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Abstract: Liver cancer remains a major global 

health challenge due to the difficulty of early 

and accurate diagnosis from medical images. 

This study presents a YOLO26-based deep 

learning framework for automated liver cancer 

detection using Computed Tomography (CT) 

scan images. The proposed framework 

performs simultaneous lesion localization and 

classification within an end-to-end object 

detection pipeline. Approximately 12,000 

annotated CT images were utilized for model 

training and evaluation following 

preprocessing and annotation preparation. 

Experimental results showed that the model 

achieved a Precision of 0.9600, Recall of 

0.9257, F1-score of 0.9425, and mAP@0.5 of 

0.9600, indicating strong detection and 

localization performance. Qualitative 

evaluation further demonstrated effective 

localization of suspicious liver lesions across 

different CT image samples. Compared with 

several existing approaches, the proposed 

framework showed improved localization 

consistency and enhanced small lesion 

detection capability. A Gradio-based 

deployment environment was also implemented 

to validate real-time inference on unseen CT 

images. The findings suggest that YOLO26 

provides a promising approach for automated 

liver cancer detection and computer-aided 

medical imaging applications. 
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1.0 Introduction 
 

Liver cancer is one of the leading causes of 

cancer-related morbidity and mortality 

worldwide, posing a significant public health 

challenge due to its increasing incidence and 
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poor prognosis when diagnosed at advanced 

stages (Wu et al., 2024). Among the various 

forms of liver cancer, hepatocellular carcinoma 

(HCC) accounts for approximately 75–85% of 

all primary liver cancer cases and remains the 

most prevalent malignant liver tumor globally 

(Amin et al., 2025). Despite substantial 

advances in cancer diagnosis and treatment, 

liver cancer continues to exhibit high mortality 

rates because early-stage tumors often develop 

without obvious clinical symptoms, resulting in 

delayed diagnosis and limited therapeutic 

options (Hu, 2026). Consequently, the 

development of accurate and reliable early 

detection systems has become a critical area of 

research aimed at improving patient survival 

and treatment outcomes. 

Medical imaging technologies play a 

fundamental role in the diagnosis, staging, and 

monitoring of liver cancer. Among these 

technologies, Computed Tomography (CT) 

imaging is widely utilized because it provides 

high-resolution visualization of liver tissues, 

vascular structures, and tumor morphology, 

enabling clinicians to assess lesion 

characteristics and disease progression 

effectively (Luu et al., 2024; Huang et al., 

2024). However, manual interpretation of CT 

images remains a challenging and time-

intensive task. Factors such as low contrast 

between healthy and malignant tissues, image 

noise, variations in tumor size and shape, 

overlapping anatomical structures, and inter-

observer variability can significantly affect 

diagnostic accuracy (Tatar et al., 2025; Shen et 

al., 2025). Small lesions, in particular, are often 

difficult to identify, increasing the likelihood of 

missed diagnoses and delayed treatment 

initiation. 

Recent advances in Artificial Intelligence (AI), 

machine learning, and deep learning have 

transformed medical image analysis by 

enabling automated detection, classification, 

and localization of pathological abnormalities 

with high accuracy (Sankuru et al., 2026; 

Osman, 2026). Deep learning models, 

particularly Convolutional Neural Networks 

(CNNs), have demonstrated remarkable 

success in extracting complex image features 

directly from medical images without the need 

for handcrafted feature engineering (Rahoma et 

al., 2024). These capabilities have facilitated 

the development of Computer-Aided Diagnosis 

(CAD) systems capable of supporting 

radiologists in disease detection and clinical 

decision-making. 

Within the domain of medical image analysis, 

object detection models have emerged as 

powerful tools for simultaneously identifying 

and localizing abnormalities in diagnostic 

images. The You Only Look Once (YOLO) 

family of object detectors has gained 

widespread attention due to its ability to 

perform real-time object detection through a 

single-stage detection mechanism, thereby 

combining speed and accuracy in a unified 

framework (Sun, 2025; Review & Previous, 

2025). Successive YOLO versions have 

introduced significant improvements in feature 

extraction, multi-scale detection, 

computational efficiency, and small-object 

recognition, making them increasingly suitable 

for medical imaging applications where precise 

lesion localization is required (Li, 2024; Sidi et 

al., 2026). Recent studies have demonstrated 

the effectiveness of YOLO-based architectures 

in detecting tumors and lesions across various 

imaging modalities, including CT, MRI, and 

ultrasound images (Huang, 2024; Karabağ  et 

al., 2026). 

The evolution of automated liver cancer 

detection has progressed from conventional 

image processing techniques to sophisticated 

deep learning and object detection frameworks. 

