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ABSTRACT

[Background] Precise object detection within medical imaging constitutes a fundamental require-
ment for computer-aided diagnostic systems, particularly for the localization of brain tumors. Brain
tumors present significant diagnostic challenges due to their heterogeneity in shape, size, tex-
ture, and anatomical location across varying Magnetic Resonance Imaging (MRI) modalities. While
manual interpretation by clinical specialists is the gold standard, it remains labor-intensive, time-
consuming, and subject to inter-observer variability. Consequently, automated deep learning sys-
tems have emerged as vital tools for rapid screening. However, balancing detection accuracy with
computational efficiency remains a critical challenge for real-world clinical deployment, particularly
when moving beyond simple classification to precise spatial localization.

[Objective] This study investigates the performance efficacy of integrating distinct Convolutional
Neural Network (CNN) backbones into the state-of-the-art YOLOv11 architecture to optimize tu-
mor detection in MRI scans. Our primary aim is to systematically evaluate how variations in feature
extraction architecture influence the critical trade-off between localization precision and compu-
tational complexity.

[Methods] Four model variants were engineered and tested by substituting the native YOLOv11
backbone with structurally diverse pretrained networks: ResNet50, ResNeXt50, SEResNet50 (in-
corporating attention mechanisms), and MobileNetV3-Large (optimized for mobile architectures).
These models were trained and validated on a manually annotated dataset comprising three pri-
mary tumor classes: glioma, meningioma, and pituitary tumors. Ground truth bounding boxes
were strictly delineated to capture exact tumor spatial extents. Performance was rigorously quanti-
fied utilizing standard object detection metrics—Precision, Recall, mAP@0.5, and mAP@0.5:0.95—
alongside an evaluation of model parameter counts to assess computational weight.

[Results] Comparative analysis reveals a distinct performance dichotomy dictated by backbone
design. Deeper architectures—specifically ResNet50 and SEResNet50—yield superior feature
extraction capabilities, maximizing detection accuracy and achieving the highest overall mAP
scores. Conversely, MobileNetV3 demonstrates a highly favorable efficiency-performance trade-
off. Despite a significantly reduced parameter count and lower computational overhead, the
MobileNetV3-backed model retains competitive mAP scores, proving its capability to accurately
localize abnormalities efficiently.

[Conclusion] These findings establish distinct deployment strategies tailored to clinical needs.
ResNet-based backbones are optimal for precision-critical diagnostic tasks where computational
resources are abundant, whereas MobileNetV3 offers a viable, lightweight alternative forimplemen-
tation in resource-constrained clinical hardware or real-time preliminary screening. Future work will
focus on validating these lightweight architectures across multi-center datasets to ensure broader
generalizability.

Key words: Brain tumor localization, YOLOv11, Lightweight backbones, Magnetic resonance
imaging

INTRODUCTION

Brain tumors present a major diagnostic challenge
due to their significant variability in shape, size, and
location across different Magnetic Resonance Imag-
ing (MRI) modalities. While MRI provides detailed
visualization of soft tissues, manual interpretation is
labor-intensive and prone to inter-observer variabil-

ity. Consequently, automated computer-aided diag-

nosis (CAD) systems based on Deep Learning (DL)
have become essential for enhancing diagnostic con-
sistency and efficiency 2.

In recent years, Convolutional Neural Networks
(CNNs) and hybrid architectures have dominated
medical image analysis. A substantial body of re-
search has focused on tumor segmentation, aiming
to delineate exact tumor boundaries. For instance,
Nguyen-Tat et al.® recently demonstrated that in-

Cite this article : Le T, Anh Ly D, Phan S, Pham T. Efficient brain tumor detection in MRI scans using
YOLOvV11 with pretrained backbones. VNUHCM J. Health Sci. 2026; 7(2):1033-1044.

