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Abstract.  
Purpose: Since glioma is the most aggressive and infiltrative type of brain tumor, its detection in magnetic resonance imaging (MRI) 

is especially difficult. Despite the excellent overall accuracy for brain tumor detection with YOLOv8-based object detection, the 

glioma-specific performance is limited owing to ambiguity of tumor boundaries. This work seeks to elucidate if boundary-aware 

learning can enhance glioma detection beyond typical bounding box–based approaches. 

Methods: This study focuses exclusively on glioma detection using the Cheng brain tumor MRI dataset. YOLOv8 is used as the 

baseline detector, and boundary-aware learning is implemented through segmentation supervision using YOLOv8-Seg by leveraging 

pixel-level tumor masks. All the experiments are done in a standardized training environment to allow fair and unbiased comparison.  

Result: Experimental evaluation shows that YOLOv8-Seg achieved a detection precision of 0.899, recall of 0.905, and mAP@50 of 

0.940, while segmentation results achieved a mask precision of 0.900, recall of 0.904, and mAP@50 of 0.943. For glioma-specific 

analysis, the model achieved a box mAP@50 of 0.875 and a mask mAP@50 of 0.877. These results indicate that segmentation 

supervision improves spatial boundary representation even though improvements in conventional detection metrics remain marginal.  

Novelty: Unlike the other works that are based on augmentation of the data and performance of better detection, this work has devised 

a glioma-centric design, and shows bounding box-based detection is insufficient. This work highlights the need for considering 

boundary aware learning applying the supervision of segmentation in the automated glioma detection system, which can improve the 

reliability and interpretability of the system. 
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INTRODUCTION 
Glioma is the most aggressive and infiltrative tumor of the central nervous system. Glioma has the 

characteristic of heterogeneous internal structures and diffuse tumor margins that render accurate 

delineation challenging in magnetic resonance imaging (MRI) [1], [2]. The infiltrative growth pattern of 

glioma frequently causes low contrast between tumor and healthy tissue, and it poses great difficulty for 

manually applied analysis as well as automation of these analyses [3]. Accurate localization of tumor and 

tumor localization issues, important for diagnosis, therapeutics and disease detection, are so vital in 

diagnosing and treating and monitored glioma that computer-aided detection systems for glioma remain a 

matter of continued study [4]. 

 

Recent breakthroughs in deep learning have significantly advanced automated analysis of brain tumors, in 

particular by advanced convolutional neural network and transformer-based architectures [5], [6] and 

significantly helped in the automation of automated brain tumor processing. Within these lines of research, 

object detection models are gradually gaining attention for it capability of locating tumor areas in a efficient 

manner without the need for dense pixel-level annotations [7]. The YOLO-based detectors, such as 

YOLOv8 architecture, are commonly used in medical imaging because they provide good compromise 

between detection accuracy and computational efficiency [8]. YOLO-based models have been well 

performed as multi-class brain tumor detection in MRI for both large-scale and near real-time clinically, 

reported in several recent studies, [9], [10]. 

 

Despite these advances, most existing YOLO-based brain tumor detection studies emphasize aggregate 

performance across different tumor types, such as meningioma, glioma, and pituitary tumors [10], [11]. In 
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such multi-class settings, improvements in detection metrics are often dominated by tumors with compact 

shapes and well-defined boundaries, while the specific challenges associated with glioma are not explicitly 

addressed [12]. As a result, glioma-related detection limitations may be obscured by high overall accuracy, 

leading to an overestimation of model reliability for infiltrative tumors [13]. 

 

Several recent studies have applied YOLO-based detectors for brain tumor analysis. For instance, Passa et 

al. [10] utilized YOLOv8 combined with data augmentation techniques for multi-class brain tumor 

detection and reported a mAP@50 exceeding 0.92 on the Cheng MRI dataset. Similarly, Hossain R et al. 

[8] implemented deep learning–based object detection for tumor localization and achieved high 

classification accuracy across meningioma, glioma, and pituitary tumors. However, these studies mainly 

focused on improving overall detection accuracy and did not explicitly analyze the challenges associated 

with infiltrative tumor boundaries, particularly in glioma cases. Consequently, improvements in aggregate 

metrics may mask the model’s limitations in accurately representing diffuse tumor margins. 

