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Abstract: Early and accurate detection of liver 

tumors remains a major challenge in medical 

imaging, This study develops a YOLOv8-based 

deep learning system for automated liver tumor 

detection using CT images. A total of 16,404 

liver CT slices from the Medical Segmentation 

Decathlon (MSD) dataset were used to train 

the proposed model, which was trained and 

evaluated using several metrics. A callback 

function was employed to monitor and 

terminate the training. After 50 epochs, the 

proposed system achieved a precision, Recall, 

F1-score and mAP of of 0.96, 0.815, and 0.88, 

@0.5 of 0.884, demonstrating strong detection 

accuracy across heterogeneous liver textures 

and tumor sizes. The model also achieved a fast 

inference speed of 8.50 ms per image with a 

lightweight 11.4M-parameter architecture, 

confirming its suitability for real-time or near-

real-time deployment. Qualitative outputs 

further validated accurate tumor localisation 

with high confidence scores. These results 

show that the YOLOv8-based system provides 

reliable, sensitive, and computationally 

efficient liver tumor detection, making it a 

practical decision-support tool for healthcare 

settings. The study contributes to improving 

early diagnosis and strengthening clinical 

imaging workflows. 
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1.0 Introduction 
 

Liver tumors represent one of the most 

significant global health challenges and are an 

increasing concern within Nigeria’s healthcare 

system. These tumors, whether benign or 

malignant, can develop silently and often go 

undetected until they reach advanced stages. 

Consequently, early detection plays a crucial 

role in improving survival rates and guiding 

effective clinical decision-making. 

(Abdulsahib et al., 2024). Early and accurate 

detection of liver tumours is therefore essential 

for timely diagnosis and effective treatment 
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planning. However, many hospitals in Nigeria 

still face challenges in achieving accurate 

detection due to limited diagnostic resources 

and a shortage of trained radiologists (Tatar et 

al., 2024). 

Conventional diagnostic methods, such as 

ultrasound, computed tomography (CT), and 

magnetic resonance imaging (MRI), are 

commonly used for the detection of liver 

tumours. These imaging modalities provide 

detailed visualisation of the liver structure, but 

their effectiveness heavily depends on the 

experience of the radiologist (Dai et al., 2023; 

Xu et al., 2023), (Nakao et al., 2024). In many 

Nigerian healthcare centers, particularly in 

rural areas, the shortage of expert radiologists 

often results in misdiagnosis or delayed 

detection. Moreover, manual interpretation of 

liver scans is time-consuming and subject to 

human error, which may further compromise 

diagnostic accuracy (Okwukwu, 2025). These 

challenges highlight the necessity for detection 

models that balance accuracy, robustness, and 

computational efficiency. These limitations 

highlight the need for automated and reliable 

computer-aided systems capable of assisting 

radiologists in identifying tumors with high 

precision. These limitations emphasize the 

growing need for intelligent computer-aided 

diagnostic systems capable of supporting 

clinical decision-making with improved 

consistency and efficiency. 

 Over the past decade, various computational 

and artificial intelligence–based methods have 

been explored to enhance liver tumor detection 

(Ragab et al., 2024), (Bakrania et al., 2023). 

Early systems relied on traditional image-

processing and feature-extraction techniques 

that performed poorly on complex or noisy 

medical images. With the evolution of artificial 

intelligence, deep learning approaches, 

particularly convolutional neural networks 

(CNNs), have shown great potential in medical 

image analysis (Srinivasulu, 2023). Models 

such as UNet have been used for organ 

segmentation and lesion detection, achieving 

remarkable improvements over classical 

methods (Chen et al., 2023). Nonetheless, these 

models often struggle with small or irregularly 

shaped liver tumours and may produce false 

detections in cases where the liver texture is 

uneven or blurred (Kalsoom et al., 2020). 