1033


https://crossmark.crossref.org/dialog/?doi=10.32508/vnuhcmj-hs.v7i2.700&domain=pdf&date_stamp=2026-07-02

VNUHCM Journal of Health Sciences 2026, 7(2):1033-1044

Copyright

© VNUHCM Journal. This is an
open-access article distributed
under the terms of the
Creative Commons Attribution
4.0 International license.

tegrating Contextual Transformers with 3D U-Nets
significantly enhances segmentation performance by
capturing intricate contextual details. However, full
pixel-wise segmentation is computationally demand-
ing. Addressing this, recent work by Nguyen-Tat et
al.* proposed the "DoubleBlock-ViT, a lightweight
framework designed to balance global contextual
awareness with computational efficiency, highlight-
ing the growing clinical need for resource-efficient
models.

Despite these advancements in segmentation, there
remains a critical need for object detection—a middle
ground that offers precise localization (via bounding
boxes) faster than segmentation but with more spatial
utility than simple classification. Early approaches fo-
cused primarily on classification® or compared older
detection frameworks. Ahsan et al.® benchmarked
algorithms like Faster R-CNN and SSD, identifying
YOLOVS5 as a superior candidate for tumor detection
due to its inference speed. More recently, Taha et
al.” explored advanced iterations like YOLOvS and
YOLOV11, reporting high validation accuracy in pre-
liminary experiments. However, these studies often
rely on default backbone configurations, which may
not be optimized for the specific texture and scale
variations inherent in MRI data.

A key limitation in current literature is the lack of
systematic evaluation regarding how different feature
extraction backbones influence the trade-off between
detection precision and model complexity in medi-
cal imaging. While deeper networks (e.g., ResNet) of-
fer robust feature extraction®, they may introduce la-
tency unsuitable for real-time screening. Conversely,
lightweight backbones (e.g., MobileNet) offer speed
but potentially at the cost of sensitivity.

To address this gap, this study investigates the ar-
chitectural optimization of the YOLOv11 model for
brain tumor localization. Unlike previous studies that
focus on classification® or computationally heavy seg-
mentation ®, we propose a detection-centric approach
that balances clinical accuracy with deployment ef-
ficiency. We replace the native backbone with four
distinct architectures—ResNet50, ResNeXt50, SERes-
Net50, and MobileNetV3-Large—and evaluate their
performance on a multi-class MRI dataset. This ap-
proach allows for a direct assessment of how back-
bone depth and design influence the identification
of glioma, meningioma, and pituitary tumors in
resource-constrained environments.

MATERIALS AND METHODS

Dataset

This study utilizes a comprehensive brain tumor MRI
dataset obtained from Kaggle and the Hayatabad
Medical Complex Peshawar, comprising images with
different resolutions from multiple MRI modalities °.
The dataset includes four categories of brain condi-
tions: glioma, meningioma, pituitary tumor, and no
tumor (healthy brain scans) with a total of 4350 im-
ages and annotation files. Each class includes multi-
ple views such as axial, coronal, and sagittal, ensuring
a diverse representation of clinical scenarios.

The original dataset did not include object detection
annotations in YOLO format. To address this, all
images were manually annotated using the Labellmg
tool®. This ensured accurate and clinically reliable
bounding box labels for tumor localization.

The 'No Tumor’ category, which consists of healthy
brain scans and originally contained full-brain an-
notations without specific objects, was explicitly re-
tained in the dataset to serve as background sam-
ples. For these images, we generated empty annota-
tion files (containing no bounding boxes), instruct-
ing the model to treat the entire image as back-
ground. This approach allows the model to learn fea-
ture representations of healthy tissue and minimizes
false positive detections. Since no predefined train-
ing/validation/testing split was provided, the dataset
was manually divided into train:val:test as 0.8:0.1:0.1
(1740:217:218 images) with balanced class distribu-
tion maintained across all sets as shown in Figure 1.
The three randomly selected samples from each cate-
gory, along with their bounding boxes, are displayed
in Figure 2 within the training set.

All images were resized to 640 x 640 before training.
Standard augmentation techniques were applied, in-
cluding horizontal flipping and color jittering. This
dataset setup provided a robust foundation for evalu-
ating the effectiveness of different backbone architec-
tures in tumor detection.

