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Abstract 

Blood-borne parasites such as Babesia spp., Theileria spp., and Toxoplasma gondii are among 

the most important pathogens affecting cattle, causing considerable economic losses and 

adversely affecting animal health. While microscopic examination remains a fundamental 

diagnostic method for blood-borne parasites, its accuracy depends on examiner expertise and 

variability in microscopic image interpretation, highlighting the need for reliable artificial 

intelligence (AI)-based diagnostic solutions. The present study developed and evaluated the 

performance of a YOLO (You Only Look Once)-based deep learning model (YOLOv8) for automatic 

multiclass detection and classification of these parasites using images of Giemsa-stained and 

wet blood smears. Polymerase chain reaction (PCR) assays served as the reference standard to 

confirm parasite infections before image acquisition. For each parasite species (Babesia spp., 

Theileria spp., and Toxoplasma gondii), we selected 30 PCR-confirmed blood samples with single 

infections, resulting in a dataset of 2,799 images for training and evaluating the YOLOv8 model. 

The YOLOv8 model achieved precision, recall, F1-score, and mean average precision (mAP) 

values of 83.4%, 81.5%, 82.4%, and 82.5%, respectively. The model demonstrated robustness to 

variations in parasite morphology, staining intensity, and microscopic background, and 

accurately distinguished parasites from cellular artifacts that could lead to diagnostic errors. 

The primary contribution of this study is the development and validation of a clinically relevant 

multiclass YOLOv8 framework, using PCR-confirmed blood samples from naturally infected 

cattle, for the simultaneous detection of Babesia spp., Theileria spp., and Toxoplasma gondii. 

Evaluation with both Giemsa-stained and unstained wet blood smear images confirmed the 

robustness of the YOLOv8 framework under routine microscopic conditions, supporting its 

potential as a rapid decision-support tool in veterinary diagnostic laboratories. 
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Introduction 

Apicomplexan parasites, such as Babesia spp., 

Theileria spp., and Toxoplasma gondii, are 

significant pathogens that adversely affect cattle 

health and animal production. These organisms 

are responsible for considerable economic 

losses, including reduced milk and meat yields, 

increased mortality, and diminished 

reproductive performance (He et al., 2021; Sojka 

et al., 2022). Although these parasites differ in 

their transmission mechanisms and biological 

features, all can be detected in peripheral blood 

during infection. Polymerase chain reaction (PCR) 

detection of Toxoplasma gondii DNA in peripheral 

blood is well documented and is considered a 

reliable molecular method for confirming 

infection (Burg et al., 1989; Bretagne et al., 1995; 

Bourdin et al., 2014; dos Santos et al., 2015; 

Dahmane et al., 2025). Additionally, circulating 
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Toxoplasma gondii tachyzoites have been 

identified microscopically in peripheral blood 

under appropriate clinical conditions, 

supporting the use of blood smear examination 

in PCR-confirmed cases (Silveira et al., 2011; Al-

Abadi and Al-Badrani, 2012; Sandu et al., 2025). 

Apicomplexan parasites exhibit diverse 

biological characteristics and induce 

morphological alterations in infected blood cells, 

which complicates microscopic diagnosis, 

especially in cases of low parasitemia or variable 

developmental stages (Frénal et al., 2021; Shaw, 

2021). While microscopic examination of blood 

smears remains a standard diagnostic approach, 

its accuracy is highly dependent on the 

examiner's expertise and the comprehensive 

evaluation of multiple microscopic fields. This 

method is both labor-intensive and time-

consuming (Dubey et al., 2020; Agina et al., 

2020). These limitations highlight the necessity 

for automated image analysis techniques to 

improve diagnostic efficiency and consistency. 

Despite significant advancements in deep 

learning techniques for microscopic image 

analysis, automated detection and diagnosis of 

small objects continue to present major 

challenges in veterinary diagnostic laboratories 

(Liu et al., 2016; Lin et al., 2017). Apicomplexan 

parasites, including Babesia spp., Theileria spp., 

and Toxoplasma gondii, have additional 

difficulties due to their small size and 

morphological similarities across developmental 

stages in blood smears, which can increase 

detection and classification errors. Although 

several artificial intelligence-based methods 

have been developed for microscopic parasite 

detection, most previous studies have focused 

on a single blood parasite species or have utilized 

experimentally prepared image datasets (Yang et 

al., 2020; Kahraman et al., 2024; He et al., 

2025). Therefore, there is a need for a robust 

multiclass deep learning framework capable of 

simultaneously detecting morphologically 

similar blood parasites under naturally 

occurring infection conditions. The present 

study aims to develop and evaluate a YOLOv8-

based multiclass framework for the rapid 

detection and classification of Babesia spp., 

Theileria spp., and Toxoplasma gondii in blood 

smear images from PCR-confirmed, naturally 

infected cattle. 