The YOLO (You Only Look Once) family of 

algorithms represents a major leap in object 

detection research, combining high accuracy 

with real-time performance. One of the recent 

variants of these algorithms, YOLOv8, 

introduces architectural improvements such as 

a more efficient backbone, decoupled head, and 

enhanced feature fusion. These features make 

it particularly suitable for detecting small and 

complex objects, such as liver tumors, in 

diverse imaging conditions. The inspiration 

behind this research is to employ YOLOv8 to 

develop an intelligent system capable of 

detecting liver tumors from scan images with 

high accuracy and speed. The proposed system 

accepts liver scan images as input, analyses 

them using the trained YOLOv8 model, and 

returns the detection output indicating whether 

a tumor exists and, if present, marking its 

location within the liver region (Ragab et al., 

2024). Unlike traditional segmentation 

networks, YOLO-based detectors enable 

simultaneous localization and classification, 

making them suitable for real-time clinical 

applications. 

 Despite global advancements in medical 

image analysis, locally developed and 

clinically adaptable deep learning systems for 

liver tumor detection remain limited within the 

Nigerian healthcare context (Olufemi et al., 

2025). This gap forms the basis of the present 

research, which seeks to design a YOLOv8-

based liver tumor detection system suitable for 

the Nigerian healthcare context. The aim is to 

enhance diagnostic efficiency and reliability, 

especially in resource-constrained medical 

centres.  Therefore, this study aims to develop 

and evaluate a YOLOv8-based deep learning 
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framework for automated liver tumour 

detection using CT images. The specific 

objectives are to (i) preprocess liver scan 

images for model training and evaluation, (ii) 

train and optimise a YOLOv8 model for 

accurate tumor detection, and (iii) assess the 

model’s performance using standard evaluation 

metrics. Furthermore, few studies have 

explored lightweight detection architectures 

capable of real-time deployment in resource-

constrained healthcare environments. 

The contributions of this research are threefold. 

First, it presents a deep learning framework for 

automated liver tumor detection that can assist 

radiologists and healthcare practitioners in 

achieving faster and more consistent diagnoses. 

Second, it provides an implementation 

workflow that can serve as a foundation for 

future medical imaging research in the country. 

Finally, the system demonstrates the potential 

of integrating artificial intelligence into 

healthcare systems to bridge the gap between 

diagnostic demand and radiological expertise. 

Ultimately, the proposed system seeks to 

enhance early diagnosis, reduce radiologist 

workload, and promote the adoption of 

artificial intelligence–driven healthcare 

solutions in developing regions.   

Recent studies have extensively explored deep 

learning architectures for automated liver 

tumor detection, reporting significant 

improvements in diagnostic accuracy and real-

time performance. (Mahendran et al., 2025) 

incorporated transformer-based feature 

extraction and attention mechanisms, 

achieving a precision of 95.34%, recall of 

96.49%, and mAP@0.5 of 97.31%, with class-

specific mAPs of 0.9261 (healthy), 0.9946 

(benign), and 0.9905 (malignant). However, it 

showed limited sensitivity for small lesions and 

highlighted the need for more diverse datasets, 

explainable AI, and clinical validation. 

Another study (Huang et al., 2024) trained 

YOLOv8 on 3,976 annotated liver images, 

demonstrating superior precision, recall, and 

mAP@0.5 over conventional CNNs, yet faced 

dataset bias, limited interpretability, high 

computational demands, and a need for 

validation on larger datasets. Multi-scale 

feature fusion approaches have also been 

explored; for example, the dual-branch 

YCMFL model (Jinlin et al., 2025) combined 

YOLOv8s and CenterNet with a C2f_CoT 

fusion module and small-object detection head, 

achieving mAP of 92.4% and 92.6% on 

LiTS2017 and LT3DM datasets, respectively, 

but with high computational cost and parameter 

counts. In AI-assisted ultrasonography, deep 

learning and multimodal fusion approaches 

(Shen et al., 2025) enhanced lesion detection 

and reduced bias, yet challenges remain in data 

scarcity, protocol standardization, and model 

interpretability. DenseNet CNNs  (Prakash et 

al., 2023) applied region-growing 

segmentation and multi-scale feature 

integration to 10,000 CT liver images, 

achieving 98.34% accuracy, 99.72% 

sensitivity, and 97.84% recall, but still require 

validation across diverse populations. 

