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ABSTRACT: Brain tumor detection from magnetic resonance imaging (MRI) is an important task for supporting
early diagnosis and treatment planning. However, accurate detection is still challenging because tumor regions often
have weak boundaries, variety of sizes, and similar intensity. To address these issues, we propose AMASA-YOLO,
which is an adaptive spectral and sparse-guided attention framework for MRI brain tumor detection. Our model is
built on a YOLO-based architecture and introduces two main modules. First, the Adaptive Spectral Mamba-Inspired
Attention (ASMA) block is used to improve feature extraction by combining spatial attention with spectral feature
refinement. This allows the model to capture long-range information while preserving texture and boundary-related
details. Second, the Sparse-Guided Group Attention (SAGA) block is added before the detection head to strengthen
multi-scale feature representation through sparse self-attention and cascaded group attention. The proposed method
is evaluated on the BraT'S20 and Br35H datasets and compared with several recent detection models. Experimental
results show that AMASA-YOLO achieves strong performance in several key metrics on both datasets. It reaches 0.9545
recall, 0.9579 mAP50, and 0.7198 mAP50-95 on the BraT'S20, and 0.9557 mAP50 on the Br35H. The ablation studies and
qualitative results further demonstrate that ASMA and SAGA improve tumor localization and detection robustness,
indicating that the proposed model can provide a promising MRI-based brain tumor localization framework with
moderate computational complexity.
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1 Introduction

A brain tumor is an abnormal proliferation of cells producing abnormal tissue within or surrounding
areas of the brain [1,2]. Brain tumors can be classified as either benign or malignant. Benign tumors, such as
meningiomas and pituitary tumors, generally grow slowly and usually do not invade surrounding tissues. On
the other hand, malignant tumors such as glioblastomas pose dangerous threats with rapid growth capacity,
are highly invasive, and are often difficult to remove completely. The development of these tumors leads
to the disruption of neural function, resulting in critical neurological impairments with severe symptoms
such as headaches, vision impairment, or decline in cognitive ability, etc. Without early diagnosis and
appropriate treatment, brain tumors may develop further and cause long-term neurological complications
such as memory loss, critical physical disability, or life-threatening conditions [3].

The treatment of brain tumors requires different therapeutic approaches depending on the stage and
progression of the tumor. The tumor’s complex shape and heterogeneous structure make clinical diagnosis
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challenging. Therefore, early detection and accurate tumor localization are critical for diagnosis, prognosis,
and treatment planning. In recent years, advances in automatic object detection methods in medical imaging
have significantly assisted doctors and clinical experts in the diagnostic process, especially in brain tumor
detection and segmentation [4]. Conventional Machine Learning (ML) approaches have been applied to
brain tumor detection and segmentation tasks. However, their performance often depends significantly on
manually designed or handcrafted features, such as texture, shape, and intensity characteristics, which may
limit their ability to effectively represent complex and multidimensional medical image data. On the other
hand, Deep Learning (DL) models have achieved remarkable results due to the exceptional feature extraction
capabilities of the Convolutional Neural Networks (CNNs) in the medical image analysis field, particularly
in brain tumor detection and segmentation tasks [5,6].

With the rapid advancement of DL, object detection architectures have achieved remarkable perfor-
mance across various applications. Some notable examples include Region-Based Convolutional Neural
Network (R-CNN) [7], Single Shot MultiBox Detector (SSD) [8], and the variants of You Only Look Once
(YOLO) series [9-13]. Among these methods, the YOLO family has gained significant attention due to its
strong detection performance, high efficiency, and continuous development across multiple generations.
The YOLO-based models are widely recognized for their end-to-end, rapid image processing and high
efficiency via sequential probability predictions over grid partitions, offering significant opportunities for
medical image applications that require quick and accurate detection. In recent years, several studies have
developed YOLO-based models with various modifications for brain tumor detection to support clinical
diagnosis [14-16]. However, several difficulties remain for further improvement, including low detection
accuracy for small, irregularly shaped, or low-contrast tumors, poor performance on high-dimensional,
complex Magnetic Resonance Imaging (MRI) images, and difficulties in capturing long-range dependencies.

