image classification tasks [34]. Unlike CNNs that capture local patterns through convolutional
filters, ViT processes an image as a sequence of patches and leverages global self-attention to model
long-range dependencies [35]. This capability is particularly important in microscopic parasite
recognition, where morphological cues may be subtle and distributed across the cell structure [36].
Proposed vision transformer (ViT) architecture shown in Fig. 2.
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Fig. 2. Proposed vision transformer (ViT) architecture
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3.3.1. Patch Embedding

For an input microscopic x € RF*WXC where H denotes the height, W the width, and C the
number of channels, the image is segmented into distinct, non-overlapping patches of dimensions
P X P. The number of patches is calculated as:

HXxW

)
Every patch is reshaped into a one-dimensional vector x,, € RP*C_ A linear projection is then applied:
2o = [XpE; X3E; s XD E| 4 Epos 2)

where E € R(P*€)xD represents the embedding matrix, D corresponds to the dimensionality of the
embeddings, and Ej,, denotes positional embeddings.

3.3.2. Transformer Encoder

Each encoder block consists of a module based on multi-head self-attention (MSA) and a feed-
forward neural network composed of multiple layers, also known as a multi-layer perceptron (MLP)
[37], with residual connections and a normalization mechanism.

z; = MSA(Norm(z]_1)) + 214 (3)

71 = MLP(Norm(z))) + z; 4)
where [ is the encoder block index.
3.3.3. Multi-Head Self-Attention (MSA)

The self-attention mechanism computes pairwise relationships between image patches [38]. For
an input X:

Q=XW? K=Xwk v=xw' ©)

The scaled dot-product attention is:

. QK"
Attention(Q, K, V) = Softmax % 6)

Jax

For multiple attention heads:
MSA(X) = [heady; ...; head, ]W° @)

head; = Attention(XW,%, XWX, xw}) (8)
where h is the number of heads and W € R"v*D,
3.3.4. Multi-Layer Perceptron (MLP)
Each encoder block includes an MLP defined as:

with learnable weights W; € RP*%/f and W, € R%7*P  where dy is the feed-forward dimension.

3.3.5. Classification Head

After L encoder layers, the output is passed to an MLP classification head:
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y = Softmax(z; W, + b.) (10)

where W, € RP*K b. € RX, and K is the number of classes (Babesia, Leishmania, Leukocyte,
Plasmodium, RBCs, Toxoplasma, Trichomonad, Trypanosome).

3.3.6. Explainability with Score-CAM

To improve interpretability, Score-CAM can be applied to emphasize the distinct regions inside
the original input image that exerted the most substantial impact on the model’s output decision [39].
This becomes especially valuable in medical contexts, as it promotes transparency and builds
confidence in computer-assisted diagnostic frameworks [40].

3.4. Metrics Evaluation

To assess the performance capability of the suggested Vision Transformer (ViT) framework in
recognizing multiple parasite types from microscopic images, we applied a set of well-established
performance metrics. These metrics were chosen because they provide not only an overall picture of
how well the model performs, but also more nuanced insights into its strengths and limitations in
differentiating infected cells from those that are uninfected. The first metric considered is accuracy,
which indicates the ratio of accurately categorized instances within the whole dataset. Accuracy is
often reported as the most intuitive measure, since it directly indicates the percentage of correct
predictions [41]. However, in medical imaging tasks such as parasite recognition, accuracy alone can
be insufficient, especially when there is an imbalance between classes. For example, if one parasite
type is underrepresented in the dataset, a model could achieve high accuracy while still performing
poorly on that specific class.

To address this limitation, we also examined precision and sensitivity. Precision tells us the ratio
of instances identified as positive by the model that genuinely correspond to actual positive cases [42].
In other words, in situations where the model indicates the existence of a parasite like Plasmodium,
precision reflects the reliability of that prediction. Conversely, sensitivity quantifies the fraction of
authentic positive instances accurately detected by the model [43]. In clinical practice, sensitivity is
especially important because failing to detect an infection could result in delayed or missed treatment.
Specificity complements sensitivity by measuring the degree to which the model accurately detects
negative cases [44]. For instance, high specificity indicates that normal red blood cells or leukocytes
are not mistakenly classified as parasites. Together, sensitivity and specificity provide a balanced view
of the diagnostic capability of the model, reflecting its competence in identifying actual infections
while minimizing erroneous detections.