Collectively, these studies show the promise of 

deep learning, particularly YOLOv8, for liver 

tumor detection, while recurring challenges 

such as small lesion detection, dataset bias, 

interpretability, computational efficiency, and 

clinical validation—motivate further research 

and the development of optimized, robust, and 

clinically reliable models, as addressed in this 

study. Table 1 provides a comparative 

summary of the reviewed studies and their 

identified limitations, highlighting the 

methodologies employed, datasets utilized, 

performance outcomes achieved, and existing 

research gaps. It enables a clear comparison of 

model architectures, evaluation metrics, and 

experimental conditions while emphasizing 

challenges such as dataset bias, computational 

complexity, limited generalization, lack of 

explainability, and insufficient clinical 

validation that motivate the present study..  
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Table 1. Summary of Related Works 

 

Study Methodology/ 

Model 

Dataset Key Results Identified Gaps/ 

Limitations 

Optimize

d 

YOLOv8 

(Mahend

ran et al., 

2025) 

YOLOv8 with 

transformer-

based feature 

extraction and 

attention 

mechanisms 

Liver images 

(healthy, 

benign, 

malignant) 

Precision: 95.34%, 

Recall: 96.49%, 

mAP@0.5: 97.31%; 

mAP: 0.9261 

(healthy), 0.9946 

(benign), 0.9905 

(malignant) 

Limited sensitivity for 

small lesions, need for 

dataset diversity, lack 

of explainable AI, and 

limited clinical 

validation 

YOLOv8 

Liver 

Disease 

Detectio

n 

(Huang 

et al., 

2024) 

YOLOv8 with 

structured 

training and 

hyperparameter 

tuning 

3,976 

annotated 

liver images 

(split: 70% 

train, 20% val, 

10% test) 

Improved precision, 

recall, mAP@0.5 over 

traditional CNNs 

Dataset bias, 

interpretability issues, 

computational 

demand, need for 

validation on larger 

datasets, threshold 

instability 

YCMFL 

Dual-

Branch 

Model 

(Jinlin et 

al., 2025) 

YOLOv8s + 

CenterNet 

backbone; 

C2f_CoT feature 

fusion; small-

object detection 

head 

LiTS2017, 

LT3DM 

datasets 

mAP: 92.4% 

(LiTS2017), 92.6% 

(LT3DM); improved 

small lesion detection 

High parameter 

counts and 

computational cost, 

risk of overfitting, 

need for lightweight 

architectures, 

multimodal imaging 

integration 

AI-

Assisted 

Ultrason

ography 

(Shen et 

al., 2025) 

CNNs, U-Net; 

deep learning 

and multimodal 

fusion; 

integration with 

LLMs and IoT 

Review of 

multiple 

ultrasound 

datasets (B-

mode, 

contrast-

enhanced US) 

Superior detection of 

small lesions; reduced 

diagnostic bias 

Data scarcity, lack of 

standardized 

protocols, dataset 

variability, limited 

interpretability, need 

for multicenter 

databases and clinical 

validation 

DenseNe

t CNN 

(Prakash 

et al., 

2023) 

DenseNet CNN 

with region-

growing 

segmentation; 

multi-scale 

feature 

integration 

10,000 CT 

liver images 

from 

Government 

General 

Hospital 

Vijayawada 

Accuracy: 98.34%, 

Sensitivity: 99.72%, 

Recall: 97.84%, 

Throughput: 98.43%, 

Error rate: 0.02 

Need for validation 

across diverse 

populations, 

generalization to 

different imaging 

conditions 
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2.0  Methodology 

2.1  Research Design  
 

The methodological framework adopts a 

computer vision–based supervised deep 

learning approach, where annotated liver images 

are utilized to train YOLOv8 for tumor 

localization and detection. The overall design 

includes dataset acquisition, preprocessing, 

annotation, model training, hyperparameter 

optimization, model evaluation, and 

visualization of detection results. This 

structured approach ensures reproducibility, 

methodological clarity, and alignment with 

established practices in medical image analysis 

and deep learning research. The workflow was 

implemented using Python-based deep learning 

libraries to ensure scalability, transparency, and 

experimental reproducibility. 
 