Material and methods 

Data acquisition and samples collection 

This study evaluated the efficiency of the YOLOv8 

artificial intelligence model for detecting and 

classifying Babesia spp., Theileria spp., and 

Toxoplasma gondii in bovine blood smears. From 

July 2025 to February 2026, 135 blood samples 

were collected from cattle clinically suspected of 

blood parasite infection at the University 

Veterinary Hospital, Faculty of Veterinary 

Medicine, University of Mosul, Iraq. The cattle 

originated from various farms and geographical 

locations within the study area and were referred 

as part of routine veterinary clinical practice. 

Selection criteria included the presence of one or 

more clinical signs indicative of hemoparasitic 

diseases, such as tick infestation, fever, pale 

mucous membranes, enlarged superficial lymph 

nodes, weakness, and reduced body condition. 

Approximately 3 mL of whole blood was 

aseptically collected from the jugular vein of each 

animal using EDTA-containing tubes. Two blood 

smears (one thin and one wet smear) were 

prepared from each sample for microscopic 

examination. The polymerase chain reaction 

(PCR) technique served as the reference standard 

to confirm parasite DNA presence and establish a 

reliable ground truth before image acquisition. 

Only PCR-confirmed positive samples were used 

for blood smear preparation and microscopic 

image acquisition. Microscopy was used 

exclusively for image acquisition and annotation, 

while PCR confirmation was the primary method 

for parasite identification. 

PCR confirmation of parasitic infections 

To confirm the presence of parasites, genomic 

DNA was extracted from 3 mL of whole blood 

using the AddPrep Genomic DNA Extraction Kit 

(Cat. No. 10023, AddBio, Korea) according to the 

manufacturer's instructions. Conventional PCR 

(cPCR) was performed to detect Babesia spp. and 

Theileria spp. using published primer sets 

targeting the ITS gene (Altay et al., 2008) and the 

18S rRNA gene (Allsopp et al., 1993), respectively. 

Toxoplasma gondii was identified by nested PCR 

(nPCR) targeting the B1 gene (Burg et al., 1989). 

The PCR assays for the ITS and 18S rRNA genes 

were designed for genus-level detection of 

Babesia spp. and Theileria spp., while the nested 

PCR assay specifically identified Toxoplasma 

gondii. Species-level identification of Babesia and 

Theileria was not conducted in this study. Each 

PCR run included a positive control using DNA 
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from previously confirmed positive samples and 

a negative control with nuclease-free water 

instead of template DNA. To minimize 

contamination, PCR preparation and post-

amplification procedures were conducted in 

separate work areas using aerosol-resistant filter 

tips. PCR products were not sequenced, as the 

validated PCR assays employed were considered 

sufficient for molecular identification. PCR 

products were analyzed by agarose gel 

electrophoresis to confirm the presence of 

parasite-specific DNA. 

Table 1: Sequences of primers used for amplification of ITS gene of Babesia spp. and 18S rRNA gene of Theileria 

spp. and B1 gene of Toxoplasma gondii DNA. 

 

 

 

 

 

 

 

PCR assays served as the reference method to 

confirm infection with each investigated parasite 

(Babesia spp., Theileria spp., and Toxoplasma 

gondii) before microscopic image acquisition. 

Only blood samples that tested positive by the 

corresponding specific PCR assay were 

subsequently used for thin blood smear 

preparation and microscopic image acquisition. 

Babesia spp. and Theileria spp. were detected 

using PCR assays targeting the ITS gene and the 

18S rRNA gene, respectively, whereas 

Toxoplasma gondii infection was confirmed by 

species-specific nested PCR targeting the B1 

gene before blood smear preparation. Therefore, 

molecular confirmation constituted the primary 

basis for parasite identification, whereas 

microscopic examination was performed 

exclusively for image acquisition and annotation 

and was not used as an independent diagnostic 

criterion. 

Blood smear preparation and microscopic 

examination 

To provide complementary microscopic image 

characteristics for deep learning analysis, two 

types of blood smears were prepared from each 

PCR-confirmed blood sample for the detection of 

Babesia spp., Theileria spp., and Toxoplasma 

gondii. Thin blood smears were air-dried, fixed 

with methanol, and stained with Giemsa stain 

(pH 7.2) for 30 minutes, followed by rinsing with 

distilled water and drying. Imaging was 

conducted using a light microscope with a 100× 

oil-immersion objective (numerical aperture 1.30) 

to acquire images for dataset construction and 

annotation (He et al., 2025). Wet blood smears 

were prepared by placing a fresh drop of blood on 

a glass slide, covering it with a coverslip, and 

examining it directly under a light microscope at 

4× and 10× magnification. This approach enabled 

monitoring of parasite motility and facilitated the 

acquisition of diverse images, following the 

methodology of (Asada et al., 2012). Only PCR-

confirmed positive samples were examined 

microscopically, and microscopic examination 

was not used as a standalone diagnostic method 

for Toxoplasma gondii. Blood smear images were 

obtained exclusively from PCR-confirmed positive 

samples for image annotation and deep learning 

model development. To ensure dataset reliability, 

all annotated images were reviewed by an 

experienced veterinary parasitologist before 

inclusion in the final dataset. 