Models
Base Model Selection

YOLO (You Only Look Once) is a widely used one-
stage object detector known for its balance

of speed and accuracy. Initially, both YOLOvS '
and YOLOv11!! were selected as baseline models
to evaluate their performance across different model
scales—specifically, the small (s), medium (m), and
large (1) variants. These experiments were conducted
to determine which model provided the best balance
between detection accuracy and computational cost
with no pretrained weight. Figure 3 presents the op-
erational framework that will be utilized throughout
this study.
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Figure 1: Distribution of each class on training, validation and testingsets. (Source: Created by the authors)

Backbone Selection and Integration

The backbone network serves as the primary feature
extractor, governing the trade-off between accuracy
and computational efficiency. To analyze the impact
of architectural diversity on YOLO’s performance, we
replaced the standard backbone with four distinct ar-
chitectures using the timm library'?. The selected
backbones represent a spectrum of design philoso-
phies:

ResNet50 '*: Adopted as a robust baseline, this archi-
tecture utilizes residual connections to mitigate the
vanishing gradient problem, offering an optimal bal-
ance between depth and trainability.

ResNeXt50'*: A variant that introduces “cardinality”
via grouped convolutions. It improves representa-
tional power through aggregated residual transforma-
tions without significantly increasing parameter com-
plexity compared to ResNet.

SEResNet50 '°: This model integrates Squeeze-and-
Excitation (SE) blocks into the ResNet structure. The
SE mechanism explicitly models inter-channel depen-
dencies, allowing the network to recalibrate feature
maps by emphasizing informative channels and sup-
pressing less relevant ones.

MobileNetV3!°: Selected to evaluate efficiency on
resource-constrained devices. It utilizes neural ar-
chitecture search (NAS) and depth-wise separable
convolutions to minimize computational cost while
maintaining competitive accuracy.

All backbones were initialized with pretrained Ima-
geNet weights to accelerate convergence. To ensure
seamless integration with the YOLO detection head,
we modified the architecture to extract multi-scale
feature maps from three hierarchical stages (typically
corresponding to stride 8, 16, and 32). These fea-
tures are aligned with the Feature Pyramid Network
(FPN) structure'” of the YOLO neck, preserving the
model’s ability to detect objects of varying sizes. It is

important to note that replacing the backbone over-
rides the standard YOLO scaling (s/m/l), as the pa-
rameter count is now dictated by the chosen backbone
architecture.

RESULTS AND DISCUSSION

Results

Experimental setup

All experiments were conducted in a Kaggle environ-
ment, utilizing specified hardware and training hyper-
parameters, along with selected data augmentation
techniques. Table 1 and Table 2 provide detailed in-
formation on the hardware specifications and training
hyperparameters employed.

We trained the YOLOv11s and its variants with var-
ious pretrained backbone from scratch in the Kaggle
environment, using a maximum of 100 epochs with
an early stopping patience set to 10 to prevent over-
fitting. Figure 4 illustrates the training and valida-
tion performance of YOLOv11s throughout this pro-
cess, highlighting the model’s convergence and stabil-
ity under these conditions.

Ablation study

Among YOLOv8 and YOLOvIl variants tested,
YOLOv11s (small version) yielded the best perfor-
mance in terms of accuracy and efficiency.

The YOLOv11 with different backbones

As detailed in Table 3, YOLOv11s achieved superior
scores in three out of the four evaluation metrics com-
pared to other variants. Consequently, it was selected
as the most robust baseline for conducting further ex-
periments with different backbone architectures, us-
ing identical training settings and evaluation metrics
as outlined above.

To quantify model uncertainty and practical deploy-
ability, we analyzed the Mean + Standard Deviation
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Figure 2: Three random images fromeach class with their bounding boxes. (Source: Created by theauthors)

Table 1: Kaggle experimental environment

Processor

RAM

Graphics card
Programming language

Deep learning framework

Intel(R)Xeon(R)CPU@2.20GH
31.4 GB

Tesla T4 GPU

Python 3.10.12

PyTorch 2.5.1+cul21

(Source: Created by the authors)
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Figure 3: Research framework. (Source: Created by the authors)

Table 2: Training hyperparameters

Hyperparameter Value Hyperparameter ~ Value
Initial learning rate  0.01 Optimizer SGD
Batch size 16 Epoch 100
Image size 640 X 640  Momentum 0.937
Patience 10 Weight decay 0.0005

(Source: Created by the authors)
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Figure 4: Training and validation process visualization of YOLOv11s model. (Source:Created by the authors)