Early studies relied heavily on image 

enhancement, thresholding, segmentation, and 

handcrafted feature extraction methods to 

identify liver tumors from CT images. For 

example, Moghimhanjani & 

Taghavirashidizadeh (2022.) employed Otsu 
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thresholding, marker-controlled watershed 

segmentation, and Self-Organizing Maps 

(SOM) for tumor identification and boundary 

extraction. While these approaches 

demonstrated the feasibility of automated liver 

lesion analysis, their performance was highly 

sensitive to image noise, low contrast, and 

anatomical variability, limiting their practical 

clinical applicability. 

The emergence of deep learning significantly 

improved the accuracy and robustness of liver 

cancer diagnosis systems. Rahoma et al. (2024) 

developed an automated liver cancer detection 

framework using U-Net and ResNet 

architectures with transfer learning, reporting a 

classification accuracy of 96% and a Dice 

similarity coefficient of 0.926. Similarly, 

Badrawy et al. (2024) highlighted the 

effectiveness of artificial intelligence 

techniques in improving liver cancer diagnosis 

through enhanced feature learning and pattern 

recognition. Despite these improvements, 

challenges associated with low-contrast lesions 

and heterogeneous imaging conditions 

remained unresolved. 

Recent studies have explored hybrid and 

ensemble learning approaches to further 

improve diagnostic performance. Vamsy et al. 

(2026) proposed CT-LiverNet, an efficient 

deep learning model for liver lesion 

segmentation and diagnosis, demonstrating 

promising performance in lesion identification 

and classification. Likewise, Alqaralleh et al. 

(2026) introduced an intelligent healthcare 

framework that combined aggregated learning 

models with Explainable Artificial Intelligence 

(XAI) techniques to improve both diagnostic 

accuracy and interpretability, achieving an 

accuracy of 98.18%. Although these 

approaches improved classification 

performance, many focused primarily on lesion 

classification rather than precise lesion 

localization. 

Advancements in medical object detection 

have increasingly emphasized accurate tumor 

localization and small lesion detection. Li 

(2024) proposed a modified YOLOv8 

architecture for liver tumor detection in 

abdominal CT scans, reporting improved 

localization accuracy compared with 

conventional CNN-based methods. Similarly, 

Li (2025) developed PCA-YOLO, which 

incorporated a Patch-Contrastive Attention 

mechanism to enhance the detection of small 

liver tumors. The model demonstrated superior 

performance in identifying tumors as small as 

0.4 cm; however, challenges related to lesion 

merging, splitting errors, and spatial 

differentiation persisted. 

Other studies have explored YOLO-based 

approaches in different medical imaging 

domains. Huang (2024) successfully applied 

YOLO for liver ultrasound lesion detection, 

while Zhou et al. (2025) proposed a deep 

learning detect-then-track framework for 

assessing treatment outcomes in 

immunotherapy-treated liver cancer patients. 

Furthermore, Sidi et al. (2026) demonstrated 

the effectiveness of YOLOv8 for liver tumor 

detection, highlighting the potential of modern 

object detection architectures in clinical 

imaging applications. These studies 

collectively indicate that YOLO-based 

frameworks have become increasingly 

important for medical image analysis due to 

their balance between detection speed and 

accuracy. 

Despite the significant progress achieved in 

automated liver cancer diagnosis, several 

challenges remain unresolved. First, many 

existing studies focus predominantly on 

segmentation or classification tasks without 

simultaneously addressing accurate lesion 

localization and detection. Second, the 

detection of small tumors remains difficult due 

to low image contrast, irregular lesion 

boundaries, and substantial variations in tumor 

appearance across CT datasets (Li, 2025; Tatar 

et al., 2025). Third, several state-of-the-art 

models employ complex multi-stage 
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architectures that increase computational 

requirements and limit real-time deployment 

capabilities in clinical environments. 

Furthermore, many existing frameworks have 

demonstrated reduced generalization 

performance when applied to heterogeneous 

CT datasets acquired under varying imaging 

conditions (Alqaralleh et al., 2026; Huang et 

al., 2024). 

Although YOLO-based models such as 

YOLOv8 have shown promising performance 

in liver tumor detection, limited studies have 

investigated the application of the recently 

developed YOLO26 architecture for automated 

liver cancer detection in CT imaging. YOLO26 

introduces architectural enhancements 

designed to improve feature representation, 

detection accuracy, computational efficiency, 

and small-object recognition capabilities 

(Sapkota et al., 2026; Sani et al., 2026). 

However, its effectiveness in liver cancer 

detection remains largely unexplored within 

the existing literature. This gap necessitates a 

comprehensive evaluation of YOLO26 for 

accurate and efficient liver lesion detection in 

CT images. 