The F1-score merges precision and recall into one unified measurement, calculated as their
harmonic mean [45]. This is particularly useful in multi-class problems like parasite classification,
where the model needs to balance the risk of both false-positive and false-negative outcomes at the
same time. An elevated Fl-score signifies that the network achieves both reliable detection and
comprehensive coverage of true positives. Finally, the ROC curve together with the AUC were applied
to assess the network’s discriminative capability. The ROC curve plots sensitivity against the
proportion of incorrect positive classifications across varying decision boundaries, offering an
illustrative depiction of the balance between correctly detecting parasites and avoiding false positives
[46]. An AUC score approaching 1.0 indicates that the model demonstrates high discriminative
strength and is capable of clearly distinguishing between various parasite categories and host cell

types.

4. Results and Discussion

In this section, we report the experimental findings derived from utilizing the proposed ViT
framework for the automated identification of parasitic types in microscopic images. The evaluation
focused on eight distinct classes, namely Babesia, Leishmania, Leukocyte, Plasmodium, RBCs,
Toxoplasma, Trichomonad, and Trypanosome. The experiments were structured to evaluate the
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effectiveness of the ViT model in distinguishing between parasite species and host cells, while also
highlighting its robustness in handling morphological variations across samples. The model
underwent training and testing on an extensive dataset with meticulously implemented preprocessing
and augmentation techniques to ensure generalization. Performance evaluation was carried out using
standard classification metrics such as accuracy, precision, recall (sensitivity), specificity, F1-score,
and the ROC curve’s AUC. These performance measures deliver a holistic evaluation of the overall
predictive performance as well as the diagnostic dependability for each class in the proposed method.

The curves for training and validation shown in Fig. 3 depict the training dynamics exhibited by
the proposed ViT architecture over 30 epochs. Both performance accuracy and error rate are reported
across both the training and evaluation subsets, providing insight into the network’s capability to attain
convergence and demonstrate robust generalization performance [47]. At the initial phase of the
training process, the model exhibits a swift improvement in the accuracy performance observed on
both training and validation phases, rising from approximately 83% at epoch 1 to above 97% by epoch
5. This steep improvement during the initial phase demonstrates that the ViT model rapidly learned
to extract distinguishing characteristics of parasites and host cells. After the initial rapid growth, the
accuracy continues to improve gradually and stabilizes close to 100% by epoch 20 across the learning
and evaluation datasets. The near overlap of the two accuracy curves implies that the model
generalizes effectively while avoiding major overfitting.

In terms of loss, the losses from the training and evaluation subsets steadily decline throughout
the progression of epochs, confirming that the optimization process is effective. During the initial
epochs, the training loss experiences a steep reduction and then settles at minimal values approaching
zero. The loss on the validation set, while initially fluctuating slightly in the early epochs, also
decreases and stabilizes at similarly low levels as training progresses. This suggests that the network
not only adapts effectively to the learning dataset while also preserving strong predictive reliability
on unseen validation samples. The combination of steadily increasing accuracy and consistently
decreasing loss demonstrates that the ViT architecture is highly effective for the given dataset.
Importantly, the lack of separation between the learning and evaluation curves suggests that the
network effectively prevents overfitting despite its high capacity [48], which can be ascribed to the
implementation of preprocessing techniques, data augmentation methods, and intrinsic regularization
mechanisms within the transformer architecture [49]. Overall, the results confirm that the proposed
model demonstrates outstanding convergence characteristics and strong generalization capability,
making it a reliable tool for automated recognition of parasitic types in microscopic images.