The development of the Vision Transformer (ViT) structure has attracted significant attention, par-
ticularly in the field of medical image analysis. The ability to extract global context features via the
transformer module’s self-attention mechanism has enabled modeling for long-range dependencies more
effectively than conventional convolution-based approaches [17]. The Real-Time Detection Transformer
(RT-DETR) [18] leverages a transformer-based design to improve the performance of the detection task.
However, transformer-based models normally require extensive input data to achieve effective global feature
extraction, resulting in high computational cost and intensive memory demands, thereby limiting practical
implementation. On the other hand, State-space models (SSMs) such as Vision Mamba [19] allow more
effective analysis of long-range dependencies via a selective scan mechanism along the input sequence,
while significantly reducing computational cost that scales linearly with the input sequence length. Thus,
it enables a better understanding of long-range features without sacrificing computational cost or intensive
memory requirements.

Although the existing models have achieved positive results in the general object detection tasks,
medical image analysis remains challenging. The targets may lack clear boundaries and may be partially
occupied by other objects, which directly affect the model’s performance. In terms of MRI, the detection task
is still difficult because tumor regions can have large variations in size, shape, intensity, and location [20].
Some tumors appear with unclear margins and have similar intensity to nearby normal tissues, which
makes it harder for the model to separate the tumor from surrounding brain structures. These factors
can reduce the stability of feature extraction and weaken the generalization ability of the model when
testing data come from different centers or imaging conditions [21]. Recent studies tried to improve this by
using ensemble transfer learning [22] and optimized EfficientNet-based models [23]. Another study [24]
tried to use the foundation of contrastive learning with a dual-branch design to deal with the limited-
label conditions. These works demonstrate the value of strong feature extraction, but they mainly focus on
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image-level recognition rather than precise tumor localization. Regarding the detection task, although recent
YOLO-based detectors have shown promising performance for brain tumor localization, three issues remain
inadequately addressed. First, MRI tumors often have weak boundaries and similar intensity to surrounding
tissues, making purely spatial convolutional features unstable. Second, many YOLO-based models focus on
local multi-scale features but have limited ability to model long-range contextual relations across the brain
region. Third, frequency-domain information, which may contain useful boundary and texture cues, is rarely
combined adaptively with spatial attention in MRI detection. These limitations motivate a new framework,
where it learns complementary spatial-spectral representations and is able to refine multi-scale features
before detection.

In this paper, we propose AMASA-YOLO, an adaptive spectral and sparse-guided attention framework
for MRI brain tumor detection. The main idea is to improve tumor localization by learning both spatial
and spectral feature representations from MRI images. To achieve this, the proposed model introduces an
Adaptive Spectral Mamba-Inspired Attention (ASMA) block to capture long-range spatial features while
refining frequency-domain information. This design helps the network focus on weak tumor boundaries
and important texture patterns. In addition, a Sparse-Guided Group Attention (SAGA) block is used to
further refine multi-scale features in the detection stage. By combining sparse self-attention and cascaded
group attention, SAGA helps the model handle tumors with different sizes, shapes, and appearances. Thus,
the proposed framework aims to improve detection accuracy while maintaining reasonable computational
complexity for practical medical image analysis. The contributions of our work are highlighted as follows:

o We propose the AMASA-YOLO model, which is an adaptive spectral and sparse-guided attention
framework for MRI brain tumor detection. This mainly aims to improve localization accuracy in more
complicated tumor cases.

«  We introduce the ASMA block, which combines Mamba-Inspired spatial attention with spectral
information refinement to better capture long-range features, preserve boundary and texture-
related information.

o We design the SAGA block to strengthen multi-scale feature refinement through sparse self-attention
and cascaded group attention, improving detection across different tumor sizes and appearances.

o  Experiments on BraT'S20 and Br35H datasets show that the proposed method achieves strong perfor-
mance compared with recent baselines in several metrics, and overall tumor detection stability.

The remainder of this manuscript is structured as the following sections. Section 2 reviews related stud-
ies on YOLO-based models for brain tumor detection, long-range dependency modeling in medical imaging
and spectral and attention-based feature refinement. Section 3 presents the proposed AMASA-YOLO model
in detail, including the ASMA block and SAGA blocks. Then, Section 4 provides the experimental results
with configuration details and metric assessment, covering quantitative and qualitative evaluations as well
as ablation studies. Finally, Section 5 concludes the paper and outlines directions for future work.