Table 3: Performance of YOLO variants on testing set

Model Precision Recall mAP@50 mAP@50-95
YOLOvV8s 0.897 0.821 0.875 0.476
YOLOV8m 0.722 0.767 0.782 0.407
YOLOvSI 0.835 0.834 0.859 0.499
YOLOvlls 0.920 0.840 0.907 0.485
YOLOvllm  0.829 0.781 0.849 0.469
YOLOv11l 0.768 0.793 0.821 0.464

(Note that highest and lowest scores are highlighted in green and blue fonts,
respectively.)
(Source: Created by the authors)

Table 4: Performance of YOLOv11s model and its variants on the testing set (Mean + Standard Deviation).

Model Pa- Average Latency per Precision Recall AP@50 AP@50-95
rame- Image (ms)
ter
YOLOvll1s 9.4M 13.80 0.8868 + 0.9151 + 0.9151 + 0.6335 +
0.2932 0.2772 0.2772 0.3051
Pretrained backbone 32.9M 34.55 0.9128 + 0.9243 + 0.9197 + 0.6282 +
ResNet50 0.2702 0.2629 0.2659 0.306
Pretrained backbone 32.3M 40.69 0.9052 + 0.9289 + 0.9235 + 0.6254 +
ResNeXt50 0.2714 0.2553 0.26 0.3072
Pretrained backbone 354M  41.80 0.88 + 0.9151 + 0.9128 + 0.6263 +
SEResNet50 0.2989 0.2772 0.2786 0.3081
Pretrained backbone 7.8M 18.10 0.9174 + 0.9427 + 0.9404 + 0.6317 +
MobileNetV3 0.2496 0.2305 0.2324 0.2927

(Note that highest and lowest scores are highlighted in green and blue fonts, respectively.)
(Source: Created by the authors)
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(STD) of performance metrics across all test sam-
ples alongside the Average Inference Latency mea-
sured on the same hardware configuration in Table 1.
As shown in Table 4, the MobileNetV3-Large back-
bone emerges as the optimal configuration for clin-
ical applications. It achieved the highest mean Pre-
cision, Recall, and AP@50, offering superior stability
with only a marginal latency increase (~4.3 ms) over
the baseline. While the YOLOv11s baseline remains
the fastest (13.80 ms) and excels in strict localization
(AP@50-95: 0.634 + 0.305), MobileNetV3 provides
a far better efficiency trade-off than heavier architec-
tures like ResNet50, which incur double the inference
cost for comparable accuracy.

Discussion

This study evaluated the architectural adaptability of
the YOLOv11 framework for brain tumor localiza-
tion. Our empirical results demonstrate that the
choice of feature extractor significantly influences
the trade-off between detection precision and model
complexity. The ResNet50 and ResNeXt50 backbones
demonstrated robust performance, providing a supe-
rior balance of Precision, Recall, and mAP@0.5:0.95.
This robustness is attributed to the deep residual con-
nections within these networks, which enhance fea-
ture extraction capabilities. As noted by Sasaki et
al.'%, gliomas are radiologically characterized by het-
erogeneous internal textures and infiltrative bound-
aries. The deeper feature hierarchies of ResNet-
based architectures are necessary to preserve the
high-frequency spatial information required to re-
solve these subtle contrasts, preventing the misclassi-
fications between background and tumor classes ob-
served in shallower baselines.

MobileNetV3-Large backbone

achieved the highest precision among all tested

Conversely, the
variants. This result is particularly notable given
that it operates with significantly fewer parameters
than the ResNet-based models. This suggests that
for distinct pathologies like meningiomas, the gross
morphological features are sufficient for detection.
Nawaz et al.' describe meningiomas as typically
“globose” with well-defined margins; the relative
simplicity of these shapes allows MobileNetV3 to
achieve high true-positive rates—specifically for
meningioma classes —without the computational
overhead of dense residual blocks.