The primary aim of this study is to evaluate the 

effectiveness of the YOLO26 object detection 

architecture for automated liver cancer 

detection using CT scan images. 

To achieve this aim, the study seeks to: 

1. Develop a YOLO26-based liver cancer 

detection model using annotated CT 

scan datasets.  

2. Train and evaluate the model for 

accurate liver lesion localization and 

detection.  

3. Assess model performance using 

Precision, Recall, F1-Score, and Mean 

Average Precision (mAP) metrics.  

4. Implement a Gradio-based deployment 

interface for real-time inference and 

visualization of detection results.  

5. Compare the detection capability of 

YOLO26 with findings reported in 

existing liver cancer detection studies.  

This study contributes to the growing field of 

artificial intelligence-assisted medical 

diagnosis by investigating the applicability of 

the recently developed YOLO26 architecture 

for liver cancer detection. The findings are 

expected to provide insights into the suitability 

of advanced object detection models for 

clinical imaging applications, particularly in 

detecting and localizing liver tumors from CT 

scans. By improving detection accuracy and 

reducing dependence on manual image 

interpretation, the proposed framework can 

support radiologists in early diagnosis and 

treatment planning. Furthermore, the 

integration of a Gradio-based deployment 

environment demonstrates the practical 

feasibility of translating deep learning research 

into user-friendly clinical decision-support 

tools. 

The study also contributes to the existing body 

of knowledge on medical object detection by 

providing empirical evidence on the 

performance of YOLO26 in a healthcare 

context. Given the increasing demand for 

accurate, efficient, and deployable AI solutions 

in medical imaging, the outcomes of this 

research may facilitate the development of 

next-generation computer-aided diagnostic 

systems for liver cancer and related oncological 

applications. 

Table 1 provides a comparative summary of 

major liver cancer detection studies and 

highlights the research gaps that motivate the 

present study. 
 

2.0 Methodology 

2.1 Research Design 

This study adopted a deep learning-based 

computer vision research design for the 

automated detection and localization of liver 

cancer lesions from Computed Tomography 

(CT) scan images. The study was designed to 

evaluate the performance of the YOLO26 
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object detection architecture in identifying 

malignant liver lesions and providing accurate 

spatial localization within medical images. 

Recent advancements in the YOLO family of 

object detection models have demonstrated 

significant improvements in detection 

accuracy, computational efficiency, and real-

time inference capabilities, making them 

suitable for medical imaging applications 

requiring rapid and accurate diagnosis (Review 

& Previous, 2025; Sapkota et al., 2026). 

 

Table 1: Summary of Related Works 
 

Source Methodology / 

Architecture 

Key Findings Identified Research 

Gaps 

Li (2025) PCA-YOLO 

framework 

integrating Patch-

Contrastive Attention 

(PCA) with a 

YOLOv8x detection 

head 

Achieved 77.2% 

mAP@50% and 

improved detection 

of tumors as small 

as 0.4 cm 

Experienced lesion 

merging and splitting 

errors, limiting 

detection reliability for 

clinically challenging 

small tumors 

Vamsy et al. (2026) Hybrid ensemble 

framework 

combining YOLO 

feature extraction 

with RFE, Random 

Forest, and XGBoost 

Achieved 97.18% 

precision through 

enhanced 

hierarchical feature 

extraction 

Primarily focused on 

binary classification 

and feature extraction 

with limited robustness 

across varying 

pathological tissue 

conditions 

Moghimhanjani and 

Taghavirashidizadeh 

(n.d.) 

Conventional image 

processing using 

Otsu's thresholding, 

Watershed 

Segmentation, 

wavelet transforms, 

and SOM 

Demonstrated 

automated tumor 

segmentation 

feasibility using 

multi-resolution 

image analysis 

Performance 

significantly affected 

by image noise, low 

contrast, and structural 

variability 

Rahoma et al. (2024) Transfer learning with 

U-Net and ResNet 

ResNet achieved 

96% accuracy and 

Dice score of 0.926 

Difficulty 

distinguishing 

malignant tissues from 

healthy liver regions 

Badrawy et al. (2024) Decision fusion 

framework 

integrating VGG19, 

ResNet50, and 

LTHR-Net 

Achieved 99.9% 

classification 

accuracy 

Limited generalization 

across clinical 

environments 

Alqaralleh et al. 

(2026) 

HCDAL-XAI 

framework 

combining SAE, 

GRU, DBN, and 

SHAP 

Achieved 98.18% 

accuracy with 

explainability 

Limited multimodal 

integration and 

insufficient validation 
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The research framework consisted of six major 

phases: dataset acquisition, image 

preprocessing, annotation preparation, model 

training, model evaluation, and deployment. 