2 Related Work
2.1 YOLO-Based Models for Brain Tumor Detection

The DL approaches have greatly improved medical image analysis over time, especially CNN-based
models, which have significantly advanced feature extraction, classification, detection, and segmentation
in existing medical image analysis challenges. In particular, YOLO-based variant models, which efficiently
adapt CNN modules to their structure, have proven highly effective for medical object detection across
several applications, including brain tumor detection [25,26]. Over the last decade, the YOLO model
has undergone various developments, including architecture enhancements, multi-scale feature pyramid
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analysis, and the incorporation of attention mechanisms [27], to increase the model’s robustness and improve
detection results.

In recent years, several YOLO-based DL models have been proposed specifically aimed at brain tumor
detection and segmentation problem. The RCS-YOLO was introduced in [28] to improve the performance of
YOLO-based models for brain tumor detection. The RCS-YOLO implements Reparameterized Convolution
in Shuffle Channel, incorporating the One-Shot Aggregation (OSA-RCS) mechanism, and outperforms
predecessor YOLO versions in both accuracy and processing speed. Another approach has tackled the brain
tumor detection task by constructing a YOLOv8 backbone, YOLO-NeuroBoost [3], that incorporates a
dynamic Convolution layer, KernelWarehouse, and a CBAM attention mechanism. In another study, the
YOLO-BT model in [29] was proposed with an architecture based on YOLOv11 and UNetV2 as the backbone
for brain tumor detection in MRI images. The authors introduced the Bi-directional Feature Pyramid
Network (BiFPN) module to produce two-way fusion of cross-scale features, and added the Deformable
Large Kernel Attention (D-LKA) mechanism to improve the model’s performance against small and irregular
tumor morphology. The YOLO-BT model achieves the highest values of 0.945 in mAP50 and 0.672 in
mAP50-95 from the Figshare Brain tumor dataset.

The main advantage of the architectures is their ability to process images quickly and their high resolu-
tion of local multi-scale details. However, the primary disadvantage is their limited range of convolutional
responses, which makes it challenging to model long-range dependencies in complex MRI cases. Thus,
investigating long-range features has become a more effective way to capture global spatial context, which can
help address the limited ability of conventional convolution-based YOLO architectures to model long-range
relationships in complex medical images.

2.2 Long-Range Dependency Modeling in Medical Iimaging

Several studies have been conducted to incorporate the advantages of global context and long-range
dependencies into the YOLO-based models, such as YOLOS and ViT-YOLO [30,31]. More recent YOLO
architectures have also introduced attention-based mechanisms to improve contextual feature modeling.
For example, YOLOvI1I and YOLOVI2 incorporate the attention module together with convolution-based
blocks, enabling enhanced feature interaction without being characterized as a CNN-Transformer hybrid
architecture. Other recent YOLO variants have investigated more explicit attention-oriented designs for
capturing long-range dependencies. On the other hand, the YOLOv13 model [13] introduced a global
hypergraph correlation module, Hypergraph-based Adaptive Correlation Enhancement (HyperACE), that
leverages long-range dependencies within a hypergraph network for efficient global cross-location and
cross-scale feature fusion.

Mamba has recently emerged as an SSM approach that excels at modeling long-range dependencies
with high efficiency and computational speed [32]. Since then, many researchers have explored with the
use of Mamba in medical image analysis as an alternative module for ViT, such as U-Mamba [33], Vision
Mamba [19], etc. Mamba has also been integrated into YOLO-based models to exploit global context, expand
the model’s receptive field, and further improve its performance. The Mamba-YOLO [34] introduced the
ODSSBlock to replace the conventional C2F module, which combines local spatial features extracted by
the LSBlock in combination with the linear long-range dependencies from the SSM presented in Mamba
to enhance the model’s robustness. Another approach also integrates the Mamba-Like Linear Attention
(MLLA) [35] to capture long-range dependencies while preserving the computational efficiency.