Data collection and dataset partitioning 

PCR screening identified both single and mixed 

infections. Samples with mixed infections were 

excluded to prevent ambiguity during image 

annotation. Thirty PCR-confirmed blood samples 

with single infections were selected for each 

Parasite 
name 

PCR type Primer Name Primer Sequence 5’ – 3’ Product 
size 
(bp) 

Reference 

 
Babesia 
spp.   

 
Conventional 

PCR 

B. ITS1-F GGCCGTTCTTAGTTGGTGGA 357  
Altay et al. 

(2008)  B. ITS1-R TGTGTACAAAGGGCAGGGAC 

 
Theileria 
spp. 

 
Conventional 

PCR 

ThiUni-F AGTTTCTGACCTATCAG 1098 Allsopp et 
al. (1993) 

ThiUni-R TTGCCTTAAACTTCCTTG 

 

Toxoplasma 
gondii 

Nested PCR 

(First Round) 

B1 (F1) GGAACTGCATCCGTTCATGAG  

193 bp 
 

 
Burg et al. 

(1989) 
B1 (R1) TCTTTAAAGCGTTCGTGGTC 

Nested PCR 

(Second 
Round) 

B1 (F2) GGCGACCAATCTGCGAATACACC  

96 bp 
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parasite species (Babesia spp., Theileria spp., 

and Toxoplasma gondii), resulting in a final 

dataset of 90 single-positive blood samples. To 

prevent data leakage, the dataset was 

partitioned at the blood sample level before 

image acquisition. For each parasite class, blood 

samples were divided into training (20 samples, 

66.7%), validation (5 samples, 16.7%), and 

testing (5 samples, 16.7%) subsets using 

stratified sampling. 

Each blood sample was assigned a unique 

identification number, and all corresponding 

blood smears and microscopic images were 

labeled with the same sample ID. 

Microscopic images for YOLOv8 model 

development were acquired from both Giemsa-

stained thin smears and wet smears using a 

smartphone camera (Samsung Galaxy A54) at 

50 megapixels. Following (Abdurahman et al., 

2021), multiple images were captured from 

different microscopic fields of both smear types. 

Images clearly displaying parasites were selected, 

while low-quality or unsuitable images were 

excluded from analysis. All images from the same 

blood sample were retained exclusively within the 

same dataset subset. To ensure balanced class 

representation, equal numbers of high-quality 

images were retained for each parasite class. 

Image annotation 

For the object detection task, images underwent 

annotation by uploading them to Roboflow, where 

the locations of parasites within the microscopic 

images were identified using bounding boxes. 

Each image was labeled according to parasite 

type (Babesia spp., Theileria spp., and 

Toxoplasma gondii) (Figure 1). The selected 

images were then resized and formatted to meet 

the input requirements of the YOLOv8 model.

 

Figure 1: The manual annotation process of microscopic parasite images using the Roboflow platform. 

Bounding boxes were used to localize the parasite structures within the blood-smear images.

Image preprocessing and data augmentation 

procedures 

A multi-step preprocessing and augmentation 

pipeline was implemented to standardize input 

data and mitigate overfitting, considering the 

limited size of the original dataset. Microscopic 

images underwent several preprocessing steps 

prior to model training. All images were first 

resized to 640 × 640 pixels to ensure uniformity 

of model inputs. Subsequently, cropping was 

performed to divide large images into fixed-size 

sections, thereby improving processing efficiency 

and reducing memory consumption while 

preserving essential parasite features. 

To increase image variability, improve model 

robustness, and further reduce overfitting, 

various data augmentation techniques were 

applied to the training images. These techniques 

included random rotation, horizontal flipping, 

random cropping, brightness and contrast 

adjustments, and the addition of limited 

Gaussian noise and blur. These transformations 

were implemented solely to enhance the 

variability of the training images without 

modifying the underlying biological 

characteristics of the original samples. 

Subsequently, pixel normalization was performed 

using the Min-Max normalization method to 

rescale intensities to the range [0,1], thereby 

improving training stability and convergence 

speed. 

After cropping, patch extraction, and data 

augmentation, the final dataset comprised 2,799 

images, which were used to train and evaluate the 

YOLOv8 model. The dataset size was determined 

automatically by counting the number of image 

files generated in each folder after cropping and 
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augmentation, with each new image saved as a 

separate file in the training, validation, and test 

folders (Table 2).

Table 2: Distribution of the Final dataset used for YOLOv8 training across parasite classes and dataset stratified 

split. 