To further examine the classification behavior of the model across different parasite types, a
confusion matrix was generated. The confusion matrix offers a comprehensive depiction of the
correspondence between actual and predicted labels, allowing for a more profound insight into the
model’s performance at the class-specific level [50]. This allows researchers to identify not only the
ability of the model to accurately categorize different parasite species but also the specific categories
where misclassifications may occur [51]. This type of evaluation holds particular importance in multi-
class medical imaging tasks [52], where some parasites may share similar morphological features with
host cells, leading to potential diagnostic challenges. Beyond serving as a performance summary, the
confusion matrix also emphasizes the trade-off between false positives and false negatives, which are
both vital for clinical decision-making [53]. False negatives may cause undetected infections, whereas
false positives could trigger avoidable treatments or additional invasive interventions [54]. Therefore,
minimizing these errors is critical to guarantee that the automated system is reliable in practical
diagnostic environments [55]. In this research, the confusion matrix confirms the overall resilience of
the ViT-based classifier while also offering practical understanding of its suitability for everyday
microscopic diagnostic use. The confusion matrix for the proposed model is presented in Fig. 4.

The evaluation of the proposed ViT model demonstrates consistently high performance across
all eight classes of parasites and host cells. As shown in the metrics per class (Fig. 5), the model
achieved near-perfect accuracy, precision, sensitivity, specificity, and F1-scores for most categories,
underscoring its robustness in distinguishing between morphologically diverse cell types under
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microscopic imaging. For Babesia, Leishmania, Leukocyte, RBCs, Toxoplasma, Trichomonad, and
Trypanosome, the model obtained accuracy values close to or above 0.997, with precision, sensitivity,
specificity, and F1-scores nearly reaching 1.000. This indicates that the model was able to correctly
classify almost all true positive cases while avoiding false positives, reflecting its ability to capture
discriminative morphological features of these parasites. The particularly high specificity
(approaching 1.000 across all classes) further confirms that normal host cells were not misclassified
as parasites, which is critical in clinical diagnostic applications.
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Fig. 3. Training and validation curves

The performance for Plasmodium (although still strong) was relatively lower compared to the
other classes. The model achieved an accuracy of 0.997 but showed reduced sensitivity (0.960) and
F1-score (0.968). This suggests that a small portion of Plasmodium-infected cells was misclassified,
potentially due to their morphological similarity with other cell types, such as red blood cells, or
variations in staining and image quality. Nevertheless, the high specificity (0.999) for this class
indicates that false positives were rare, ensuring reliable exclusion of non-infected cells. Taken
together, these results confirm that the ViT architecture can effectively generalize across multiple
parasite classes while maintaining clinical reliability. The near-perfect balance of precision and
sensitivity in most classes highlights the model’s capability to minimize both false positives and false
negatives. Importantly, the slightly lower sensitivity observed for Plasmodium highlights an area for
further improvement, potentially through targeted augmentation or inclusion of additional
representative samples in the dataset.

The ROC curves shown in Fig. 6 illustrate the discriminative capability of the proposed ViT
model across all parasite and host cell classes. The results indicate near-perfect performance, with
most classes achieving an AUC of 1.000, including Babesia, Leishmania, Leukocyte, and
Toxoplasma. Slightly lower, but still excellent, values were observed for Plasmodium (AUC = 0.980),
RBCs (AUC = 0.998), Trichomonad (AUC = 0.999), and Trypanosome (AUC = 0.999). The macro-
average AUC of 0.997 further confirms the strong overall generalization ability of the model. These
results demonstrate that the ViT-based classifier can effectively distinguish between true positive and
false positive cases, reinforcing its reliability and clinical applicability in automated parasite
recognition.
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To complement the quantitative evaluation metrics, we further analyzed the interpretability of
the proposed ViT model by applying Grad-CAM. Grad-CAM delivers visual interpretations by
emphasizing the areas within an input image that most significantly influence the model’s output
decision [56]. This approach enables validation of whether the model concentrates on biologically
meaningful regions [57], such as parasite structures, rather than irrelevant background features. In
medical image analysis, such interpretability plays a vital role in fostering trust in computer-assisted
diagnostic systems [58]. By visualizing activation maps, clinicians and researchers can better
understand the model’s decision-making pathway and verify that the classification is grounded in
biologically significant morphological attributes [59]. The Grad-CAM results also help to identify
potential sources of misclassification, offering insights for subsequent refinement of the model [60].
Overall metrics shown in Fig. 7. Fig. 8 present the Grad-CAM visualizations for representative
samples from different parasite classes, illustrating how the ViT-based classifier attends to
discriminative regions in microscopic images during the recognition process.