The entire workflow was implemented using 

Python-based deep learning libraries, including 

PyTorch and Ultralytics, with GPU-accelerated 

computation to enhance training efficiency, 

reduce computational time, and improve 

experimental reproducibility (Sani et al., 2026; 

Sapkota et al., 2026). 

The proposed framework employed an end-to-

end object detection strategy in which liver CT 

images were directly supplied to the YOLO26 

architecture for simultaneous lesion 

localization and classification. Unlike 

traditional computer-aided diagnosis systems 

that separately perform feature extraction, 

segmentation, and classification, YOLO26 

integrates these processes into a unified 

detection framework, thereby reducing 

computational complexity and improving 

inference speed (Review & Previous, 2025). 

The effectiveness of the developed model was 

evaluated using Precision, Recall, F1-Score, 

and Mean Average Precision (mAP), which are 

widely adopted performance metrics for object 

detection systems (Sidi et al., 2026). 

Furthermore, a Gradio-based deployment 

interface was developed to validate the 

practical applicability of the trained model on 

previously unseen CT images. 
 

2.2 System Architecture 
 

The proposed liver cancer detection framework 

was implemented as an integrated deep 

learning pipeline comprising data acquisition, 

preprocessing, feature extraction, lesion 

localization, classification, and deployment 

stages. The overall architecture commenced 

with the acquisition of annotated liver CT 

images, followed by image preprocessing 

operations such as normalization, resizing, and 

annotation formatting to ensure compatibility 

with the YOLO26 detection framework. 

Following preprocessing, the standardized CT 

images were supplied to the YOLO26 model 

for feature extraction and lesion detection. The 

backbone network extracted hierarchical 

features representing tissue texture, lesion 

boundaries, structural abnormalities, and 

spatial characteristics associated with 

malignant liver tissues. These extracted 

features were subsequently forwarded to the 

neck network, where feature fusion and 

aggregation were performed across multiple 

scales. Multi-scale feature aggregation has 

been shown to improve the detection of small 

and irregular tumors that frequently occur in 

liver cancer imaging datasets (Huang et al., 

2024; Li, 2025). 

The detection head simultaneously generated 

lesion classification outputs, confidence scores, 

and bounding box coordinates within a single 

forward pass. This architecture enabled the 

model to perform localization and 

classification concurrently, thereby improving 

detection efficiency and reducing inference 

latency. The final predictions were visualized 

through a Gradio-based deployment interface 

that allowed users to upload CT images and 

obtain automated liver cancer detection results, 

including lesion locations and associated 

confidence scores. The modular design of the 

framework further enabled independent 

optimization of preprocessing, training, and 

deployment stages while maintaining overall 

system integration. 

The liver CT images utilized in this study were 

obtained from publicly available medical 

imaging repositories developed for liver lesion 

analysis, liver tumor segmentation, and 

hepatocellular carcinoma detection research. 

Publicly available datasets have become 

important resources for developing and 

evaluating artificial intelligence-based 

diagnostic systems due to their diversity and 

standardized annotations (Luu et al., 2024; 

Huang et al., 2024). 
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Fig. 1: Research Architecture  

 

2.3 Data Collection and Sampling 
 
 

The dataset consisted of approximately 12,000 

annotated CT images representing multiple 

liver cancer conditions and varying lesion 

characteristics, including differences in size, 

shape, texture, contrast, and anatomical 

location. The utilization of a relatively large 

and heterogeneous dataset was intended to 

improve model generalization, reduce 

overfitting, and enhance robustness across 

different imaging conditions. Each image was 

accompanied by lesion annotations indicating 

the spatial location of cancerous regions, 

thereby facilitating supervised learning and 

object detection training. 
 

2.4 Image Preprocessing 
 

Prior to model training, several preprocessing 

operations were performed to improve image 

consistency, enhance training stability, and 

ensure compatibility with the YOLO26 

architecture. Image preprocessing is a critical 

step in deep learning-based medical image 

analysis because it reduces variability arising 

from different imaging equipment, acquisition 

protocols, and patient-specific characteristics 

(Rahoma et al., 2024; Tatar et al., 2025). 

2.4.1 Annotation and Bounding Box 

Generation 

Expert-provided lesion annotations were 

converted into YOLO-compatible bounding 

box formats using normalized coordinate 

values. These annotations enabled the model to 

learn the spatial characteristics and locations of 

malignant liver lesions during supervised 

training. Bounding box annotation remains one 

of the most effective methods for training 

object detection models in medical imaging 

applications (Li, 2025; Alqaralleh et al., 2026). 
 