2.2  System Architecture  

The proposed liver tumor detection system is 

implemented as an end-to-end processing, 

integrating data acquisition, preprocessing, 

YOLOv8 inference, and result visualization.  

Figure 1 illustrates the overall workflow of the 

proposed system, depicting the progression 

from raw liver CT scans to tumor detection 

outputs.  

 

 
Fig. 1: System Architecture 

 

This high-level architecture provides a clear 

overview of the system, guiding the reader 

through the subsequent methodological steps, 

including data collection, preprocessing, and 

model implementation, which are described in 

detail in the following sections. This modular 

architecture facilitates independent 

optimization of each processing stage while 

maintaining seamless integration across the 

detection pipeline.The CT image slices used in 

this study were obtained from Task 03 (Liver 

Tumor Segmentation) of the Medical 

Segmentation Decathlon (MSD) dataset. 
 

2.3 Data Collection and Sampling  
 

 Liver CT image slices used in this study were 

obtained from Task 03 (Liver Tumor 

Segmentation) of the Medical Segmentation 

Decathlon (MSD) dataset, a publicly available 

dataset that provides high-quality medical 

imaging data suitable for liver tumor detection 

research.  The MSD dataset is widely used in 

medical image analysis research due to its 

diverse patient population, expert annotations, 

and standardized benchmarking protocols. 

(Amin et al., 2023). A total of 16,404 2D slices 

of volumetric liver scans were included in this 

study, providing a large and varied dataset for 

model training and evaluation. This publicly 

accessible dataset ensures reproducibility and 

offers images from multiple clinical centers, 

enhancing variability and generalizability. 

Ethical approval was not required as the dataset 

is publicly available and fully anonymized. 

To facilitate model training, validation, and 

evaluation, the slices were divided into three 

mutually exclusive subsets: training set (13,123 

slices), validation set (1,640 slices), and test set 

(1,641 slices). The training set was used for 

optimizing model parameters, the validation set 

guided hyperparameter tuning and model 

selection, and the test set provided an unbiased 

assessment of final model performance.  
 

2.4  Preprocessing   
 

Before training the YOLOv8 model, the liver 

CT slices were preprocessed to standardise the 

data and ensure compatibility with the 

detection framework.  The preprocessing stage 

aimed to standardize image inputs, improve 

model convergence, and enhance detection 
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robustness. The steps performed are detailed 

below. 
 

2.4.1 Conversion of volumetric scans to 2D 

slices  
 

The original NIfTI (.nii) liver volumes were 

sliced along the axial plane, and each 3D 

volume was converted into individual 2D PNG 

images using Python libraries such as Nibabel 

and OpenCV, while preserving the original 

spatial resolution. This ensured that each slice 

could serve as an independent input for 

YOLOv8 detection. Normalization of intensity 

values 

Pixel values, originally in Hounsfield units 

(HU), were linearly scaled to the range 0–255 

to standardize inputs across all images. This 

step facilitated stable and faster model 

convergence during training   (Sani et al., 

2024). 

 2.4.2 Intensity Normalization 

Pixel intensity values originally expressed in 

Hounsfield Units (HU) were linearly scaled to 

the range of 0–255 to standardize image 

contrast and stabilize gradient updates during 

training (Sani et al., 2024). 
 

2.4.3 Generation of bounding boxes  
 

Tumor regions were identified from the 

segmentation masks provided in the MSD 

dataset. For each tumor, the minimum 

bounding rectangle was calculated to generate 

coordinates in YOLO format (x_center, 

y_center, width, height).  
 

2.4.4 Resizing 
 

All images and bounding boxes were resized to 

640×640 pixels, the standard input size for 

YOLOv8, while preserving the aspect ratio. 