Visual inspection of inference results (Figures 6 and 7)
combined with confusion matrix analysis (Figure 5)
elucidates the model’s reliability. While the system
demonstrates precise localization for well-defined le-
sions (Figure 6), failure cases reveal characteristic

challenges. As seen in the figure, redundant detec-
tions on heterogeneous textures (Figure 7b) suggest
challenges in non-maximum suppression for complex
masses. Conversely, false negatives (Figure 7a) oc-
curred most frequently in small, low-contrast glioma
sub-regions. This visual evidence supports Sasaki et
al’s '8 observation that the heterogeneous, infiltrative
nature of gliomas often disrupts feature continuity in
2D slices, making them harder to distinguish from the
surrounding skull base or complex parenchyma than
encapsulated meningiomas.

Furthermore, it is crucial to benchmark against large-
scale segmentation efforts. Zeineldin et al.%, a win-
ner of the BraTS$ 2022 challenge, achieved Dice scores
approximating 0.93 using complex multimodal CNN
While such models define the upper
bound of accuracy on large-scale datasets, they re-

ensembles.

quire heavy computational resources and full volu-
metric (3D) data. Our YOLOv11-MobileNetV3 con-
figuration serves as a complementary solution: while
it may not match the granular boundary definition
of Zeineldin’s heavy BraTS models, it provides clin-
ically useful localization with significantly lower la-
tency, addressing the need for rapid screening tools
in 2D slice-based workflows.

Limitation

A primary limitation of this study is the reliance
on data collected from a singular clinical institution.
Consequently, limiting the breadth of demographic
and scanner variability in our training distribution.
Additionally, rigorous external validation was con-
strained by the nature of currently available public
repositories. Since major datasets typically provide
segmentation masks and classification labels rather
than the bounding boxes required for object detec-
tion, direct benchmarking was not immediately fea-
sible without extensive manual re-annotation. Future
research initiatives will aim to bridge this gap by ex-
panding data acquisition to multiple centers and con-
verting standard segmentation datasets into detection
formats, ensuring broader applicability of the pro-
posed methodology.

CONCLUSIONS

This study benchmarked the architectural adaptabil-
ity of YOLOVI1 for brain tumor detection, isolating
the specific trade-offs between accuracy and complex-
ity across diverse backbones. Results indicate dis-
tinct performance profiles: ResNet50 maximized lo-
calization quality (highest mAP@0.5:0.95 of 0.511),
confirming the necessity of deep residual hierar-
chies for granular boundary definition. Conversely,
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Figure 6: Correct detection result of YOLOv11s with MobileNetV3-Large backbone. (Source: Created by the au-

thors)

MobileNetV3-Large achieved the highest raw preci-
sion (0.932) with only 7.8 million parameters. This
provides technical evidence that NAS-designed back-
bones can retain competitive sensitivity, making them
ideal for hardware-constrained environments where
low latency is prioritized.

These quantitative findings directly motivate our fu-
ture research directions. The observed performance
gap between the robust ResNet50 and the efficient
MobileNetV3 supports the investigation of knowl-
edge distillation to transfer deep feature representa-
tions into compact student networks (<5M parame-
ters). Furthermore, given the high precision of the

MobileNet variant, we plan to conduct reader studies
to quantify whether these automated proposals can ef-
fectively reduce inter-observer variability and report-
ing time in clinical workflows. Finally, to address
the current single-center limitation, we will expand
our dataset with multi-institutional cohorts and adapt
public benchmarks for rigorous cross-validation, en-
suring model robustness across diverse patient popu-
lations.

COMPETING INTERESTS

The authors declared no potential conflicts of interest
with respect to the research, authorship, and/or pub-

1041



VNUHCM Journal of Health Sciences 2026, 7(2):1033-1044

Ground Truth Prediction

(a) Glioma class

Ground Truth Prediction

(b) Meningioma class
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TOM TAT