2.4.2 Image Resizing 
 

All CT images and their corresponding 

annotation coordinates were resized to an input 

resolution of 1024 × 1024 pixels. The selected 

resolution was intended to preserve fine-

grained anatomical details and improve the 

detection of small lesions that could otherwise 

be lost at lower image resolutions. Previous 

studies have demonstrated that higher-

resolution inputs significantly enhance small-

object detection performance in medical 

imaging tasks (Huang, 2024; Li, 2025). 
 

2.4.3 Dataset Splitting 
 

Following preprocessing, the dataset was 

divided into training, validation, and testing 

subsets using a ratio of 70%, 15%, and 15%, 

respectively. This partitioning strategy ensured 

that model training, hyperparameter tuning, 

and performance evaluation were conducted on 

independent datasets, thereby minimizing data 

leakage and improving experimental reliability. 

Similar dataset partitioning strategies have 

been widely adopted in medical image analysis 

studies (Sidi et al., 2026; Rahoma et al., 2024). 
 

2.5 YOLO26 Model Description and Training 
 

This study employed the YOLO26 object 

detection architecture as the primary deep 

learning framework for automated liver cancer 

detection. YOLO26 belongs to the latest 

generation of the YOLO family of object 

detectors and was developed to improve object 

localization accuracy, computational 
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efficiency, and small-object detection 

performance (Sapkota et al., 2026). Similar to 

earlier YOLO variants, YOLO26 performs 

object localization and classification 

simultaneously within a single inference 

process, enabling end-to-end object detection 

without requiring separate region proposal 

stages (Review & Previous, 2025). 

A major architectural advancement of 

YOLO26 is its Non-Maximum Suppression 

(NMS)-free detection mechanism. Traditional 

object detectors commonly utilize NMS as a 

post-processing operation to remove duplicate 

predictions; however, YOLO26 incorporates 

direct prediction optimization within the 

network architecture, thereby reducing 

prediction redundancy and improving 

localization consistency (Sapkota et al., 2026). 

This enhancement is particularly beneficial in 

medical imaging environments where precise 

lesion localization is critical for clinical 

decision-making. 

The detection process begins by supplying 

preprocessed liver CT images to the backbone 

network responsible for extracting hierarchical 

image features. These features include tissue 

textures, lesion boundaries, abnormal 

anatomical structures, and spatial patterns 

associated with malignant liver regions. The 

extracted features are subsequently forwarded 

to the neck architecture, where multi-scale 

feature fusion is performed to combine low-

level spatial information with high-level 

semantic representations. Multi-scale feature 

learning improves the model's ability to detect 

both large tumors and subtle lesions exhibiting 

low contrast characteristics (Karabağ et al., 

2026; Huang et al., 2024). 

The detection head simultaneously predicts 

lesion classes, confidence scores, and bounding 

box coordinates. This integrated architecture 

enables efficient lesion localization and 

classification while maintaining real-time 

inference capability. The model was trained for 

100 epochs using GPU acceleration with a 

batch size of 16 and adaptive learning rate 

scheduling to improve convergence stability. 

During training, localization loss, classification 

loss, and confidence loss were iteratively 

minimized to optimize detection performance. 

Following model training, the best-performing 

weight file obtained during validation was 

integrated into a Gradio-based deployment 

environment for real-time inference. The 

deployment interface allows clinicians and 

researchers to upload unseen liver CT images 

and receive automated detection outputs, 

including lesion localization and confidence 

predictions. 

 
Fig. 2: YOLO26 Architecture  

2.6 Evaluation Metrics 

The performance of the proposed YOLO26 

liver cancer detection framework was 

evaluated using Precision, Recall, F1-Score, 

and Mean Average Precision (mAP). These 

metrics were selected because they provide 

comprehensive assessment of both 

classification accuracy and object localization 

performance in detection systems (Sidi et al., 

2026; Li, 2024). 
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Precision measures the proportion of correctly 

identified liver cancer lesions among all 

predicted lesion detections and evaluates the 

model's ability to minimize false-positive 

predictions. This was achieved using equation 

1 

𝑃𝑟𝑒𝑐𝑖𝑠𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
    (1) 

where TP represents True Positives and FP 

represents False Positives. 

Recall (equation 2) measures the proportion of 

actual liver cancer lesions correctly detected by 

the model and reflects the sensitivity of the 

detection framework. 

𝑅𝑒𝑐𝑎𝑙𝑙 = =
𝑇𝑃

𝑇𝑃+𝐹𝑁
    (2) 

where FN represents False Negatives. 

