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ABSTRACT

Accurate detection of brain tumors is critical for early diagnosis and treatment planning, yet it remains challenging due to the irregular shapes,
blurred boundaries, and low contrast of lesions, particularly in Gliomas. To address the limitations of existing methods in balancing accuracy
with computational efficiency, this paper proposes a lightweight brain tumor detection framework based on an improved YOLOv12n. We
introduce three core innovations to enhance feature representation: (1) the A2C2f-CGLU-DYT module, which integrates dynamic activation
functions to strengthen local nonlinear modeling and adaptability to input variations; (2) the C2TSSA module, which utilizes token statistics
self-attention to efficiently capture global long-range dependencies without the heavy computational cost of traditional transformers; and (3)
the CGAFusion module, which employs content-guided attention to effectively fuse shallow geometric details with deep semantic features.
Experimental results on the Brain Tumor dataset demonstrate that the proposed method achieves a precision of 92.7%, a recall of 87.4%,
and an mAP®@0.5 of 93.8%, outperforming the baseline YOLOv12n by 0.7%, 0.9%, and 1.2%, respectively. Notably, in the challenging Glioma
category, the model attains an accuracy of 84.6%, significantly surpassing YOLOv10n by a margin of 8.6%. Furthermore, validation on the
Blood Cell Count dataset yields an mAP@0.5 of 94.1%, confirming the model’s robust cross-dataset generalization ability.

© 2026 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0321006

I. INTRODUCTION significant breakthroughs in the fields of computer vision and med-
ical image analysis. With their powerful feature extraction and
representation capabilities, deep learning has shown outstanding
performance in tasks such as medical image segmentation, classifica-
tion, and object detection. U-Net” and its variants are widely used in
medical image segmentation tasks, effectively retaining spatial detail
information by relying on an encoder-decoder structure and skip
connection mechanisms. However, in object detection, additional
framework support is still required. Faster R-CNN,® as a typical
two-stage detector, achieves high detection accuracy by utilizing the
Region Proposal Network (RPN), but its inference speed is relatively

Brain tumors are a serious threat to human life and health,
being a type of central nervous system disease with high disability
and mortality rates.! Clinical studies have shown that early diagnosis
and timely treatment are crucial for improving patient survival rates
and prognosis.” Medical imaging technology, particularly Magnetic
Resonance Imaging (MRI), with its advantages of non-invasiveness,
high resolution, and multi-parameter imaging,” has become a core
tool for clinical diagnosis, classification, and treatment planning for
brain tumors. However, traditional manual image reading methods
not only rely on the professional experience of doctors but also suffer

from problems such as high subjectivity, poor reproducibility, and
heavy workload, facing challenges in efficiency and accuracy when
processing large volumes of medical images.

In recent years, deep learning (Deep Learning) techniques,
especially Convolutional Neural Networks (CNNs),” ° have made