 

In contrast, segmentation-based approaches such as nnU-Net [14] have demonstrated superior capability in 

capturing detailed tumor boundaries through pixel-level supervision. These methods emphasize boundary-

sensitive learning mechanisms, enabling more accurate delineation of irregular tumor shapes. However, 

segmentation models typically require dense annotations and higher computational cost, limiting their 

integration into real-time detection frameworks. Therefore, integrating segmentation supervision into 

object detection architectures such as YOLOv8 may offer a balanced solution between localization 

efficiency and boundary awareness. 

 

From a clinical and radiological perspective, glioma differs fundamentally from other brain tumors due to 

its diffuse margins and complex spatial extent [15]. Bounding box–based supervision, which represents 

tumors using coarse rectangular regions, is inherently limited in capturing these characteristics [16]. A 

rectangular bounding box cannot accurately describe the true tumor extent and often includes surrounding 

healthy tissue, introducing ambiguity during training [14]. Consequently, object detection models trained 

solely with bounding box annotations may fail to learn meaningful boundary representations for glioma, 

resulting in localization errors and reduced interpretability [17]. 

 

In contrast, segmentation-based approaches provide pixel-level delineation of tumor boundaries and have 

become the dominant paradigm for glioma analysis, as demonstrated by recent benchmarks and 

segmentation frameworks [18], [19]. State-of-the-art segmentation models emphasize boundary-sensitive 

learning to better characterize infiltrative tumor morphology [20]. These findings suggest that boundary 

information plays a critical role in accurate glioma representation and may be necessary to overcome the 

limitations of detection-only supervision [21]. 

 

However, the integration of segmentation supervision into contemporary object detection frameworks for 

glioma remains relatively underexplored. Most recent YOLOv8-based studies prioritize data augmentation 

strategies, architectural refinements, or loss function optimization to improve detection performance, while 

boundary-aware learning mechanisms are rarely investigated [11], [22]. As a result, it remains unclear 

whether incorporating segmentation supervision into a detection framework can provide more informative 

spatial representations for glioma without altering the dataset or experimental conditions [23]. 

 

Therefore, this study addresses this gap by conducting a glioma-centric investigation into boundary-aware 

learning using segmentation supervision within a YOLOv8-based detection framework. Unlike previous 

works that primarily focus on maximizing overall detection accuracy, this research examines whether 

segmentation supervision can enhance spatial representation and interpretability of glioma detection 

beyond conventional bounding box–based approaches. The objective of this study is to evaluate the 

effectiveness of segmentation-supervised YOLOv8 in modeling infiltrative tumor boundaries under 

controlled and fair experimental settings. 

 

METHODS 

Research design 

This study uses experimental research design to study boundary-aware learning for the detection of 

glioma in magnetic resonance imaging (MRI). The experimental pipeline in Figure 1 presents the overall 

workflow from dataset preparation to model training and evaluation. The primary objective of this study 

is not to maximize overall detection accuracy, but to examine the representational limitations of bounding 
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box–based supervision for infiltrative glioma tumors and to evaluate the contribution of segmentation 

supervision to spatial representation quality. 

 

To ensure methodological rigor and unbiased comparison, an apple-to-apple evaluation strategy is 

adopted, where all experimental settings are kept identical across models except for the supervision 

mechanism. This strategy minimizes confounding variables and is commonly recommended in medical 

image analysis studies for fair methodological comparison [24]. 

 
Figure 1. Overview of the proposed 

 

Dataset description 

The experiments are conducted using the Cheng brain tumor MRI dataset, which consists of T1-weighted 

contrast-enhanced MRI images with expert-annotated pixel-level tumor masks [25]. The dataset comprises 

three tumor categories: meningioma, glioma, and pituitary tumors. This study consists of a glioma-centric 

evaluation based on non-glioma tumor classes maintained for the realistic clinical scenario and evaluation 

of class discrimination ability [26]. 

 

Table 1. Summary of the dataset 
Item Description 

Imaging modality T1-weighted contrast-enhanced 

MRI 

Tumor category Meningioma, Glioma, Pituitary 

Dataset source Cheng brain tumor dataset 

Total images 691 

Annotation type Pixel-level tumor mask 

Bounding box Derived from tumor mask 

Evaluation scope Glioma-centric analysis 

 

Table 1 summarizes the features of the dataset encompassing imaging modality, tumor categories, 

annotation type, and evaluation scope. The number of images and class distribution employed in this study 

is presented in Table 2, where glioma and non-glioma samples are clearly distinguished. 