Bounding box coordinates were adjusted 

proportionally to ensure accurate localization. 
 

2.4.5 Dataset splitting  
 

Following preprocessing, the slices were 

organized into the pre-defined training, 

validation, and test subsets to maintain class 

balance and prevent overlap between subsets 

and ensure robust evaluation of model 

performance. 
 

2.5  YOLOv8 Model Description and 

Training  
 

Building upon the challenges highlighted in the 

introduction, particularly the shortage of expert 

radiologists, the limitations of manual 

interpretation, and the urgent need for 

automated diagnostic support in the Nigerian 

healthcare system, this study employs the 

YOLOv8 model as the core deep learning 

model for liver tumor detection. YOLOv8 was 

selected due to its balance of high detection 

accuracy, computational efficiency, and 

suitability for real-time clinical workflows. The 

model’s capacity to detect small, irregularly 

shaped tumors aligns directly with the gaps 

identified in prior research, where earlier CNN-

based and conventional YOLO models 

struggled with subtle lesions, noisy 

backgrounds, and complex liver textures 

(Jraba, 2025).  

The YOLOv8 detection process begins once 

the preprocessed liver CT slices are introduced 

into the network. Unlike multi-stage systems 

that separate region proposal, classification, 

and bounding box refinement, YOLOv8 

performs all detection tasks in a single forward 

pass. This unified architecture improves both 

computational speed and detection 

consistency, making it appropriate for real-time 

applications such as rapid screening in 

Nigerian hospitals where radiological 

workload is often high. The model first resizes 

each image to the standardized input dimension 

of 640 × 640 pixels to ensure uniform 

processing across the dataset. The resized 

image is then fed into the backbone, an 

enhanced CSPDarknet framework designed to 

extract deep semantic and spatial features. This 

component captures essential tumor 

characteristics such as edges, shape variations, 

tumour-to-liver contrast patterns, and subtle 

textural cues that may be overlooked by 
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traditional radiologists, especially in busy or 

low-resource clinical environments. The 

extracted features are then passed to the neck, 

which integrates a Feature Pyramid Network 

(FPN) and Path Aggregation Network (PAN). 

This fusion mechanism combines low-level 

fine-grained features with high-level semantic 

representations, enabling the system to detect 

tumors across multiple scales (Billah et al., 

2024), (Kadhim et al., 2023). Given that liver 

tumors may vary from very small early-stage 

lesions to large malignant masses, multi-scale 

representation is essential for reliable 

diagnosis. This architectural design directly 

addresses limitations identified in the reviewed 

studies, where many earlier models failed to 

detect small lesions, a problem particularly 

critical in early diagnosis efforts across Nigeria 

at large. 

After feature fusion, the detection head 

produces bounding box predictions using the 

YOLO format (x_center, y_center, w, h) 

alongside objectness scores and tumor class 

probabilities. These predictions quantify not 

only the location of suspicious regions but also 

the likelihood that a tumor is present. Non-

maximum suppression is then applied to 

remove redundant predictions, ensuring that 

only the most confident detections are 

preserved. 

The model was trained using 16,404 annotated 

2D slices from the MSD dataset, with bounding 

boxes derived from ground truth segmentation 

masks. The training process employed a batch 

size of 16, a learning rate of 0.001 with cosine 

decay scheduling, the Adam optimizer, and a 

total of 50 epochs.  

Throughout training, the model iteratively 

minimized the detection loss and progressively 

learned to distinguish tumor regions from 

background liver tissue. Once training reached 

convergence, YOLOv8 produced bounding 

box predictions with associated confidence 

scores for each CT slice, allowing for clear 

visualization of tumor locations. These outputs 

form the basis of the evaluation stage, where 

the system’s accuracy, sensitivity, and 

reliability are assessed using standard 

quantitative metrics. 