slow, making it unsuitable for real-time diagnostic scenarios. In con-
trast, the YOLO” ™" series, as a single-stage detector, combines the
advantages of speed and accuracy, making it outstanding in medical
image object detection, and thus has become a research hotspot in
recent years.
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Despite the numerous improvements made to the YOLO series,
many shortcomings still exist in practical applications. For example,
Kaya et al”’ proposed a deep transfer learning method based on
multi-model fusion (Fusion-Brain-Net), which combines VGG16,
ResNet50, and MobileNetV2 for feature extraction and fusion.
By leveraging fine-tuning and data augmentation techniques, the
method significantly improved the accuracy of brain tumor clas-
sification; however, the multi-model fusion also resulted in higher
computational costs and longer training times. Kang et al.”! intro-
duced an improved model named BGF-YOLO, which effectively
enhances the performance of YOLOVS8 by integrating a bidirectional
routing attention mechanism (BRA), a generalized feature pyramid
network (GFPN), and a fourth detection head. However, the model’s
high computational complexity increases resource consumption
during training and inference. Bai ef al.”> proposed an improved
model named SCC-YOLO, which integrates the SCConv (Spatial
and Channel Reconstruction Convolution) module into YOLOv9
to reduce feature redundancy and improve brain tumor detection
accuracy. However, the model has not been fully validated for gen-
eralization across other medical image datasets. Rahimi et al.”’
proposed a brain tumor detection method based on YOLOvV4-tiny
using Gaussian blur and Sobel filters for MRI image preprocessing
to enhance features and fine-tune the model with transfer learning
techniques. However, when detecting tumors with complex shapes,
the inclusion of background areas in the bounding box affects detec-
tion accuracy. Sahoo et al.”* proposed a hybrid model based on
a GAN ensemble and modulated CNN for brain tumor detection
and optimized classification performance through data augmenta-
tion and a soft voting method. However, due to the limited size of
the dataset, the model’s generalization ability remains insufficient.
Mithun and Joseph Jawhar? proposed a method combining the
YOLO NAS model, En-DeNet segmentation network, and mixed
anisotropic diffusion filtering (MADF) for brain tumor detection
and classification, achieving an accuracy of up to 99.7%. However,
the model relies heavily on training data; its generalization ability
has not been fully validated, and it has high computational costs.
Chen et al.”® proposed a model called YOLO-NeuroBoost, which
significantly improves brain tumor detection accuracy by combining
the dynamic convolution module KernelWarehouse, the attention
mechanism CBAM, and the improved Inner-GIoU loss function,
achieving a mAP50 of 99.48%. However, the model shows limited
performance when handling low-contrast or high-noise images, and
its generalization ability is affected by insufficient dataset diversity.
Hariharan and Surya®’ proposed a brain tumor detection and clas-
sification method combining the YOLOvI11 algorithm with CNN
models using image preprocessing (such as resizing and Gaussian
blur for denoising) and data augmentation techniques to achieve
high detection accuracy. However, the model still suffers from
misclassification in certain categories (such as background and non-
tumor) and is limited by the use of a single-center dataset, which
restricts its generalization ability.

In summary, existing methods still struggle to achieve an ideal
balance between detection accuracy, generalization ability, and com-
putational efficiency and face multiple challenges. On the one hand,
brain tumors exhibit high diversity in terms of shape, size, and loca-
tion, with boundaries often presenting blurred characteristics. On
the other hand, MRI data suffers from issues such as uneven sample
distribution, cross-device imaging differences, and signal variations
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between different patients, which limit the model’s generalization
ability and robustness. To address these issues, this paper proposes a
brain tumor detection method based on an improved deep learn-
ing framework. Through multi-scale feature fusion and efficient
attention mechanisms, the method effectively enhances the model’s
performance in detecting tumors of various types, sizes, and with
blurred boundaries. Extensive experimental validation is conducted
on multiple publicly available MRI datasets. The main contributions
of this paper are as follows:

e A2C2f-CGLU-DYT Module: We propose the A2C2f-
CGLU-DYT module, which synergizes the Convolutional
Gated Linear Unit (CGLU) with a dynamic Tanh activation
function. This integration fortifies local feature extraction
and nonlinear modeling capabilities, explicitly enhancing
the model’s robustness against input signal variations and
magnitude heterogeneity.

e C2TSSA Module: We design the C2TSSA module, a
lightweight global modeling mechanism grounded in Token
Statistics Self-Attention. It effectively circumvents the high
computational overhead of traditional transformers while
preserving the capacity to capture long-range dependencies,
thereby significantly refining the delineation of complex and
irregular tumor morphologies.

¢ CGAFusion Module: We introduce the CGAFusion mod-
ule to bridge the semantic gap between multi-scale fea-
tures. By orchestrating content-guided channel and spatial
attention, this module efficiently amalgamates shallow geo-
metric details with deep semantic representations, critically
improving the detection sensitivity for minute lesions and
tumors with indistinct boundaries.

Il. RELATED WORK
A. Bidirectional feature pyramid network module

BiFPN (Bidirectional Feature Pyramid Network)* is an effi-
cient feature fusion module originally introduced in EfficientDet,
designed to enhance the representation of multi-scale features.
Unlike traditional FPN, BiFPN introduces bidirectional feature
fusion paths, both top-down and bottom-up, allowing high-level
semantic information and low-level detail information to comple-
ment each other. Additionally, BiFPN employs a learnable weight-
ing mechanism, enabling the network to automatically adjust the
importance of different feature layers during fusion, thereby enhanc-
ing the flexibility of feature representation. Furthermore, BiFPN
streamlines redundant connections, retaining only effective fusion
nodes with multiple inputs, and adds cross-scale connections, which
improves its ability to perceive different object sizes while main-
taining lightweight computation. Thanks to these designs, BiFPN
has become a commonly used and efficient feature fusion module
in multi-scale visual tasks, such as object detection and semantic
segmentation.