 

For each MRI image, a binary tumor mask is provided. Bounding box annotations are automatically 

generated by computing the minimum enclosing rectangle around each tumor mask. This procedure reduces 

annotation subjectivity and labeling noise, which are common challenges in medical object detection tasks 

[27]. The dataset is divided into training, validation, and testing subsets with a fixed split ratio of 70%, 

20%, and 10%, respectively. The same split is consistently used for all experiments. 

 

Table 2. Dataset distribution 
Class Number of Sample 

Glioma 324 

Non-Glioma 357 
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Baseline model: YOLOv8 detection 

The baseline detection model used in this study is YOLOv8, a single-stage object detection framework 

composed of a backbone network, a neck for multi-scale feature fusion, and a detection head for bounding 

box regression and class prediction. Figure 1 shows the structural aspects of the baseline model. 

 

In this system, the backbone utilizes convolutional layers and C2f modules to extract hierarchical feature 

representations from input MRI images. In order to increase multi-scale contextual information, a Spatial 

Pyramid Pooling Fast (SPPF) module is implemented at the end of the backbone, to enable the model to 

capture tumors of varying sizes [28]. 

 

Feature aggregation is performed using a Feature Pyramid Network (FPN) combined with a Path 

Aggregation Network (PAN), allowing effective fusion of feature maps at different spatial resolutions [29]. 

This design is particularly important for glioma detection due to significant variability in tumor size and 

shape [30]. 

 

In the baseline configuration, the detection head is trained exclusively using bounding box annotations 

derived from tumor masks. No pixel-level boundary information is provided during training. As a result, 

the model learns coarse rectangular tumor representations, which are insufficient for accurately modeling 

infiltrative glioma margins. 

 

Proposed detection framework 

For the boundary-aware learning, this work uses YOLOv8-Seg that implements a segmentation branch 

supervised with pixel-level tumor masks [28]. Besides predicting both bounding boxes and class 

probabilities, YOLOv8-Seg produces segmentation masks that explicitly encode tumor boundary 

information during training. 

 

All training configurations are kept uniform and identical among the methods, such as input image 

resolution, optimizer, learning rate, batch size, and number of epochs. The detailed training configuration 

adopted for all experiments is summarized in Table 3. This ensures that performance differences are only 

due to supervision strategy and not to variability in the course of training [31]. Different methods of data 

augmentation (flipping, scaling, intensity variation) are applied uniformly across models to ensure that 

differences in performance relate to supervision approach. 

 

Table 3. Training configuration 

Parameter Value 

Framework Ultralytics YOLOv8 

Model variants YOLOv8 (Detection), YOLOv8-Seg 

Input image size 640 × 640 

Optimizer AdamW 

Learning rate Default YOLOv8 setting 

Batch size As supported by GPU memory 

Number of epochs Fixed across all experiments 

Data augmentation Flip, scale, intensity variation 

Hardware Google Colab (GPU) 

 

Performance evaluation metrics 

To quantify the achieved performance, the proposed model was evaluated using the metrics regularly used 

detection research, i.e., YOLO-based deep learning systems [3], [6], [11]. The chosen metrics are 

Intersection-over-Union (IoU), Precisionffc, Recall, and mean Average Precision (mAP) at IoU thresholds 

of 0.50 and 0.50–0.95. These measures allow the detection accuracy, localization consistency, and 

classification performance of all model configurations to be objectively measured. 

1) Precision 

Precision indicates the ratio of the number of correctly predicted defect examples out of all detected 

predictions. It is defined as: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
   

where: 
(4) 
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▪ 𝑇𝑃= True Positives 

▪ 𝐹𝑃= False Positives 

More precision means lower false alarms, and low precision can lead to inappropriate product 

rejection in automated inspection systems [22]. 

2) Recall 

Recall checks the model’s capability to detect all instances of true objects in existence and is defined 

as: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
   

where: 

▪ 𝐹𝑁= False Negatives 

Recall is crucial in situations where the detection of defects might cause failure, as identified in 

industrial safety-critical environments that may require high recall [23], [24]. 

3) Average Precision (AP) 

Average Precision (AP) is computed from the area under the Precision-Recall curve. The continuous 

integral form is expressed as: 

 
where 𝑃(𝑅)represents precision as a function of recall. 

In practice, AP is computed using discrete recall thresholds: 

 
4) Mean Average Precision (mAP) 

The final metric, mean Average Precision, provides the overall detection score across all classes [29]. 