Data split Babesia spp. Theileria spp. Toxoplasma 
gondii 

Total 

Training  653 653 653 1959 
Validation 140 140 140 420 
Testing 140 140 140 420 
Total 933 933 933 2799 

 

Architecture of the YOLOv8 Model0 

Redmon et al. (2016) describe the YOLO 

architecture as a single-stage object detection 

framework that processes the entire image in one 

pass to simultaneously locate and classify 

objects, making it suitable for applications 

requiring both high speed and accuracy. In the 

present study, the YOLOv8 model was employed 

to diagnose parasites in stained and wet 

unstained blood smear images. This version 

incorporates enhancements in the network 

structure, including improved extraction layers 

(Backbone) and neck mechanisms, which 

increase the model's capacity to recognize 

microscopic features such as small parasites 

located inside and outside blood cells. The model 

processes input images of 640 × 640 pixels, 

divides them into a grid of cells, extracts features 

through deep layers, and integrates 

characteristics from multiple levels to facilitate the 

detection of both small and large objects. Each cell 

is responsible for detecting objects within its 

boundaries. The grid assigns categorical labels to 

each detected object, such as Babesia spp., 

Theileria spp., or Toxoplasma gondii. For each cell, 

YOLO predicts a set of bounding boxes and their 

associated confidence scores, reflecting the 

probability of an object being present. In the final 

stage, the model simultaneously localizes and 

classifies parasites within the image, providing a 

confidence score for each prediction. 

The detection system in YOLOv8 is formulated 

as a regression problem. The input image is 

divided into an S × S grid, and each grid cell 

predicts B bounding boxes, an objectness 

confidence score, and C class probabilities. These 

predictions are represented as a tensor with 

dimensions S × S × (B × 5 + C), as illustrated in 

Figure 2.

 

Figure 2: Application of the YOLOv8 model for detecting blood parasites in Giemsa-stained blood smear images. 

The figure illustrates the division of the input image into a grid and the localization of parasite objects within the 

image. The detected objects are indicated by bounding boxes, with the corresponding predicted class and 

confidence score displayed for each detection. 

YOLOv8 configuration and training 

Model training was conducted on a workstation 

equipped with an NVIDIA RTX 3060 GPU (12 GB 

VRAM) running Windows 11. The YOLOv8 model 

was implemented using Ultralytics YOLO version 

8.3.211 with PyTorch 2.7.1 (CUDA 11.8) and 

initialized with pretrained yolov8n.pt weights. 

Training utilized the annotated training dataset, 

incorporating image cropping and data 

augmentation to enhance parasite detection in 

microscopic blood smear images. The validation 

dataset was used to monitor model performance 

during training. The model was trained for 30 

epochs with an input image size of 640 × 640 

pixels and a batch size of 16. Optimization 
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employed the stochastic gradient descent (SGD) 

optimizer with an initial learning rate of 0.001, 

momentum of 0.937, and weight decay of 0.001. 

These hyperparameters were selected to balance 

computational efficiency and detection 

performance. A fixed random seed of 42 was 

applied to improve experimental reproducibility. 

The confidence threshold for object detection 

was set to 0.25, and the Intersection over Union 

(IoU) threshold for non-maximum suppression 

(NMS) was set to 0.70 using the default 

Ultralytics NMS implementation. TensorBoard 

was used to monitor training performance, 

including loss and detection metrics, throughout 

optimization. Early stopping based on validation 

loss was implemented with a patience of 50 

epochs to reduce the risk of overfitting. 

YOLOv8 model evaluation 

YOLOv8 model performance was evaluated using 

standard detection metrics, including Precision, 

Recall, F1-score, Intersection over Union (IoU), 

mean Average Precision (mAP@0.5 and 

mAP@0.5:0.95), overall classification accuracy, 

and Precision–Recall curves. A confusion matrix 

was generated from the test dataset to assess 

class-wise performance and visualize the 

distribution of correct and incorrect predictions. 

Results 

PCR confirmation of apicomplexan parasites 

in bovine blood 

Molecular analysis using PCR confirmed the 

presence of target parasites (Babesia spp., 

Theileria spp., and Toxoplasma gondii) in the 

studied samples, thereby supporting the initial 

diagnosis of parasitic infection in cattle. These 

results provided a robust reference for 

microscopic examinations and for evaluating the 

performance of the AI model applied in this study. 

Gel electrophoresis results confirmed 

amplification of the genetic material (DNA bands) 

of the studied parasites. 

Training performance of YOLOv8 

The YOLOv8 model exhibited increasing stability 

during training, as indicated by the continuous 

decrease in both training and validation loss 

values. This trend reflects an improved ability of 

the model to learn the morphological 

characteristics of the parasites. Furthermore, the 

loss curves showed clear convergence between 

training and validation data, without a sharp 

increase in validation loss. This pattern indicates 

a reduced risk of overfitting and suggests 

enhanced generalizability of the model to 

previously unseen data (Figure 3). 

 

Figure 3: Training and validation loss curves of the YOLOv8 model during learning phases.

Results of YOLO performance evaluation 

Quantitative results indicated robust model 

performance across all parasite classes. For 

Babesia spp., the model achieved a precision of 

84.9%, sensitivity (recall) of 84.3%, average 

precision (AP) of 89.0%, and F1-score of 84.6%. 