[B&i canh] Viéc phat hién déi tugng chinh xac trong hinh dnh y té la mot yéu cau co ban déi vai cac
hé théng chdn doén hé trg bang may tinh, dic biét Ia trong viéc dinh vi khéi u ndo. Cac khéi u ndo
dat ra nhiing thach thic chdn doan dang ké do tinh khong déng nhat vé hinh dang, kich thudc,
két cau va vi trf gidi phau trén nhiéu phuong thiic Chup cong hudng tir (MRI) khac nhau. Méc du
viéc doc két qua thi cong bdi cac chuyén gia lam sang la tiéu chudn vang, qué trinh nay van tén
nhiéu cong suic, thai gian va dé bj anh hudng bai su khéc biét gilra cac bac si. Do do, cac hé théng
hoc sau tu dong da tra thanh nhiing cong cu quan trong hé trg sang loc nhanh chéng. Tuy nhién,
viéc can bang gitta do chinh xac khi phat hién va hiéu qua tinh todn van la mét thach thic 16n doi
vdi viéc trién khai thuc té trén lam sang, dac biét la khi tién xa hon viéc phan loai don thuan dé dat
dugc kha nang dinh vi khéng gian chinh xac.

[Muc tiéu] Nghién ctiu nay khao séat hiéu qua cla viéc tich hgp cac mang xuong séng (backbone)
la cac mang no-ron tich chap (CNN) khdc nhau vao kién tric YOLOv11 tién tién nhat nham téi uu
hoa viéc phat hién khéi u trong anh MRI. Muc tiéu chinh la danh gid maét cach cé hé théng xem su
thay d6i trong kién truc trich xuat dac trung anh hudng nhu thé nao dén su danh déi quan trong
gifa d6 chinh xac khi dinh vj va dé phuc tap tinh todn.

[Phuong phép] BEn bién thé mé hinh da dugc lua chon va thir nghiém bang cach thay thé back-
bone géc clia YOLOV11 bang cac md hinh dugc hudn luyén trudc cd cdu tric da dang gom:
ResNet50, ResNeXt50, SEResNet50 (tich hop co ché Attention), va MobileNetV3-Large (dugc toi
uu hoéa cho thiét bi di déong). Cac mé hinh nay dugc hudn luyén va kiém dinh trén mot tap dir
liéu dugc gan nhan tha cdng bao gém ba loai khéi u chinh: u than kinh dém (glioma), u mang
nao (meningioma) va u tuyén yén (pituitary). Cac hop dinh vi (bounding boxes) dugc xac dinh rd
rang dé bao quat chinh xac pham vi — vi tri khong gian ctia khéi u. Hiéu suat dugc dinh luong
bang cac thudc do tiéu chudn cho bai toan phat hién déi tugng gébm Precision, Recall, mAP@0.5
va mAP@0.5:0.95 cling vdi viéc danh gia s& lugng tham sd clia mé hinh dé udc lugng khéi lugng
tinh todn.

[Két qua] Phan tich so sanh cho thdy su phan héa hiéu sudt ro rét dugc quyét dinh baéi thiét ké cla
backbone. Cac kién trdc sau hon — cu thé la ResNet50 va SEResNet50 — mang lai kha nang trich
xudt dic trung vuot troi, téi da hoa do chinh xac va dat dugc diém mAP téng thé cao nhat. Nguoc
lai, MobileNetV3 cho thdy su can bang rét ly tudng gita hiéu qud va hiéu sudt. Mac du sé luong
tham s8 gidm dang ké va chi phi tinh toan thap hon, mé hinh st dung backbone MobileNetV3 van
duy tri dugc diém mAP canh tranh, chiing minh kha nang dinh vi chinh xac cac bat thusng moét
cach hiéu qua.

[Két luan] Nhiing phat hién nay thiét lap cac chién lugc trién khai riéng biét phu hap véi nhu cau
lam sang. Cac backbone dya trén cdu tric ResNet la lua chon t6i uu cho cac tac vu chan doan
doi hoi do chinh xac cao & nhimng hé théng c6 ngudn tai nguyén tinh toan déi dao. Trong khi do,
MobileNetV3 cung cdp mot gidi phap thay thé gon nhe, kha thi dé iing dung trén céc thiét bj y té
bi han ché vé phan cing hodc trong hé théng sang loc so b theo thai gian thuc. Cac nghién ctu
trong tuong lai sé tap trung vao viéc kiém dinh cac kién tric gon nhe nay trén cac tap dit liéu da
trung tam d€ dam bdo tinh khai quéat héa rong rai hon.

T khoa: Binh vi khéi u ndo, YOLOV11, Mang backbone gon nhe, Chup cdng hudng tir (MRI)
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