The Grad-CAM and Score-CAM visualizations (Fig. 8) provide valuable insights into how the
ViT identifies parasites and host cells. Instead of only reporting accuracy values, these maps show the
portions of the image that the model regards as most critical for determining the classification. This
holds particular significance in medical imaging, as clinicians require confidence that an automated
system emphasizes biologically meaningful features instead of being distracted by non-essential
background artifacts [61]. For Babesia, the Score-CAM heatmap showed strong and well-localized
attention precisely at the parasite within the red blood cell, a region consistent with what experts would
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examine under the microscope. A similar pattern was observed in Leishmania, where the model
concentrated on the parasite’s elongated body and flagellum. In both cases, the highlighted regions
were sharp and biologically convincing, suggesting that the model can robustly capture morphological
cues in parasites with distinct shapes.
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In contrast, Plasmodium presented slightly weaker localization. Although the model achieved
high classification confidence, the heatmaps were more diffuse compared to Babesia and Leishmania.
This could be due to the smaller size and more subtle appearance of Plasmodium within erythrocytes,
making it harder for the model to pinpoint the exact parasite boundaries. Nevertheless, the Score-
CAM still emphasized the parasite’s central body, which confirms that the decision-making process
remains biologically relevant. For Trypanosome and Trichomonad, the model produced focused
activations along their elongated or oval shapes, successfully capturing their distinctive morphology.
Interestingly, these two classes showed clearer and more concentrated attention compared to
Plasmodium, again suggesting that larger and more structurally distinct parasites are easier for the
ViT to localize. In the case of Toxoplasma, the highlighted region covered most of the parasite body,
demonstrating strong agreement between the model’s focus and expected biological features.

Finally, for Red Blood Cells (RBCs) and Leukocytes, the attention maps revealed that the model
correctly focused on the uniform shape of RBCs and the dense nuclear region of leukocytes. These
results confirm that the ViT is capable of distinguishing host cells from parasites, minimizing the risk
of false positives in practical diagnostic settings. Taken together, these findings indicate that the ViT
model tends to produce stronger and sharper localization for parasites with distinctive morphology,
such as Babesia, Leishmania, and Trypanosome, while classes like Plasmodium show slightly broader
and weaker activations due to their subtle and less differentiated structures. This comparative analysis
highlights both the strengths and the remaining challenges for automated parasite recognition and
underscores the importance of interpretability methods such as Grad-CAM and Score-CAM in
validating deep learning models for medical use.

In addition, Table 1 presents a comparison of our proposed ViT method alongside various
cutting-edge approaches for parasite identification. Earlier studies mainly relied on CNN-based
architectures, transfer learning, or ensemble models. For instance, Xu et al. [11] developed a
lightweight YOLOv5n variant (Y AC-Net) with strong performance (F1 = 0.98), while Oliveira et al.
[12] applied a CNN to thick smear Plasmodium vivax images but reported a lower accuracy of 90%.
Other works, such as Bhuiyan et al. [13] with ensemble learning and Alassaf et al. [17] with transfer
learning, achieved accuracies between 95% and 98%. More recent methods have focused on data
preprocessing methodologies [16], optimization of hyper-parameters [18], and classification
approaches grounded in morphological features [19], with accuracies often above 97%, while semi-
supervised approaches like Ha et al. [20] demonstrated strong AUC values but were still limited in
handling multiple parasite types simultaneously. In comparison, our ViT model achieved the highest
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overall performance across metrics (Acc = 99.70%, Prec = 99.46%, Rec = 99.40%, Spec = 99.60%,
F1 = 99.45%), showing that leveraging global attention mechanisms enables more robust
classification of diverse parasites and host cells than previous CNN-centric approaches. Importantly,
to the best of our awareness, this study is among the earliest to extensively utilize a Vision Transformer
framework for identifying multiple parasite species and host cells in microscopic images, offering

both superior performance and stronger interpretability compared to prior work.