It is computed as: 

 
where: 

▪ 𝐶= number of object classes 

▪ 𝐴𝑃𝑖= Average Precision for class 𝑖 

 

RESULT AND DISCUSSION 

Quantitative performance evaluation 

The performance of the proposed segmentation-supervised detection framework was measured 

quantitatively by conventional object detection and segmentation metrics such as Precision, Recall, 

mAP@50, and mAP@50–95, defined in Equations (4 - 8). Table 4 summarizes the results of this evaluation 

on YOLOv8-Seg from bounding box detection to segmentation mask prediction. 

 

Table 4. Comparison with previous studies 

Study Model Dataset mAP@50 Approach 

Passa et al. [10] YOLOv8 Cheng MRI 0.894 Data augmentation 

Talo et al. [8] CNN Detector Cheng MRI 0.90 Object detection 

This study YOLOv8-Seg Cheng MRI 0.943 Segmentation supervision 

 

Compared with previous YOLO-based studies, the proposed segmentation-supervised detection framework 

achieves competitive detection performance while additionally providing boundary-aware spatial 

representation. Unlike prior works that mainly rely on data augmentation or architectural modifications, 

this study focuses on improving boundary representation through segmentation supervision. 

 

 

 

 

(5) 

(6) 

(7) 

(8) 
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Table 5. Performance comparison (YOLOv8-Seg) 

Model Task Precision Recall mAP@50 mAP@50–95 

YOLOv8-Seg Detection (Box) 0.899 0.905 0.940 0.685 

YOLOv8-Seg Segmentation (Mask) 0.900 0.904 0.943 0.672 

 

Using metrics reported in Table 4, the overall performance of YOLOv8-Seg can be seen in tumor 

localization with box-based Precision 0.899, Recall 0.905, and mAP@50 of 0.940. The model has a mask-

based Precision of 0.900, Recall of 0.904, and mAP@50 of 0.943 in segmentation, demonstrating that pixel-

level supervision leads to precise delineation of tumor regions. However, a decrease in mAP@50–95 is 

observed for segmentation results compared to bounding box detection, reflecting increased difficulty in 

achieving high-overlap localization for infiltrative tumor boundaries. 

 

To provide a more focused evaluation, class-wise performance analysis is conducted with particular 

emphasis on glioma cases. The quantitative results for glioma detection and segmentation are presented in 

Table 5. As shown in the table 6, the glioma class achieves a box mAP@50 of 0.875 and a mask mAP@50 

of 0.877. While segmentation supervision provides a marginal improvement at lower IoU thresholds, a 

noticeable reduction in mAP@50–95 is observed for mask prediction. This trend suggests that precise 

boundary delineation for glioma remains challenging at stricter IoU thresholds, consistent with the diffuse 

and infiltrative nature of glioma tumors.  

 

Table 6. Glioma detection performance (YOLOv8-Seg) 

Class Task Precision Recall mAP@50 mAP@50–95 

Glioma Box 0.852 0.830 0.875 0.594 

Glioma Mask 0.852 0.826 0.877 0.558 

 

In summary, the quantitative results show that segmentation supervision does not translate to significant 

numerical gains in aggregate detection metrics. Instead, the performance trends indicate that the baseline 

YOLOv8 detector has reached a saturation point, where additional supervision yields limited improvements 

in conventional evaluation scores. 

 

Confusion matrix analysis 

Confusion matrix analysis of the segmentation-supervised model is performed to investigate class-specific 

behavior and misclassification patterns. The resulting confusion matrix is illustrated in Figure 2. 

 
 

Figure 2. Confusion matrix 

 



 

 
 

Scientific Journal of Informatics, Vol. 13 No. 3, August 2026 | 525 

As shown in Figure 2, the majority of misclassifications involving glioma occur between glioma and 

background classes, rather than between glioma and other tumor types such as meningioma or pituitary 

tumors. This observation indicates that inter-class similarity is not the primary source of error. Instead, the 

dominant challenge arises from ambiguous tumor boundaries and diffuse margins, which cause glioma 

regions to be partially detected or misclassified as background. 

 

These results highlight that bounding box–based localization struggles to capture the true spatial extent of 

glioma tumors, reinforcing the motivation for incorporating segmentation supervision to address boundary 

ambiguity. 