B. Attention mechanism

The attention mechanism was first proposed by Bahdanau
et al.”” in the neural machine translation task to address the informa-
tion bottleneck problem in traditional encoder-decoder structures

AIP Advances 16, 035309 (2026); doi: 10.1063/5.0321006
© Author(s) 2026

16, 035309-2

9T %0 :20 9202 AeN 90



AIP Advances

when processing long texts. By introducing a learnable weight mech-
anism, this method allows the model to selectively focus on different
parts of the input sequence at each time step, significantly improv-
ing translation quality. Subsequently, Luong et al.”’ introduced more
efficient local and global attention mechanisms, further advancing
the application of attention mechanisms in natural language pro-
cessing tasks. Since then, attention mechanisms have been widely
applied in various fields, such as image recognition, speech recogni-
tion, and recommendation systems. An important milestone for the
attention mechanism was the Transformer architecture proposed by
Vaswani et al.’! This architecture is entirely based on self-attention,
discarding traditional convolutional and recurrent structures, which
greatly enhances the model’s parallel computation capability and
long-range dependency modeling ability. Transformers and their
variants have become the foundation of current mainstream natu-
ral language processing models, such as BERT,*” GPT,** and T5.** In
recent years, attention mechanisms have also been extended to graph
neural networks (graph attention networks)*” and vision tasks, such
as Vision Transformer (ViT).*° These works further validate the
universality and effectiveness of attention mechanisms in model-
ing different modalities of data. To improve efficiency and scala-
bility, researchers have also proposed various improved attention
mechanisms, including sparse attention,”” low-rank attention (Lin-
former),”® and factorized attention (Performer),”” which effectively
alleviate the computational and storage bottlenecks of standard self-
attention in large-scale data processing. In summary, the attention
mechanism has evolved from an auxiliary component to a core ele-
ment of modern deep learning architectures, playing a crucial role in
various tasks. Future research can further focus on its applications
and optimizations in cross-modal modeling, low-resource learning,
and model compression.

C. YOLOv12 algorithm

YOLOV12," released on February 18, 2025, is the latest
attention-centered real-time object detection model in the YOLO
series, significantly improving accuracy while maintaining high
inference speed. Its core innovations include the regional attention
mechanism (dividing the feature map into L equal-sized regions,
with the default being 4, to achieve a large receptive field with
low computational cost), the Residual Efficient Layer Aggregation
Network (R-ELAN) (an improvement over ELAN’s feature aggrega-
tion method, introducing scaled residual connections and bottleneck
structures to optimize the training of large-scale attention models),
and an optimized attention architecture (combining FlashAtten-
tion to reduce memory overhead, removing positional encoding,
adjusting the MLP ratio to 1.2 or 2, reducing stacking depth, and
introducing 7 x 7 separable convolutions for implicit positional
encoding, among other improvements).

lll. METHOD DESIGN

This paper presents a lightweight improved network struc-
ture for brain tumor detection, based on targeted optimizations of
the YOLOv12n framework. The overall network consists of three
parts: the improved backbone, the multi-scale feature fusion net-
work (neck), and the detection head (head). The A2C2f-CGLU-DYT
module is introduced in the backbone to enhance local feature
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extraction and nonlinear modeling capabilities. During the feature
fusion stage, the C2TSSA module is added to capture global con-
text information using an efficient self-attention mechanism. At the
output end, the CGAFusion module is designed to fuse shallow
detail features with deep semantic features, improving the detection
accuracy for multi-scale tumors, especially small targets. The overall
framework is shown in Fig. 1.

A. A2C2f-CGLU-DYT module

Brain tumors often exhibit varied shapes and blurred bound-
aries, requiring both detailed feature capture and global informa-
tion acquisition. Ordinary convolutions are limited by their local
receptive fields and lack the ability for global modeling, while con-
ventional attention mechanisms are computationally expensive and
not conducive to lightweight deployment. To address this, this
paper introduces an improved A2C2f-CGLU-DYT module, which
enhances feature extraction ability and computational efficiency
while maintaining the structural advantages, as shown in Fig. 2.