The F1-Score provides a balanced assessment 

of Precision and Recall and is calculated 

according to equation 3 

𝐹! = 2 ×
𝑅𝑒𝑐𝑎𝑙𝑙×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎;; +𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
  (3) 

 Precision (mAP) evaluates overall object 

detection performance by measuring the 

quality of predicted bounding boxes across 

different confidence thresholds and 

Intersection over Union (IoU) values. It 

remains one of the most widely accepted 

performance indicators for object detection 

models and provides a comprehensive measure 

of localization and classification effectiveness 

(Review & Previous, 2025; Sapkota et al., 

2026). 
 

3.0 Results and Discussion 

3.1 Resukts 

3.1.1 Quantitative Performance Evaluation 
 

The quantitative performance metrics obtained 

from the trained YOLO26 model are presented 

in Fig. 3. The model achieved a Precision of 

0.9600, Recall of 0.9257, F1-Score of 0.9425, 

and Mean Average Precision (mAP@0.5) of 

0.9600. These results indicate that the proposed 

model demonstrated excellent capability in 

identifying and localizing malignant liver 

lesions within CT images. 

The high precision value indicates that the 

model generated very few false-positive 

predictions, thereby improving the reliability of 

liver lesion identification. Similarly, the high 

recall value demonstrates the model's 

effectiveness in detecting actual cancerous 

lesions, reducing the likelihood of missed 

detections. The F1-score further confirms a 

balanced trade-off between precision and 

recall, while the mAP@0.5 value reflects 

strong overall object detection and localization 

performance. The obtained results compare 

favorably with previously reported YOLO-

based liver tumor detection models and other 

deep learning approaches in medical imaging 

(Li, 2024; Sidi et al., 2026; Li, 2025). The 

quantitative performance of the proposed 

YOLO26 model is summarized in Fig. 3. The 

model achieved a Precision of 0.9600, Recall 

of 0.9257, F1-score of 0.9425, and mAP@0.5 

of 0.9600, indicating strong detection and 

localization performance. 

To further assess the detection capability of the 

proposed framework, the Precision–Recall 

(PR) curve is presented in Fig. 4. The curve 

demonstrates that the model maintained high 

precision across a wide range of recall values, 

indicating stable and reliable detection 

performance under varying confidence 

thresholds. 

A Precision–Recall curve that remains close to 

the upper-right corner of the graph is generally 

indicative of a highly effective object detection 

system. The observed curve suggests that the 

YOLO26 model was capable of maintaining 

detection accuracy while simultaneously 

identifying a large proportion of true liver 

cancer lesions. This behavior is particularly 

important in medical diagnosis, where both 

false positives and false negatives can 

significantly affect clinical decision-making. 
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Fig. 3: Overall System Performance 

 
Fig. 4: Precision–Recall Curve of the 

 

3.1.2 Proposed YOLO26 Framework 
 

The relationship between the F1-score and 

confidence threshold is illustrated in Fig. 5. The 

curve shows that the model achieved its 

optimal F1-score at higher confidence levels, 

demonstrating a balanced relationship between 

precision and recall. The observed trend 

indicates that the model effectively minimized 

false-positive and false-negative predictions as 

the confidence threshold increased. This result 

further confirms the robustness of the proposed 

detection framework and its suitability for 

clinical liver cancer screening applications 

where diagnostic reliability is essential. 

 

3.1.3 Training Dynamics and Convergence 

Analysis 
 

The training performance of the YOLO26 

model across 100 epochs is presented in Fig. 6. 

The figure illustrates the progression of the 

model's evaluation metrics throughout the 

training process. 

The results reveal a gradual improvement in 

detection performance during the early training 

stages, followed by stabilization in the later 

epochs. This behavior indicates that the model 

successfully learned discriminative features 

associated with liver cancer lesions and 
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converged toward an optimal solution. The 

stable performance observed after convergence 

further suggests that the selected training 

parameters and optimization strategy were 

appropriate for the detection task. 

 
Fig. 5: F1-Score versus Confidence  Threshold Curve 

 
Fig. 6: Global Performance Evolution During Model Training 

 

The training and validation loss curves are 

shown in Fig 7. Both curves exhibit a steady 

decline throughout the training process and 

remain closely aligned as training progresses. 

The similarity between the training and 

validation loss curves suggests that the model 

did not suffer from significant overfitting. 

Instead, the model maintained good 

generalization capability across unseen 

validation data. The consistent reduction in loss 

values indicates effective feature learning and 

stable optimization during the training process. 

These findings are consistent with previous 

studies that reported improved convergence 

characteristics and learning stability  
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Fig. 7: Training and Validation Losses 

 

The optimization schedule employed during 

training is presented in Fig. 8. The figure 

illustrates the gradual reduction of the learning 

rate throughout the training process. The 

decreasing learning rate enabled the model to 

make larger parameter updates during the 

initial training stages while allowing finer 

adjustments during later epochs. This adaptive 

optimization strategy contributed to stable 

convergence and improved detection 

performance. The observed relationship 

between learning rate reduction and 

performance improvement demonstrates the 

effectiveness of the selected optimization 

approach in enhancing model learning 

efficiency. 