For Theileria spp., the model demonstrated a 

precision of 82.7%, recall of 82.1%, AP of 82.0%, 

and F1-score of 82.4%. The highest performance 



99  

was observed for Toxoplasma gondii, with a 

precision of 84.5%, recall of 85.7%, AP of 90.2%, 

and F1-score of 85.1% (Table 3). 

The YOLO model achieved a mean Average 

Precision (mAP@0.5) of 82.5% and a mAP@0.5-

0.95 of 72.8%, indicating robust detection 

performance across all parasite classes (Figure 4). 

These results demonstrate the model’s capacity to 

accurately localize and classify parasite instances 

in microscopic blood smear images, despite 

challenges such as morphological similarities 

between Babesia spp. and Theileria spp., 

variations in staining intensity, and overlapping 

cellular structures.

Table 3: Results of YOLOv8 model evaluation. 

 

 

Figure 4: The bar chart presents the overall average values of the main detection performance metrics, including 

precision, recall, F1-score, mAP@0.5, and mAP@0.5–0.95, calculated across Babesia spp., Theileria spp., and 

Toxoplasma gondii. Each bar represents the corresponding performance metric of the YOLOv8 model across the 

three parasite classes. 

Precision–recall curve analysis of the YOLO 

model  

Among the evaluated classes, Toxoplasma gondii 

demonstrated the highest performance, with an 

AP of 0.902, indicating excellent detection and 

classification capabilities. The precision-recall 

(PR) curve remained consistently high across a 

broad range of recall values, which demonstrates 

the model’s capacity to maintain high precision 

while identifying the majority of positive samples. 

Babesia spp. also exhibited strong performance, 

achieving an AP value of 0.890. The corresponding 

PR curve indicated high precision across most 

recall levels, supporting reliable discrimination 

between Babesia spp. and other parasite classes. 

In comparison, Theileria spp. achieved an AP value 

of 0.820, indicating good classification 

performance. Although its PR curve was lower 

than those of Toxoplasma gondii and Babesia spp., 

it remained well above the baseline, suggesting the 

Parasite class Precision 

(P) 

Average Precision (AP) Recall 

(Sensitivity) 

F1-score 

Babesia spp. 84.9% 89.0% 84.3% 84.6% 

Theileria spp. 82.7% 82.0% 82.1% 82.4% 

Toxoplasma gondii 84.5% 90.2% 85.7% 85.1% 
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model effectively detected and classified this 

parasite class. 

Overall, analysis of the PR curves indicates 

that the YOLO model performed robustly in 

multiclass parasite classification, with AP values 

ranging from 0.820 to 0.902. The consistently 

high precision across increasing recall levels 

demonstrates the model’s ability to identify 

parasite classes while minimizing false-positive 

predictions. These results confirm that the YOLO 

model delivers reliable and effective performance 

for automated classification of Toxoplasma gondii, 

Babesia spp., and Theileria spp. from microscopic 

images (Figure 5). 

The confusion matrix offers a comprehensive 

class-wise assessment of the proposed YOLOv8 

model. The majority of images were accurately 

classified into their respective parasite categories, 

demonstrating effective discrimination among 

Babesia spp., Theileria spp., and Toxoplasma 

gondii. Toxoplasma gondii achieved the highest 

number of correct classifications (120 images), 

followed by Babesia spp. (118 images) and 

Theileria spp. (115 images). Most 

misclassifications occurred between Babesia spp. 

and Theileria spp., as well as between Theileria 

spp. and Toxoplasma gondii, which can be 

attributed to the morphological similarities among 

these parasites in microscopic blood smear 

images. Collectively, the confusion matrix 

underscores the robustness of the proposed 

multiclass YOLOv8 detection framework (Figure 6). 

 

Figure 5: Precision–recall curve for parasite detection using YOLO model. 

 

Figure 6: Confusion matrix of the proposed YOLOv8 model showing the class-wise classification performance for 

Babesia spp., Theileria spp., and Toxoplasma gondii on the test dataset.  
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Evaluation of the adaptability of the YOLOv8 

model in the detection of parasites in blood 

smear images 

The ability to adapt to the various staining 

characteristics when using Giemsa-stained blood 

smears. To evaluate the robustness of the 

YOLOv8 model under varying Giemsa stain 

intensities and smear qualities, images of blood 

smears with diverse staining characteristics were 

utilized in the experiments. The model 

consistently detected and classified Babesia spp., 

Theileria spp., and Toxoplasma gondii regardless 

of stain intensity, background appearance, or red 

blood cell staining patterns. These results 

indicate that the model maintains reliable 

performance across a range of microscopic 

staining conditions (Figure 7A). 

The ability to adapt to various microscopic 

backgrounds. The results demonstrated that the 

YOLO model exhibited a high capacity for 

detecting Babesia spp., Theileria spp., and 

Toxoplasma gondii in wet blood smears, despite 

variations in background features. Detection 

efficiency was maintained under conditions of 

contrasting lighting, differences in erythrocyte 

density and distribution, and the presence of 

impurities. These findings suggest that the model 

relies on the distinct morphological features of the 

target parasites rather than background 

characteristics (Figure 7B). 