 

Qualitative analysis 

To complement the quantitative evaluation, qualitative visualization is conducted to compare localization 

characteristics between the baseline YOLOv8 detector and the segmentation-supervised YOLOv8-Seg 

model. Representative examples are presented in Figure 3, including the original MRI images, detection 

results from the YOLOv8 baseline, and segmentation outputs from YOLOv8-Seg. 

 

  
 

 
 

(a) Original MRI (b) YOLOv8 baseline (c) YOLOv8-Seg 

Figure 3. Qualitative comparison of YOLOv8 and YOLOv8-Seg 

 

As shown in Figure 3, the baseline YOLOv8 model generates coarse bounding boxes, which often cover 

the surrounding healthy tissue and render the location of the tumor boundaries less precise. In contrast, 

YOLOv8-Seg generates segmentation masks that more closely follow the actual tumor shape and spatial 

extent. This qualitative improvement demonstrates that segmentation supervision enhances boundary 

representation and provides more interpretable localization results, even when numerical detection metrics 

remain comparable. 

 

The qualitative findings support quantitative observations, indicating that the primary contribution of 

segmentation supervision lies in improved spatial interpretability rather than significant gains in aggregate 

detection accuracy. 

 

Discussion 

The objective of this study was to investigate whether boundary-aware learning through segmentation 

supervision can improve the spatial representation of glioma detection in MRI using a YOLOv8-based 

detection framework. The experimental results indicate that although segmentation supervision does not 

lead to substantial improvements in conventional detection metrics such as Precision, Recall, and mAP, it 

provides meaningful advantages in representing the spatial characteristics of infiltrative tumors. 

 

The quantitative results show that YOLOv8-Seg achieved strong detection performance with a box-based 

mAP@50 of 0.940 and a mask-based mAP@50 of 0.943. However, when focusing specifically on glioma 

cases, the improvement becomes marginal, where the box-based mAP@50 reaches 0.875 and the mask-

based mAP@50 reaches 0.877. These findings suggest that the baseline YOLOv8 detector has already 

achieved relatively high detection performance, and additional supervision primarily influences how the 

tumor boundaries are represented rather than significantly improving aggregate detection metrics. 

 

The confusion matrix analysis further reveals that most detection errors occur between glioma and 

background regions rather than between tumor classes. This pattern indicates that the primary difficulty lies 



   

 

526 | Scientific Journal of Informatics, Vol. 13, No. 3, August 2026 

in the diffuse and infiltrative nature of glioma boundaries rather than inter-class similarity. Similar 

observations have been reported by Kervadec H et al. [13], who demonstrated that bounding box–based 

supervision often fails to accurately represent irregular anatomical structures in medical imaging tasks. As 

a result, object detection models may produce partial localization when applied to tumors with ambiguous 

margins. 

 

Qualitative visualization results support these observations. While the baseline YOLOv8 detector produces 

coarse rectangular bounding boxes that frequently include surrounding healthy tissue, the segmentation-

supervised YOLOv8-Seg model generates tumor masks that more closely follow the true spatial extent of 

the tumor. Although these improvements are not fully reflected in conventional detection metrics, they 

significantly enhance the interpretability and spatial reliability of tumor localization, which is particularly 

important for clinical decision support systems [19]. 

 

Overall, the findings indicate that segmentation supervision improves boundary representation for 

infiltrative tumors such as glioma, even when numerical detection performance remains relatively stable. 

This suggests that evaluation of glioma detection models should not rely solely on aggregate detection 

metrics but should also consider spatial interpretability and boundary representation when assessing model 

effectiveness. 

 

CONCLUSION 

This study investigated the role of boundary-aware learning through segmentation supervision for glioma 

detection in MRI using a YOLOv8-based framework. Experimental results show that YOLOv8-Seg 

achieved a detection mAP@50 of 0.940 and a mask mAP@50 of 0.943, while glioma-specific analysis 

produced a box mAP@50 of 0.875 and a mask mAP@50 of 0.877. These findings indicate that 

segmentation supervision provides improved spatial representation of tumor boundaries, even though 

improvements in conventional detection metrics remain limited. The results highlight that bounding box–

based detection alone is insufficient for accurately representing the infiltrative nature of glioma tumors. 

Segmentation supervision improves boundary awareness and interpretability, which are essential for 

clinically meaningful tumor localization. Future research may explore boundary-aware loss functions and 

multimodal MRI integration to further enhance tumor boundary delineation in automated glioma detection 

systems. 
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