Table 1. Comparison of our work with some state-of-the-art study techniques

Au;;n;r: & Objective Dataset Method Results
Xu et al. Parasite egg detection ICIP 2022 (13,200 YOLOv5n + AFPN  Prec =97.8, Rec =97.7,
(2024) [11] (lightweight) imgs) + C2f (YAC-Net) F1=0.98
Oliveira et al. Malaria in thick smear 676 P. vivax imgs CNN (34 layers) Acc =90, Sens = 86,
(2022) [12] : & Y Spec = 96
. . VGG16/19,
Bhuiyan et al. Ensemble ma1m1a NIH (2.7,558 RBC DenseNet201, Acc/Prec/Rec/F1 = 97.9
(2023) [13] detection imgs)
Ensemble
Khan et al. RBC detection & . -~
(2024) [14] classification Kaggle (12,500 imgs) RCNN Acc =91
Boit et al. Malaria parasite . Acc =97.68, Prec =
(2024) [15] detection NIH (27,558 imgs) Custom CNN 08 88
Chabharou et al. Malaria, cropping . CNN, DenseNet, _
(2024) [16] preprocessing 33,007 imgs LeNet-5 Ace =975
Alassaf et al. Transfer learning . Res2Net + DE, Acc =95.9, Sens =95.8,
(2022) [17] malaria NIH (27,558 imgs) KNN Spec = 96.0
Kundu et al. Hyper-tuned DL . VGG19 + CNN- Acc =091, Prec =89, Rec
(2023) [18] malaria NIH (27,558 imgs) LSTM =93
. CNN, Xception,
Zlu(g?)r;?;a[(i g]t RBC mr(())rlﬁlégllligy incl. 24,712 smear imgs ResNet, DenseNet, Acc =99
’ EfficientNet
5,758 Plasmodium,
Ha et al. Semi-supervised graph 5,878 Babesia, 5,741 Acc=91.8, AUC =91.8,
(2023) [20] learning parasites Toxoplasma, 6,981 ResNet30 + GEN Spec =97.3
erythrocytes
Provosed rg‘;t(::;zfzi £ Parasite dataset Vision Acc =99.70, Prec =
s tg d arasi%ic es in (34,298 microscopic Transformer 99.46, Rec = 99.40, Spec
Y P ty P images) (ViT) Architecture =99.96, F1 = 99.45
microscopic images

Original

Original

pred: Babesia (1.00)

pred: Leukocyte (1.00)

Grad-CAM

Grad-CAM

Score-CAM
pred: Babesia (1.00)

Score-CAM
pred: Leukocyte (1.00)

True Label: Babesia

Predicted Label:
Babesia: 100.00%
Toxoplasma: 0.00%
Leukocyte: 0.00%
RBCs: 0.00%
Plasmodium: 0.00%
Leishmania: 0.00%
Trichomonad: 0.00%
Trypanosome: 0.00%

True Label: Leukocyte

Predicted Label:
Leukocyte: 100.00%
Toxoplasma: 0.00%
Leishmania: 0.00%
Babesia: 0.00%
RBCs: 0.00%
Plasmodium: 0.00%
Trichomonad: 0.00%
Trypanosome: 0.00%
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Grad-CAM Score-CAM
Original pred: Plasmodium (1.00)

pred: Plasmodium (1.00) True Label: Plasmodium
Predicted Label:
Plasmodium: 99.94%
RBCs: 0.05%
Trichomonad: 0.00%
Leukocyte: 0.00%
Babesia: 0.00%
Toxoplasma: 0.00%
Leishmania: 0.00%
Trypanosome: 0.00%
Grad-CAM Score-CAM
Original

pred: Leishmania (1.00)

pred: Leishmania (1.00) True Label: Leishmania

Predicted Label:
Leishmania: 100.00%
Trichomonad: 0.00%
Trypanosome: 0.00%
Plasmodium: 0.00%
Toxoplasma: 0.00%
RBCs: 0.00%
Leukocyte: 0.00%
Babesia: 0.00%