Ability to adjust to different parasite shapes. 

The three parasites exhibited considerable 

morphological diversity. Babesia spp. appeared 

as ring forms, paired pyriform forms, and various 

intraerythrocytic forms. Theileria spp. presented 

both piroplasm stages within erythrocytes and 

schizont-associated stages. The tachyzoites of 

Toxoplasma gondii displayed a characteristic 

crescent shape, facilitating the distinction of 

morphological variations among the parasite 

groups and illustrating their polymorphism 

(Figure 7C). 

Distinguishing parasites from cellular 

artifacts and morphological alterations. 

Microscopic blood smears often contain platelets, 

stain deposits, erythrocyte inclusions, leukocyte 

fragments, and other artefacts that may resemble 

parasite structures. Additionally, parasitic 

infections can induce morphological alterations 

in blood cells, complicating interpretation. The 

YOLO model successfully differentiated genuine 

parasitic forms from these cellular changes, 

thereby reducing false positives and enhancing 

diagnostic reliability (Figure 7D) section of 

intracellular and extracellular parasites). 

The YOLOv8 model detected Babesia spp. both 

inside and outside erythrocytes, as well as 

Toxoplasma gondii, in various representative 

unstained wet blood smear images. This 

demonstrates the model's ability to accurately 

localize parasites under different cellular 

distributions and microscopic preparation 

conditions (Figure 7E). 

Recognition of parasites and partially visible 

blood cells 

During image acquisition and cropping, parasites 

or infected erythrocytes may be only partially 

visible at image borders. The YOLOv8 model 

accurately detected these partially visible infected 

cells and parasitic forms without loss of 

performance, thereby reducing the likelihood of 

false detections during automated analysis (Figure 

7F). 

The model also demonstrated the ability to 

correctly identify parasites that are very small or 

embedded within complex microscopic scenes, 

highlighting its robustness and suitability for 

diverse imaging conditions. These findings confirm 

that YOLOv8 is an effective tool for automatic 

detection of blood parasites in both stained and 

unstained wet blood smears, exhibiting strong 

adaptability to background changes and varying 

microscopic conditions. 

Discussion 

The findings of this study indicate that the 

YOLOv8 model demonstrated strong 

performance in detecting and classifying 

Babesia spp., Theileria spp., and Toxoplasma 

gondii from blood smear images, achieving AP 

values between 82.0% and 90.2%. These 

outcomes align with previous research 

emphasizing the effectiveness of deep learning-

based object detection models for microscopic 

parasite identification. For instance, (Wang et 

al., 2023) found that YOLO-based deep 

learning achieved high diagnostic accuracy in 

detecting and classifying malaria parasites in 

thin blood smears, underscoring the potential 

of object detection networks for automated 

parasitological diagnosis. Similarly, (Kedaton 

et al., 2024) developed a YOLOv8-based model 

for detecting Theileria equi and Babesia caballi, 

reporting high precision and recall, which 

supports the suitability of YOLO models for 

identifying morphologically similar 
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hemoparasites. The consistency between the 

present results and prior studies likely reflects 

the capacity of YOLO models to perform 

localization and classification simultaneously,  

facilitating efficient recognition of parasitic 

structures within complex microscopic 

backgrounds.

 

 

 

Figure 7: A) YOLOv8 detection of Babesia spp., Theileria spp., and Toxoplasma gondii in Giemsa-stained blood 

smears under different background conditions. B) YOLOv8 detection of Babesia spp., Theileria spp., and 

Toxoplasma gondii in unstained wet blood smears under different background conditions. C) YOLOv8 adaptability 

to different parasite morphologies. D) Discrimination of Babesia spp., Theileria spp., and Toxoplasma gondii from 

cellular artifacts and morphological alterations using YOLOv8. E) Detection of Babesia spp. inside and outside 

red blood cells, and Toxoplasma gondii in wet blood smears using YOLOv8. F) YOLOv8 detection of parasites in 

partially visible cells at image borders. 
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Although microscopic visualization of 

Toxoplasma gondii tachyzoites in peripheral 

blood is rare, it has been documented in cattle 

(Al-Abadi and Al-Badrani, 2012) and other 

host species, including humans (Silveira et al., 

2011) and dogs (Sandu et al., 2025). These 

observations support the biological 

plausibility of utilizing microscopic images 

from PCR-confirmed positive samples for deep 

learning analysis. In this study, parasite 

identification was primarily established using 

species-specific nested PCR targeting the B1 

gene. Consequently, microscopic examination 

was conducted exclusively on PCR-confirmed 

positive samples for image acquisition and 

annotation, rather than as an independent 

diagnostic method. This approach ensured 

that the deep learning dataset comprised 

molecularly confirmed cases, thereby 

reducing diagnostic uncertainty. 