 Fig. 2 illustrates the YOLOv8 architecture 

used in this study, showing how input CT slices 

pass through the backbone for feature 

extraction, the neck for multi scale feature 

fusion, and the detection head for final tumor 

localization (Huang et al., 2024). This 

streamlined design enables accurate and 

efficient detection, supporting the strong 

performance reported in the Results section. 

 
Fig. 2: YOLOv8 Architecture 

2.6  Evaluation Metrics  

This study employs precision, recall, F1-score, 

and mean average precision (mAP) to evaluate 

the performance of the liver tumor detection 

model. Precision measures the proportion of 

correctly predicted tumors among all predicted 

tumor instances, reflecting the model’s ability 

to minimize false positives (Liang et al., 2023). 

Recall (sensitivity) quantifies the proportion of 

actual tumors correctly detected, indicating 

how effectively the model avoids missing 

tumors. The F1-score, as the harmonic mean of 

precision and recall, balances both false 

positives and false negatives, providing a 

single metric for overall reliability  (Yilma et 

al., 2024). Finally, mAP assesses the model’s 

detection performance across all classes and 

confidence thresholds by averaging the 
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precision values for each class, accounting for 

both localization and classification accuracy 

(Sani et al., 2024). 

3.0  Results and Discussion 

 This section presents the experimental 

performance results of the proposed YOLOv8-

based liver tumor detection system using the 

annotated MSD liver CT dataset.. The results 

are organized to reflect the model’s core 

detection accuracy, threshold behavior, 

qualitative detection capability, learning 

stability, and computational efficiency. These 

findings are directly compared to the 

limitations reported in prior studies, 

demonstrating the contributions of this work. 
 

3.1 Core Detection Performance  

3.1.1 Precision–Recall Curve and mAP 

Analysis 
 

 Fig. 3 presents the Precision–Recall (PR) 

curve illustrating the relationship between 

precision and recall across varying confidence 

thresholds. The model achieved a mean 

Average Precision at an Intersection over 

Union (IoU) threshold of 0.5 (mAP@0.5) equal 

to 0.884, indicating effective tumor 

localization even under class imbalance 

conditions. This performance directly 

addresses previously reported limitations in 

detecting small or irregular lesions in 

YOLOv8-based and CNN-based liver tumor 

systems, where sensitivity often deteriorated 

for subtle abnormalities (Mahendran et al., 

2025), (Jinlin et al., 2025). The stability of the 

PR curve across low- and high-recall regions 

further demonstrates enhanced multi-scale 

representation, surpassing challenges 

highlighted in earlier models that lacked 

robustness in detecting small lesions. 

 The smooth curvature further indicates stable 

classification confidence and reduced 

prediction variance across detection thresholds. 

 

 
Fig. 3: Precision-Recall Curve 

3.1.2 F1-Confidence Curve and Optimal 

Operating Threshold  
 

 Fig. 4 presents the F1–confidence curve used 

to determine the optimal operating confidence 

threshold for tumor detection at a confidence 

threshold of 0.506. The wide plateau of high F1 

values between thresholds 0.20 and 0.80 

demonstrates threshold-insensitive stability.  

Such stability is desirable for clinical 

deployment where frequent threshold tuning is 
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impractical. This directly improves upon 

earlier works, such as (Huang et al., 2024), 

which reported models highly sensitive to 

threshold variations and prone to performance 

degradation in real clinical settings.  The 

observed robustness supports reliable 

deployment without frequent recalibration 

across varying clinical datasets. 

3.1.3 Qualitative Performance of the Yolov8 

Model 

 Fig. 5 qualitatively demonstrates detection 

performance by comparing raw input CT 

slices with the corresponding YOLOv8 

detection outputs. The visual evidence 

strongly supports the high accuracy and 

reliability established by the quantitative 

metrics. Specifically, Case 1 shows the model 

successfully localizing a tumor with an 

exceptionally high confidence score of 0.93, 

while Case 2 (often representing a more 

challenging multi-focal lesion) also yields a 

robust prediction score of 0.97. These high 

confidence scores, which are well above the 

optimal threshold of 0.506, confirm the 

system's ability to not only detect the presence 

of tumors but to do so with high prediction 

confidence. Furthermore, the outputs show 

accurate bounding box placement and the 

correct suppression of false alarms, visually 

validating the high Precision (91.4%) and 

robust Recall (84.7%) achieved by the system. 