First, the input feature map undergoes channel adjustment
and preliminary feature extraction through convolution layers. It
then passes into the backbone structure, composed of n stacked
Ablock-CGLU-DYT units. In each Ablock-CGLU-DYT module, the
Convolutional Gated Linear Unit (CGLU) restricts channel interac-
tions within the local receptive field, thus reducing computational
cost and improving parameter efficiency while ensuring feature
expression capability. Building on this, the Dynamic Tanh (DYT)*!
mechanism is introduced at the CGLU* output. This mechanism
adaptively adjusts the stretching range of Tanh based on the input
magnitude, enhancing nonlinear modeling ability and improving
robustness to changes in input magnitude. After multiple layers of
stacking, the output features are fused through convolution layers
and integrated with the initial input branch under the attention
mechanism, ultimately generating enhanced feature maps that com-
bine both global semantic information and local detail features.
Compared to the original module, the A2C2f-CGLU-DYT signifi-
cantly improves feature extraction capability and model robustness
while retaining the advantages of the residual structure.

B. C2TSSA module

In brain tumor detection tasks, tumor regions often exhibit
features with both blurred boundaries and significant global mor-
phological differences. Relying solely on convolutions is insufficient
for capturing long-range dependencies, while conventional self-
attention mechanisms suffer from high computational complexity
and slow inference speeds. To improve global information modeling
ability while ensuring real-time performance, this paper introduces
the C2TSSA module, as shown in Fig. 3.

The processing flow of the C2TSSA module is as follows: First,
the input feature map is passed through convolution layers for chan-
nel adjustment and initial feature transformation for subsequent
processing. Then, the convolved feature map is split along the chan-
nel dimension into two parts: one part is directly retained as a
residual branch, which will be fused with the backbone features
to enhance information flow and gradient propagation; the other
part enters the backbone branch and sequentially passes through
multiple stacked TSSA (Token Statistics Self-Attention) modules.
The TSSA" module utilizes a variational maximum coding rate
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objective to achieve more efficient attention computation. The core
idea is to divide the tokens into multiple semantic groups, making
features within the same group more compact and features from dif-
ferent groups more dispersed, thereby reducing computation while
enhancing the ability to distinguish features. With this mechanism,
TSSA can effectively capture global information without the need
to compute attention weights between tokens individually, and it

combines local feature extraction ability to achieve multi-scale infor-
mation fusion and global context modeling. After the TSSA stacking
process, the features output from the backbone branch are concate-
nated with the features from the residual branch along the channel
dimension, combining global attention features with the original
local detail information. Finally, convolution layers are applied to
fuse and re-encode the concatenated features, outputting feature
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maps that retain details while enhancing global perception, provid-
ing more expressive feature representations for subsequent detection
or recognition tasks.

C. CGAFusion (content-guided attention feature
fusion) module

In brain tumor detection, accurately fusing features from dif-
ferent levels is key to improving model performance. Traditional
feature fusion methods often focus on simple concatenation of shal-
low detail features and deep semantic features, but this approach
tends to overlook the differences in importance between features
from different levels when dealing with complex multi-scale objects.
To address this issue, this paper introduces a content-guided fea-
ture fusion module—CGAFusion,** which uses a dynamic weighting
mechanism to adaptively adjust the fusion of shallow and deep fea-
tures based on the content at each position, thereby more effectively
enhancing the accuracy of multi-scale tumor detection, as shown in
Fig. 4.

This structure is designed to fully combine the advantages of
low-level features Fj,, and high-level features Fy;y during the fea-
ture fusion stage, thereby obtaining more expressive fused features.
The specific process is as follows: First, Fi,,, and Fy,g, are element-
wise added to obtain an initial fused feature that contains both
spatial details and semantic information, which is then input into
the CGA module. The CGA generates a weight matrix W, where
the values typically range from 0 to 1, used to dynamically mea-
sure the importance of low-level features at different positions. At
the same time, 1-W is calculated as the weight for high-level fea-
tures, achieving complementarity between the two features in spatial
positions. Next, Fy,, is multiplied by W, and Fyg is multiplied
by 1-W to highlight their respective important parts. These two
parts are then summed to achieve weighted fusion. Finally,a 1 x 1
convolution layer is applied to compress and mix the information
along the channel dimension, generating the final fused feature F f;,
which retains low-level detail information while introducing high-
level global semantics, providing richer and more balanced feature
representations for subsequent tasks.