 
Fig. 8: Optimization Schedule 
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3.1.4 Qualitative Detection Result 
 

The qualitative detection results produced by 

the trained YOLO26 model are presented in 

Fig. 9. The model successfully identified and 

localized liver cancer lesions across different 

CT scan samples, generating confidence scores 

ranging from approximately 0.96 to 0.97. 

Visual inspection of the detection outputs 

revealed that the predicted bounding boxes 

closely corresponded to the annotated lesion 

regions, indicating accurate localization 

performance. The model was able to identify 

lesions of varying sizes and morphological 

characteristics, demonstrating its capability to 

learn meaningful representations of liver 

cancer patterns from CT images. The high 

confidence scores associated with the detected 

lesions further indicate that the model 

generated reliable predictions and maintained 

consistency across different test samples. 

 
Fig. 9: Qualitative Effectiveness 

 

These findings support the quantitative results 

obtained from the evaluation metrics and 

confirm the effectiveness of the proposed 

YOLO26 framework for automated liver 

cancer detection. 
 

3.4 Deployment and Real-Time Inference 

Validation 
 

To evaluate the practical applicability of the 

proposed framework, the trained YOLO26 

model was integrated into a Gradio-based 

deployment environment. The deployment 

interface and sample inference results are 

presented in Fig. 10. The deployment system 

successfully processed previously unseen CT 

images and generated real-time detection 

outputs with corresponding lesion localization 

and confidence scores. The ability to perform 

rapid inference while maintaining high 

detection accuracy demonstrates the feasibility 

of deploying the proposed framework as a 

computer-aided diagnostic tool for liver cancer 

screening and clinical decision support. 

The Gradio interface provided a user-friendly 

environment that allowed users to upload CT 

images and visualize detection results without 

requiring specialized programming expertise. 

This practical deployment capability enhances 

the potential translational value of the research 

and supports the integration of artificial 

intelligence-based diagnostic systems into 

healthcare workflows. 
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Fig. 10: Gradio Deployment 

3.2 Discussion of Results 
 

The results obtained from this study 

demonstrate that the proposed YOLO26-based 

framework is highly effective for automated 

liver cancer detection and localization using 

Computed Tomography (CT) images. The 

model achieved a Precision of 0.9600, Recall 

of 0.9257, F1-Score of 0.9425, and Mean 

Average Precision (mAP@0.5) of 0.9600, 

indicating excellent performance in identifying 

and localizing malignant liver lesions. These 

findings suggest that the model was capable of 

accurately distinguishing cancerous tissues 

from surrounding liver structures while 

maintaining a low rate of false-positive and 

false-negative detections. The high mAP value 

further confirms the robustness of the proposed 

framework in accurately predicting lesion 

boundaries and spatial locations within 

complex CT images. 

The findings directly address one of the major 

challenges identified in the literature, namely 

the difficulty of detecting liver tumors in 

heterogeneous and low-contrast CT images. 

Previous studies reported that image noise, 

poor tissue differentiation, structural 

variability, and low contrast between healthy 

and cancerous tissues often reduce diagnostic 

accuracy and hinder reliable lesion detection 

(Moghimhanjani & Taghavirashidizadeh, n.d.; 

Rahoma et al., 2024; Tatar et al., 2025). In the 

present study, the consistently high 

performance metrics and stable detection 

outputs indicate that the YOLO26 architecture 

was able to effectively learn discriminative 

features associated with malignant liver lesions 

despite these imaging challenges. Furthermore, 

the close alignment between training and 

validation loss curves suggests that the model 

achieved good generalization capability with 

minimal overfitting, thereby enhancing its 

reliability for unseen data. 

One of the primary objectives of this study was 

to evaluate the capability of YOLO26 to 

improve lesion localization while maintaining 

high detection accuracy. The results indicate 

that this objective was successfully achieved. 

Unlike conventional computer-aided 

diagnostic approaches that often perform 

segmentation, feature extraction, and 

classification as separate processes, the 

proposed framework utilized a single-stage 

end-to-end object detection strategy that 

simultaneously performed lesion localization 

and classification. This integrated approach 

reduced computational complexity while 

maintaining high detection performance. 

Similar studies have demonstrated the 

effectiveness of YOLO-based architectures in 

medical image analysis; however, many 

existing systems relied on complex multi-stage 

or ensemble learning frameworks that 
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increased computational requirements and 

reduced deployment flexibility (Vamsy et al., 

2026; Badrawy et al., 2024). By contrast, the 

YOLO26 architecture provided a streamlined 

detection pipeline capable of delivering 

accurate predictions without requiring multiple 

interconnected models. 