These visual outcomes confirm the model’s 

capability to localize tumors accurately under 

heterogeneous imaging conditions. 

 

 
Fig. 4: F1-Confidence Curve 

 

3.2  Supporting Performance Insights  

3.2.3 Training vs Validation Loss Curves 

Figure 6 displays training and validation loss 

curves that closely track each other, with only 

mild divergence in later epochs. This indicates 

controlled overfitting and good generalization. 

Earlier works such as (Mahendran et al., 2025) 

and (Prakash et al., 2023) reported more 

significant training–validation gaps due to 

model complexity or dataset limitations, which 

are mitigated here through balanced 

preprocessing and architectural selection 
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Fig. 5: Qualitative Performance of the Yolov8 Model 

 
Fig. 6: Combined Training-Validation Loss Curve 

3.3  Deployment Efficiency  

3.3.3 Computational Cost and Speed 

Analysis 

Fig. 7 summarizes the computational 

performance of the proposed model, achieving 

an inference speed of 8.50 ms per image, 35.20 

GFLOPs, and a parameter size of 11.4 million. 

This efficiency positions the model as 

significantly more lightweight and 

deployment-ready compared to 

computationally costly transformer-augmented 

detectors reported in (Mahendran et al., 2025). 

The results support the practical suitability of 

the model for real-time screening in resource-

constrained clinical environments. These 

results confirm the suitability of the model for 

deployment in real-time clinical decision-

support systems. 
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Fig. 7: Speed and Resource Utilization Summary 

3.4 Discussion  

 This section interprets the experimental 

findings in relation to the diagnostic challenges 

outlined in the Introduction, the stated research 

objectives, and limitations identified in 

previous studies.. The discussion demonstrates 

how the proposed approach advances liver 

tumor detection, particularly within healthcare 

environments with limited radiological 

expertise. 

3.5  Meeting Diagnostic Needs 
 

The YOLOv8 model effectively addresses 

major diagnostic constraints in clinical 

environments. The high precision (>96%) 

achieved at the optimal confidence threshold 

(Figure 4) reduces false alarms, a known 

limitation in CNN-based detection systems 

where normal liver textures were frequently 

misclassified (Prakash et al., 2023). This 

reduction in false positives is particularly 

valuable in resource-limited hospitals where 

unnecessary follow-up imaging increases 

clinical burden. 

Similarly, the strong recall performance (>0.80 

across thresholds) mitigates the risk of missed 

tumors, a critical issue in earlier YOLOv8 and 

hybrid models that struggled to detect small or 

irregular lesions (Mahendran et al., 2025), 

(Jinlin et al., 2025). The current system 

improves sensitivity without compromising 

precision, supporting early tumor 

identification—one of Nigeria’s most pressing 

diagnostic challenges. 

Furthermore, the model’s inference speed of 

8.50 ms per slice (Fig. 7) demonstrates 

readiness for real-time workflows, aligning 

with demands for rapid assessments in high-

volume healthcare settings. The lightweight 

structure also improves upon computationally 

demanding designs reported in transformer-

integrated approaches (Mahendran et al., 

2025), making deployment feasible even on 

low-power devices. Together, these findings 

demonstrate a balanced trade-off between 

sensitivity and precision, which is essential for 

clinical reliability. 
 

3.6  Alignment With Research Objectives  
 

The findings presented in Section IV clearly 

demonstrate that the research objectives were 

fully achieved. The synchronized decline of 

training and validation losses (Fig. 6) confirms 

the effectiveness of the preprocessing pipeline 

in addressing noise, non-uniform intensities, 

and structural variability, thereby ensuring 

consistent inputs and more stable training 

compared with earlier reports of poor 

generalization arising from inadequate 
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preprocessing (Jinlin et al., 2025). The 

YOLOv8 model also achieved strong detection 

performance, reflected in an F1 score of 0.88, 

precision of 0.96, and mAP@0.5 of 0.884, 

surpassing the sensitivity limitations reported 

in YOLOv8-based liver studies (Mahendran et 

al., 2025) and resolving threshold-instability 

issues highlighted in (Huang et al., 2024). 