IV. EXPERIMENT
A. Dataset

This study utilizes the publicly available Brain Tumor Detection
dataset from Kaggle,*” comprising anonymized MRI scans of menin-
gioma, glioma, and pituitary tumors. The dataset was split into 2451

P

Low-level
Features

FIG. 4. CGAFusion module.
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Glioma Meningioma

Pituitary tumor

FIG. 5. Image samples of the brain tumor datasets.

training and 613 testing images. As shown in Fig. 5, the distinct mor-
phological characteristics, ranging from well-defined meningiomas
to irregular, edema-surrounded gliomas and sellar region pituitary
tumors, provide a diverse and challenging benchmark for evaluating
the proposed method.

B. Experimental platform and hyperparameter
setting

Experiments were conducted on an Ubuntu 20.04 system using
PyTorch 1.10.0, Python 3.8, and CUDA 11.3. The hardware setup
included an NVIDIA RTX 4090 GPU (24 GB), an AMD EPYC 7T83
CPU, and 90 GB of RAM. Training employed an input resolution of
640 x 640, a batch size of 64, and 200 epochs. Optimization utilized
an initial learning rate of 0.01, a momentum of 0.937, and a weight
decay of 0.0005.

C. Evaluation indicators

The experiments in this paper use F1 score, Precision (P), Recall
(R), Average Precision (AP), and mean Average Precision (mAP)
as evaluation metrics*® and also consider the number of parameters
(Parameters), with the calculation expressions as follows:

Tp

Precision = , (1)
Tp + Fp
T,
Recall = —F | 2
eca Tp + Fx @
1
AP - / P(R)dR, (3)
0
1 n
mAP = =) AP(i), (4)
nizo
F1- 2 x Precision x Recall )

Precision + Recall

where T}, represents the number of correctly detected objects, F, rep-
resents the number of incorrectly detected objects, Fyx represents the
number of missed detections, n represents the number of classes,
and AP(i) represents the average precision of the i-th object class.
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V. EXPERIMENTAL ANALYSIS

A. Comparison of results from multiple
different models

To further validate the comprehensive performance advan-
tages of the proposed method across different detection models, this
section compares it with several mainstream object detection mod-
els on the Brain Tumor dataset. The comparison metrics include
precision, recall, mAP@0.5, inference speed (FPS), computational
complexity (GFLOPs), and the number of parameters (Params)
to provide a thorough evaluation of the model’s performance in
detection accuracy, computational cost, and real-time capability.

Table T presents a comparison of the detection performance,
inference speed, and computational complexity of YOLOV5s,
YOLOV8n, YOLOv10n, YOLOv1ln, YOLOv12n, RT-DETR-r18,
and the proposed method on the Brain Tumor dataset. As shown,
the proposed method achieves the best results in the three core
evaluation metrics—precision, recall, and mAP@0.5, improving by
0.7%, 0.9%, and 1.2%, respectively, compared to the baseline model
YOLOvI12n. This indicates a clear advantage in overall detection
accuracy and recall ability. Compared to other YOLO series mod-
els, the proposed method shows varying degrees of improvement in
mAP@0.5, especially improving by 3.5% over YOLOv10n, demon-
strating the effectiveness of the designed multi-scale attention and
dynamic convolution structures in feature extraction and object
recognition. In terms of inference speed, the proposed method
achieves 476.1 FPS, which is lower than YOLOv12n and YOLOv10n
but still significantly higher than RT-DETR-r18, fully meeting real-
time detection requirements. Regarding computational complexity,
the proposed method has 8.3 GFLOPs and 3.13M parameters, which
is slightly higher than YOLOv12n but much lower than high-
complexity models, such as RT-DETR-r18. Overall, the proposed
method achieves comprehensive improvements in detection accu-
racy, recall, and mAP while maintaining a low computational cost,
with inference speed still at a high level. This reflects a good balance
between accuracy and speed and strong potential for application.

As shown in Table II, the proposed method achieves state-of-
the-art performance across all three tumor categories. Most notably,
in the challenging Glioma category, our model attains an accuracy
of 84.6%, outperforming YOLOv10n by a significant margin of 8.6%
and surpassing the latest YOLOv12n. Furthermore, our method
maintains the highest precision in meningioma (98.6%) and pitu-
itary tumor (98.2%) detection, demonstrating superior robustness

TABLE I. Comparison of results from multiple models.