Another important challenge identified in 

previous studies relates to the detection of 

small liver tumors and the maintenance of 

localization consistency. Small lesions often 

exhibit subtle visual characteristics and are 

easily overlooked in CT images, particularly 

under low-contrast imaging conditions (Li, 

2025; Huang, 2024). The qualitative detection 

results obtained in this study demonstrated that 

the proposed model successfully localized 

suspicious liver lesions with confidence scores 

ranging between 0.96 and 0.97 across different 

CT samples. This performance can be 

attributed to the use of high-resolution input 

images and the multi-scale feature aggregation 

mechanism incorporated within the YOLO26 

architecture. Multi-scale feature learning 

enabled the model to capture both fine-grained 

local details and broader contextual 

information, thereby improving its ability to 

detect lesions of varying sizes. These findings 

are consistent with previous studies that 

reported improved detection performance 

when multi-scale feature extraction techniques 

were employed for medical object detection 

tasks (Li, 2025). 

The study also addressed limitations related to 

robustness and model generalization that have 

been highlighted in recent liver cancer 

detection research. Previous investigations 

reported that several deep learning models 

experienced performance degradation when 

applied to datasets containing diverse 

pathological characteristics and imaging 

conditions (Alqaralleh et al., 2026; Huang et 

al., 2024). In the present study, the strong 

quantitative performance metrics, stable 

convergence behavior, and successful detection 

of lesions across different CT samples suggest 

that the YOLO26 model was capable of 

learning generalized feature representations. 

The enhanced feature extraction capabilities 

and architectural improvements introduced in 

YOLO26 likely contributed to its ability to 

maintain consistent detection performance 

across heterogeneous imaging conditions 

(Sapkota et al., 2026). 

An additional contribution of this study is the 

successful implementation of a Gradio-based 

deployment environment for real-time 

inference. The deployment framework 

demonstrated the ability to process previously 

unseen CT images and generate rapid detection 

outputs with corresponding lesion localization 

and confidence scores. This capability 

highlights the practical applicability of the 

proposed system beyond experimental 

evaluation. Real-time deployment is 

particularly important in clinical environments 

where rapid decision-making and diagnostic 

support are essential. The integration of an 

interactive deployment interface further 

improves accessibility and demonstrates the 

potential of the framework for future clinical 

decision-support applications (Sani et al., 

2026). 

Overall, the findings of this study indicate that 

the proposed YOLO26-based liver cancer 

detection framework effectively addressed 

several limitations identified in previous 

research, including localization inconsistency, 

poor small-lesion detection, high 

computational complexity, and limited 

deployment flexibility. The combination of 

high detection accuracy, strong localization 

performance, stable learning behavior, and 

successful real-time deployment confirms the 

suitability of YOLO26 as a robust computer-

aided diagnostic framework for liver cancer 

detection using CT images. These results 

contribute to the growing body of knowledge 

on artificial intelligence-assisted medical 

imaging and provide evidence supporting the 
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adoption of advanced object detection 

architectures for improved cancer diagnosis 

and clinical decision-making. 
 

5.0 Conclusion 

 

This study presented a YOLO26-based deep 

learning framework for automated liver cancer 

detection and localization using CT scan 

images. The proposed system was designed to 

address challenges associated with low-

contrast liver tissues, inconsistent lesion 

localization, and poor small tumor detection 

commonly reported in existing liver cancer 

detection approaches. Using approximately 

12,000 annotated CT images, the model was 

trained and evaluated within an end-to-end 

object detection framework capable of 

simultaneous lesion localization and 

classification. Experimental evaluation 

demonstrated strong detection performance, 

with the model achieving a Precision of 0.9600, 

Recall of 0.9257, F1-score of 0.9425, and 

mAP@0.5 of 0.9600. The results further 

showed stable convergence during training, 

minimal overfitting, and effective detection 

consistency across different CT image samples. 

In addition, the qualitative detection outputs 

confirmed the model’s ability to accurately 

localize suspicious liver lesions with high 

confidence values, including smaller lesions 

that are often difficult to detect in medical 

imaging environments. 

Compared with several existing studies 

reviewed in this research, the proposed 

framework provided improved localization 

consistency and reduced architectural 

complexity through its single-stage YOLO26 

detection mechanism. The integration of a 

Gradio-based deployment environment also 

demonstrated the practical real-time inference 

capability of the system on unseen CT images. 

Overall, the findings confirm that YOLO26 is 

a reliable and efficient computer-aided 

approach for automated liver cancer detection 

and has strong potential for future medical 

imaging and clinical diagnostic support 

applications. 
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