Furthermore, the multi-metric evaluation 

presented in Figures 3–7 validates the model’s 

reliability through high sensitivity (addressing 

gaps in (Mahendran et al., 2025), (Jinlin et al., 

2025)), high precision (mitigating false-

positive concerns in  (Prakash et al., 2023)), 

improved threshold robustness (countering the 

instability noted in (Huang et al., 2024)), and 

strong visual interpretability (aligned with 

concerns raised in (Shen et al., 2025). Overall, 

the results confirm that all predefined research 

objectives were successfully achieved. 
 

3.7  Addressing Gaps Identified in Related 

Work  
 

The study effectively addresses several gaps 

identified in related literature. Improved multi-

scale feature representation and consistently 

stable recall curves enhance the system’s 

ability to detect small or irregular lesions, 

thereby overcoming sensitivity limitations 

previously noted in (Mahendran et al., 2025) 

and (Jinlin et al., 2025). The broad plateau 

observed in the F1–confidence curve mitigates 

the threshold instability reported in (Huang et 

al., 2024), thereby improving the system’s 

readiness for real world deployment. 

Computational efficiency is also strengthened, 

as the model’s lightweight design and low 

GFLOPs outperform heavier architectures, 

including the transformer enhanced YOLOv8 

model described in (Mahendran et al., 2025). 

In addition, the qualitative visualizations 

presented in Figure 7 provide clear and 

clinically interpretable tumor localization, 

directly addressing interpretability concerns 

raised in (Shen et al., 2025). Lastly, the stable 

training–validation behavior and smooth 

convergence trends demonstrate improved 

generalization capability, resolving the 

challenges highlighted in  (Prakash et al., 

2023). 
 

3.8  Clinical Implications                                                                                                                                                                                   
 

 

The integration of strong precision, high recall, 

fast inference, and visual interpretability 

positions the model as a practical decision-

support tool for real-world deployment. These 

capabilities address longstanding limitations 

reported in the literature review and support 

improved diagnostic accuracy in healthcare 

systems with limited radiological capacity. 
 

4.0  Conclusion  

This study successfully designed and validated 

an optimized YOLOv8 deep learning 

framework for liver tumor detection, 

specifically tailored to address the diagnostic 

resource constraints and radiologist shortages 

within the Nigerian healthcare system. By 

leveraging the Medical Segmentation 

Decathlon (MSD) dataset, the system 

demonstrated robust diagnostic performance 

with an F1-score of 0.88 and a Mean Average 

Precision (mAP@0.5) of 0.884. 

The model achieved a high Precision of 0.96, 

significantly reducing the risk of false alarms—

a critical factor in preventing unnecessary 

follow-up procedures in overburdened 

hospitals. Simultaneously, a Recall of 0.815 

ensures that the system maintains high 

sensitivity to effectively identify tumors, 

mitigating the risks associated with delayed 

diagnosis. Furthermore, with a lightweight 

architecture of 11.4 million parameters and an 

inference speed of 8.50 ms per image, the 

system proves computationally efficient and 

suitable for deployment on standard hardware 

found in regional medical centers. Ultimately, 

this research provides a scalable, reliable, and 

automated diagnostic tool that bridges the gap 

between diagnostic demand and radiological 
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expertise, contributing to improved liver cancer 

management in Nigeria. 

Future research should focus on improving 

sensitivity for very small or low-contrast 

lesions, expanding dataset diversity to reduce 

bias, and integrating explainable AI for greater 

clinical transparency. Additional model 

optimization and real-world clinical testing 

will also be essential to support deployment in 

routine medical workflows. 
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