A single microscopic image cannot capture 

all morphological characteristics of parasites 

in a blood sample due to variability in parasite 

distribution and differences in microscopic 

fields. Therefore, multiple images were 

extracted from each sample and blood smear 

to enhance visual diversity and improve the 

model's capacity to identify morphological 

variations and differences in parasite 

appearance under varying microscopic 

imaging conditions. This methodology has 

been adopted in several medical computer 

vision studies, including those by 

(Abdurahman et al., 2021), (Escobar et al., 

2023), (Paswan and Khan, 2025). The results 

of the present study indicate that the YOLOv8 

model achieved high performance in detecting 

and classifying blood parasites in bovine blood 

smears, with a precision of 83.4%, recall of 

81.5%, F1 score of 82.4%, and mean average 

precision (mAP) of 0.825. These metrics 

demonstrate a favorable balance between 

prediction accuracy and detection efficiency, 

which is essential in medical applications. The 

high precision value reflects a low rate of false 

positives, indicating the model's ability to 

distinguish parasites from cellular 

components, impurities, and stain residues in 

blood smears. The high recall value 

demonstrates the YOLOv8 model's capacity to 

detect most parasites, even in cases of low 

parasitemia, addressing a common limitation 

of traditional diagnostic methods. 

In comparison to previous deep learning-

based detection studies, the current model 

performs as well as or better than many earlier 

models. The YOLOv3 model developed by (He et 

al., 2025) demonstrated strong object detection 

capabilities but encountered difficulties in 

detecting small and complex objects, such as 

microscopic parasites, due to limitations in 

multi-level feature extraction. (Kahraman et 

al., 2024) enhanced YOLOv4 performance by 

refining the network architecture and training 

techniques, resulting in significantly increased 

accuracy across multiple applications. 

Nevertheless, challenges persisted in 

accurately detecting small objects when the 

model was applied to high-contrast and 

cellular-interference microscopic images. 

Additionally, some studies in microscopic 

analysis have reported that YOLOv5 may 

exhibit reduced accuracy in classifying 

morphologically similar objects, such as the 

developmental stages of different parasites 

within blood cells (Yang et al., 2020). 

Multiple deep learning object detection 

architectures have been developed for object 

localization and classification, each offering 

distinct advantages and limitations. Faster R-

CNN, a two-stage detector, is recognized for 

high localization accuracy but requires 

substantial computational resources and 

longer inference times, limiting its suitability 

for real-time applications (Ren et al., 2015). In 

contrast, SSD is a one-stage detector that 

provides faster inference while maintaining 

competitive detection performance, 

particularly for real-time image analysis (Liu et 

al., 2016). RetinaNet addressed the class 

imbalance issue common in dense object 

detection by introducing focal loss, thereby 

improving the detection of challenging objects 

(Lin et al., 2017). EfficientDet further enhanced 

detection efficiency by integrating EfficientNet 

as the backbone with a bidirectional feature 

pyramid network (BiFPN), achieving a better 

balance between detection accuracy and 

computational cost (Tan et al., 2020). The 

YOLO family has recently become one of the 

most widely adopted one-stage object detection 

frameworks due to its favorable balance 

between speed and accuracy. YOLOv5 

demonstrated improved computational 

efficiency and ease of deployment across 

diverse object detection tasks (Yang et al., 

2020). Recent reviews have highlighted that 

YOLOv8 incorporates several architectural 

refinements, such as an anchor-free detection 

head, C2f modules for enhanced feature 

representation, a PAN neck for efficient multi-

scale feature fusion, and improved multi-scale 
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feature extraction strategies. These features 

enhance small-object localization and 

detection while maintaining computational 

efficiency, making YOLOv8 particularly 

suitable for microscopic parasite detection 

(Terven and Cordova-Esparza, 2023). Based 

on these characteristics, YOLOv8 was selected 

in this study to develop a multiclass 

framework for the simultaneous localization 

and classification of Babesia spp., Theileria 

spp., and Toxoplasma gondii. Although this 

study did not include an experimental 

comparison with alternative architectures, the 

reported performance of YOLOv8 in previous 

research supports its suitability for rapid and 

accurate multiclass object detection. The 

present findings are consistent with these 

reported advantages. 

Recent studies on parasite detection using 

artificial intelligence have reported mAP 

values ranging from 0.80 to 0.92, depending 

on data type and image quality. (He et al., 

2025) demonstrated that enhancing data 

quality and achieving accurate classification 

significantly improved model performance, 

which aligns with the present study's mAP of 

0.825, placing it within the advanced 

performance range. (Wang et al., 2023) 

Further emphasized that the primary 

challenge in microscopic image analysis is not 

only model selection but also the 

morphological similarity between target 

organisms and the cellular background. This 

finding underscores the importance of 

employing advanced models such as YOLOv8, 

which can extract precise features from 

multiple levels within the image. 

YOLOv8's strong performance can also be 

attributed tThe strong performance of YOLOv8 

can be attributed to its architectural design. 