Params
Algorithms  Precision Recall mAP@0.5 FPS GFLOPS (M)
YOLOV5s 92.3 86.1 93.1 303.0 15.8 7.01
YOLOv8n 90.4 85.6 91.2 400.0 8.1 3.00
YOLOv10n 87.6 85.0 90.3 4347 8.2 2.69
YOLOvllin 91.7 86.7 93.0 454.5 6.3 2.58
YOLOvI12n 92.0 86.5 92.6 625.0 5.8 2.50
RT-DETR-r18 92.5 86.9 92.8 196.0 56.9 19.87
Ours 92.7 87.4 93.8 476.1 8.3 3.13

pubs.aip.org/aip/adv

TABLE II. Comparison results of multiple algorithms in Average Precision (AP/%).

Algorithms
Category YOLOv8n YOLOv1On YOLOvlln YOLOvI2n Ours
Meningioma 98.2 97.8 97.9 98.3 98.6
Glioma 79.3 76.0 84.0 82.5 84.6
Pituitary_tumor 96.1 97.3 97.2 97.1 98.2

and effectiveness in handling both complex and standard medi-
cal imaging tasks. This consistent superiority over the most recent
YOLO iterations validates the efficacy of our architectural opti-
mizations in capturing subtle pathological features that standard
models often miss. Consequently, the proposed algorithm offers
a highly reliable solution for computer-aided diagnosis, ensuring
stable performance across cases with varying degrees of detection
difficulty.

To visually validate the effectiveness of the proposed method in
complex clinical scenarios, we compared the visualization results of
our improved model (ours) against mainstream YOLO series models
(YOLOV8n-v12n) on three challenging cases. As shown in Fig. 6, our
method demonstrated superior detection precision and confidence.
Specifically, in the detection of a small Glioma sample with blurred
boundaries (left panel), the latest YOLOv12n failed to detect the
tumor entirely, and while YOLOv10n and YOLOv11n detected the
target, they exhibited uncertainty with low confidence scores of 0.59
and 0.64, respectively; in contrast, our method accurately localized
the lesion with a high confidence of 0.87. Furthermore, in the pitu-
itary tumor classification task (middle panel), YOLOv8n critically
misclassified the tumor as meningioma, and YOLOv12n showed a
dangerously low confidence of 0.46, whereas our method correctly
identified the tumor with a robust confidence of 0.86. Even in the
simpler case (right panel), our method achieved the highest confi-
dence score among all models. These qualitative results confirm that
our improved algorithm effectively addresses the issues of missed
detections, misclassifications, and low confidence present in existing
models, significantly enhancing diagnostic reliability.

B. Analysis of the model’s cross-dataset
dgeneralization ability

In the analysis of the model’s cross-dataset generalization abil-
ity, Table III presents the performance of different object detection
algorithms across several key metrics, including precision, recall,
and mAP@0.5. By comparing the performance of different algo-
rithms, a more comprehensive evaluation of their detection accuracy
and computational efficiency on the Blood Cell Count dataset'”**
can be achieved.

As shown in Table III, the proposed algorithm outperforms
all comparative models across all evaluation metrics. Specifically,
it achieves an mAP@0.5 of 94.1%, surpassing YOLOv11n by 1.7%,
which demonstrates stable comprehensive performance. Most crit-
ically, our method attains a recall of 92.8%, significantly reducing
the missed diagnosis rate; this is vital for early clinical screen-
ing. Simultaneously, we maintain the highest precision (86.2%),
effectively avoiding the false positive issues observed in RT-DETR-
r18 (80.6%). These quantitative results confirm that the improved
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FIG. 6. Comparison of detection results of different models on multi-class brain
tumor images: (a) YOLOv8n, (b) YOLOv10n, (c) YOLOv11n, (d) YOLOv12n, and
(e) ours.

strategies not only significantly enhance feature extraction capa-
bilities but also achieve an optimal balance between precision and
recall, demonstrating superiority over existing YOLO variants and
transformer-based algorithms.

Figure 7 shows the practical application results of YOLOv12n
and ours in the cell detection task, particularly in the performance

pubs.aip.org/aip/adv

TABLE llI. Accuracy comparison of different models on the Blood Cell Count dataset.