Grad-CAM Score-CAM
Original pred: Trypanosome (1.00) pred: Trypanosome (1.00) True Label: Trypanosome
el

Predicted Label:
Trypanosome: 100.00%
Toxoplasma: 0.00%
Trichomonad: 0.00%
Babesia: 0.00%
Leishmania: 0.00%
Plasmodium: 0.00%
RBCs: 0.00%
Leukocyte: 0.00%

Grad-CAM Score-CAM 2
Original pred: Trichomonad (1.00) pred: Trichomonad (1.00) True Label: Trichomonad

Predicted Label:
Trichomonad: 100.00%
Leishmania: 0.00%
Trypanosome: 0.00%
RBCs: 0.00%
Plasmodium: 0.00%
Toxoplasma: 0.00%
Leukocyte: 0.00%
Babesia: 0.00%

Grad-CAM Score-CAM
Original pred: Toxoplasma (1.00) pred: Toxoplasma (1.00) True Label: Toxoplasma

Predicted Label:
Toxoplasma: 100.00%
Leukocyte: 0.00%
Leishmania: 0.00%
Babesia: 0.00%
Trypanosome: 0.00%
Plasmodium: 0.00%
Trichomonad: 0.00%
RBCs: 0.00%

Grad-CAM
Original

Score-CAM
pred: RBCs (1.00) pred: RBCs (1.00) True Label: RBCs
— =

Predicted Label:
RBCs: 99.99%
Plasmodium: 0.01%
Leishmania: 0.00%
Trichomonad: 0.00%
Babesia: 0.00%
Toxoplasma: 0.00%
Leukocyte: 0.00%
Trypanosome: 0.00%

Fig. 8. Grad-CAM visualizations for representative samples
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5. Conclusion

This study proposed a ViT model for the automated recognition of multiple parasitic types and
host cells in microscopic images. Through the utilization of the global attention mechanism embedded
within transformer architectures, the approach was able to capture subtle morphological variations
that are often challenging for conventional CNN-based methods. The evaluation demonstrated
consistently high performance across eight classes (Babesia, Leishmania, Leukocyte, Plasmodium,
RBCs, Toxoplasma, Trichomonad, and Trypanosome). The proposed model achieved remarkable
outcomes, achieving an overall accuracy of 99.70%, a precision of 99.46%, a recall of 99.40%, a
specificity of 99.60%, and an F1-score of 99.45%. Confusion matrix analysis confirmed reliable class-
wise predictions with minimal misclassification, while ROC-AUC values close to 1.0 across most
classes underscored the model’s excellent discriminative ability. Beyond numerical performance,
interpretability was addressed through Grad-CAM and Score-CAM visualizations, which revealed
that the ViT model consistently concentrated on biologically relevant areas, including parasite bodies,
flagella, and nuclear components. Score-CAM, in particular, provided sharper localization compared
to Grad-CAM, reinforcing trust in the decision-making mechanism of the model. Comparative
analysis with state-of-the-art studies further highlighted that the proposed approach outperformed
previous CNN, ensemble learning, and semi-supervised methods, establishing ViT as a superior
framework for parasite recognition. In conclusion, the findings of this research demonstrate that
Vision Transformers attain cutting-edge accuracy in automated parasite classification but also offer
interpretability and robustness that are critical for clinical applications. This study advances the
progress of computer-aided diagnostic systems by showing the potential of ViT-based architectures
to support laboratory workflows, reduce diagnostic errors, and improve early detection of parasitic
infections. Future research directions may involve enlarging the dataset with a wider range of staining
approaches, enhancing localization for subtle classes like Plasmodium, and investigating lightweight
ViT versions to facilitate adoption in healthcare environments with limited resources.
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