The model integrates multi-scale feature 

extraction with C2f modules, which enhance 

feature representation while maintaining 

computational efficiency. Additionally, the 

PAN neck enables effective feature fusion 

across different scales, thereby improving the 

detection of small parasite objects in 

microscopic images. The anchor-free detection 

strategy further allows for flexible localization 

of parasites with varying sizes and shapes, 

contributing to the robust performance 

observed in this study correctly classified into 

their respective parasite classes, confirming 

the robustness of the proposed multiclass 

YOLOv8 model. A limited number of 

classification errors were observed, primarily 

between morphologically similar parasite 

classes. These discrepancies are likely 

attributable to similarities in parasite 

morphology, variations in parasite orientation 

and staining intensity, and inherent variability 

in microscopic blood smear images. 

One of A key strength of this study is the 

use of highly reliable data, as all blood samples 

were confirmed to be infected with Babesia 

spp., Theileria spp., and Toxoplasma gondii 

using PCR. Employing PCR as the reference 

standard for microscopic image annotation and 

bounding box labeling ensured accurate 

ground-truth class labels for all images. 

Despite the reliability of PCR reference labels, 

a limited number of misclassifications were 

observed, primarily due to morphological 

similarities between certain parasite species, 

particularly Babesia spp. and Theileria spp., as 

well as variability in microscopic image quality. 

Similar findings have been reported in previous 

studies of microscopic parasite detection (Yang 

et al., 2020; Kedaton et al., 2024). Another 

notable strength is the use of sample-level 

dataset partitioning, which minimized data 

leakage between the training, validation, and 

testing datasets. Furthermore, the dataset was 

balanced across the three investigated parasite 

classes, reducing potential class imbalance 

during model training and enabling a fair 

evaluation of multiclass detection 

performance. These design considerations 

enhance the reliability and reproducibility of 

the proposed framework and support its 

potential application as a computer-assisted 

decision-support tool in veterinary diagnostic 

laboratories. The present study demonstrates 

the practical value of employing a multiclass 

YOLOv8 framework for the simultaneous 

detection and classification of morphologically 

similar bovine blood parasites. Unlike many 

previous studies, a multiclass framework 

enables the recognition of multiple clinically 

important parasites within a single analytical 

workflow, thereby improving the efficiency of 

microscopic screening and reducing observer-

dependent variability in routine veterinary 

diagnostics. These findings highlight the 

proposed framework's potential as a practical 

decision-support tool for routine veterinary 

diagnostic laboratories. Nevertheless, further 

validation using larger and more geographically 

diverse datasets is required to confirm the 

robustness and generalizability of the proposed 

framework across different field conditions. 

Despite its promising performance, the 
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proposed YOLOv8-based framework has 

certain limitations. Although the cattle 

examined originated from various farms and 

geographical locations within the study area, 

all microscopic images were acquired under 

standardized laboratory conditions at the 

College of Veterinary Medicine. External 

validation using independent datasets from 

multiple laboratories will be essential to 

further assess the framework's reproducibility 

and generalizability. Another limitation is the 

relatively restricted biological diversity of the 

dataset. Additionally, mixed infections were 

excluded from the training and evaluation 

datasets to ensure accurate class labeling 

during model development. Future research 

should assess the framework's performance 

on mixed parasite infections using 

appropriately annotated datasets. The present 

study also did not include a direct 

experimental comparison with alternative 

deep learning object detection architectures, 

such as Faster R-CNN, SSD, or Efficient Det. 

Comparative evaluations in future studies 

would further validate the advantages of the 

proposed YOLOv8 framework. Although data 

augmentation increased the number and 

variability of training images and improved 

model robustness, the dataset was derived 

from only 90 biologically independent PCR-

confirmed cattle samples. As a result, the 

augmented images represent transformed 

versions of the original microscopic images 

rather than additional biological specimens, 

and the dataset's biological variability 

remained limited. Future validation using 

larger cohorts of naturally infected cattle from 

diverse geographical regions and 

epidemiological settings would further 

strengthen the robustness and 

generalizability of the proposed multiclass 

detection framework. 

Conclusion 

In this study, PCR assays served as the 

reference method to confirm Babesia spp., 

Theileria spp., and Toxoplasma gondii 

infections prior to microscopic image 

acquisition, and only PCR-confirmed positive 

samples were included in the deep learning 

dataset. The proposed YOLOv8 model 

demonstrated strong performance in 

multiclass detection and classification of 

Babesia spp., Theileria spp., and Toxoplasma 

gondii in both Giemsa-stained and wet blood 

smear images, despite variations in staining 

quality, image background, parasite 

morphology, and image quality. These findings 

support the potential application of YOLOv8 as 

a computer-aided diagnostic tool for detecting 

parasites in blood smear images. While further 

improvements may be achieved with larger, 

more diverse datasets, advanced image 

preprocessing, and external validation on 

independent datasets, the present results 

indicate the potential utility of the proposed 

framework in routine veterinary diagnostics. 

Integrating AI-based detection systems into 

laboratory workflows could facilitate more 

rapid, standardized, and objective diagnosis of 

parasitic infections in veterinary diagnostic 

laboratories. 
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