Algorithms Precision Recall mAP@0.5
YOLOvV8n 85.7 89.3 92.2
YOLOv10n 79.4 87.2 88.1
YOLOvllin 85.8 90.2 92.4
RT-DETR-r18 80.6 89.1 90.0
Ours 86.2 92.8 94.1

of object detection in cell images. From the detection boxes and
corresponding confidence values, we can observe some significant
differences. First, YOLOv12n [Fig. 7(a)] accurately detects most
cell types in the image, such as red blood cells (RBCs) and white
blood cells (WBCs), and assigns corresponding confidence values.
However, some of the denser targets have lower confidence val-
ues. Additionally, YOLOv12n has some redundant detection boxes
for certain cells, which may result in multiple boxes detecting the
same target in some cases. In contrast, ours [Fig. 7(b)] demonstrates
higher detection accuracy, particularly in the confidence values of
the cells, where most detection boxes have confidence values sig-
nificantly higher than YOLOv12n. For example, the confidence for
platelets reaches 0.96 and 0.95, and RBCs also often receive high
confidence values, indicating that ours is more accurate in detecting
dense targets and can handle target recognition better. Moreover,
the detection box distribution of ours is more precise, with fewer
redundant boxes, showing better detection efficiency and accu-
racy. Overall, ours outperforms YOLOv12n in terms of precision,
object detection accuracy, and robustness. In particular, in dense tar-
get detection and high-confidence predictions, ours demonstrates
stronger capability, providing more reliable detection results in
diverse cell images. These advantages make the custom model
notably competitive in cross-dataset generalization and practical
applications.

C. Ablation experiment

To evaluate the impact of each improvement module on model
performance and computational overhead, ablation experiments
were conducted based on YOLOv12n, testing the effects of CGA-
Fusion, C2TSSA, A2C2f-CGLU-DYT, and their combinations. By
comparing metrics such as precision, recall, and mAP@0.5, the role
and trade-offs of different modules in improving detection accuracy,
recall, and speed were analyzed.

The ablation experimental results in Table IV clearly demon-
strate the advantages of our method over the original YOLOv12n.
Based on the YOLOv12n baseline, the introduction of CGAFu-
sion, C2TSSA, and A2C2f-CGLU-DYT modules leads to improve-
ments across different performance metrics. Specifically, CGAFu-
sion increases precision by 1.2%, while C2TSSA and A2C2f-CGLU-
DYT raise recall by 2.4% and 4.4%, respectively. Ultimately, with
the combined multi-module approach, mAP@0.5 reaches 93.8%,
representing a 1.2% improvement over the baseline and achiev-
ing the best overall performance. These results indicate that our
proposed strategy can significantly enhance recall while main-
taining high precision, thereby comprehensively outperforming
YOLOvI12n.
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TABLE IV. Results of the ablation experiment.

Number Experiments Precision Recall mAP@0.5

1 YOLOv12n 92.0 86.5 92.6

2 YOLOv12n+CGAFusion 932 871 93.5

3 YOLOV12n+C2TSSA 915 889 93.3

4 YOLOv12n+A2C2{-CGLU- 91.7 909 93.1
DYT

5 YOLOv12n+A2C2{-CGLU- 927 874 9338
DYT+
C2TSSA+CGAFusion

VI. CONCLUSION

This paper addresses the challenges of low contrast, small
targets, and blurred boundaries in brain tumor detection in medi-
cal images and proposes a lightweight improved detection method
based on the YOLOv12n framework. By introducing the A2C2f-
CGLU-DYT module to enhance local feature extraction and nonlin-
ear modeling capabilities, utilizing the C2TSSA module to improve
global context information modeling, and combining the CGAFu-
sion module for efficient fusion of shallow detail and deep semantic
features, the proposed method significantly improves the model’s

(b)

FIG. 7. Comparison of detection results of different models on the Blood Cell Count dataset: (a) YOLOv12n and (b) ours.

detection performance. Experimental results show that the method
achieves 92.7% precision, 87.4% recall, and 93.8% mAP@0.5 on the
Brain Tumor dataset and 94.1% mAP®@0.5 on the Blood Cell Count
dataset, significantly outperforming the baseline YOLOv12n model.
Ablation experiments also validate the effectiveness of the individual
improvement modules.

Overall, the proposed method achieves a balance between pre-
cision and speed while maintaining low computational overhead,
with high potential for clinical application. However, the current
method still has limitations, such as relatively high computational
resource consumption in ultra-high-resolution medical images and
room for further improvement in detecting very small lesions.
Future work will focus on enhancing the detection of small tumors
by exploring high-resolution feature retention and adaptive atten-
tion mechanisms. Additionally, we plan to validate the model’s
robustness across diverse medical imaging datasets and clinical set-
tings to further strengthen its generalization capability and clinical
applicability.
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