Although ViT-based architectures can effectively model global contextual information, they gener-
ally require substantial computational resources and large amounts of training data. Mamba-based State
Space Models (SSMs) provide an efficient alternative for modeling long-range dependencies with linear
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computational complexity. When adapted to visual tasks, however, Mamba-style SSMs commonly use
selective scanning to transform two-dimensional feature maps into directional sequences for state-space
processing. Such sequential modeling may not fully preserve fine-grained local spatial structures if used
alone. Mamba-YOLO mitigates this limitation through its ODSSBlock, which combines the SS2D-based
long-range modeling mechanism with convolutional and gated local feature processing in the RG Block.
Therefore, the limitation is associated with the selective state-space scanning mechanism rather than Mamba-
YOLO as a complete detection architecture. Nevertheless, effectively balancing local structural information
with long-range contextual dependencies remains important for medical image analysis, particularly for
detecting irregular tumor boundaries and preserving subtle edge and texture information.

2.3 Spectral and Attention-Based Feature Refinement

Implementing frequency-domain techniques to analyze, denoise, restore images, extract insightful
information, etc., has been intensively developing across a broad range of applications. In [36], the Discrete
Wavelet Transform (DWT) techniques are implemented in the max pooling-wavelet hybrid layer (MWHL).
It is designed to generate shallow, high-frequency components to enhance deep semantic representations,
thereby reducing quality loss in image restoration and semantic ambiguity in infrared small-target detec-
tion. In another approach [37], the High-Low Frequency Decomposition (HLFD) block is introduced for
image enhancement and restoration within the HLNet. The HLFD blocks enable the HLNet to address
multiple image degradations by efficiently exploiting high- and low-frequency information during feature
extraction stages.

On the other hand, frequency-domain analysis techniques are also used to enhance feature extrac-
tion and attention mechanisms. The RFW-YOLO [38] implements the Wavelet Transform Convolution
(WTConv) [39] module in a YOLOVI11 backbone structure, which exploits the wavelet transform’s multi-
resolution analysis capability to enrich the feature extraction process via expanding the receptive field
of the model. A similar approach is also presented in ENHF-YOLO [40] for small-target detection in
remote sensing, which uses the Frequency Domain Dynamic Convolution (FDConv) module to enhance
fine-grained features via convolutional layers with frequency-aware kernels. In another study, the Fourier
transform is implemented in the Efficient Multi-scale feature extraction and Noise Filtering (EMNF) and
differential edge enhancement detection path (DEEP) modules of the FDL-YOLO [41] to enhance feature
extraction while maximizing computational efficiency for real-time traffic detection problem. However, rely-
ing solely on frequency-domain techniques may lead to the omission of essential spatial features, especially in
complex medical image applications. Therefore, exploiting both spatial and spectral representations proved
an effective and meaningful feature-extraction step in YOLO-based models.

Despite the notable achievements of YOLO-based models and Mamba in medical image analysis, there
remain research gaps in a precise, real-time deep learning architecture that efficiently and robustly models
long-range dependencies under complex and limited MRI brain images. Persistent limitations in brain tumor
detection include insufficient modeling of long-range dependencies, difficulties in capturing irregular tumor
morphology, and challenges in detecting tumors in heterogeneous or infiltrative regions [42]. The YOLO
backbone provides rich, locally extracted features from input images, whereas the Mamba-based modules
model global context features more efficiently and effectively. Moreover, spectral representations would
greatly contribute to the feature extraction step by providing frequency-domain information combined with
spatially extracted features in YOLO backbones.

However, a major drawback in the frequency domain processing of images is that no information
regarding the spatial structure of the image is kept. This precision in spatial location is frequently lost,
leading to high localization errors or shifted bounding boxes. Based on previous studies, it is expected that
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a DL model constructed with these techniques will achieve high detection performance in brain tumor
detection. Indeed, the domain imbalance is addressed directly by designing a learnable gated fusion layer
within the ASMA block, as in AMASA-YOLO. Our network does not use a fixed spectral transform; instead,
it flexibly allocates the spatial interactions of the tokens to reconstructed frequency components depending
on the feature maps. This provides our framework with a unique point of view that offers a balanced
representation best suited for complex, weak-boundary medical images. To better clarify the gaps, Table 1
summarizes representative YOLO-based, attention-based, Mamba-related, and frequency-domain detection
studies. Since these methods were evaluated under different datasets and experimental protocols, the table
does not compare exact numerical values directly. Instead, it summarizes the key reported performance and
the main technical limitation of each method.

Table 1: Summary and comparison of related YOLO detection studies.

Study Main Method Dataset Key Performance Limitation/Gap
Mainly strengthens convolutional
fviotigéb;l::ijtegzczte(zir Brain tumor MRI Improved detection feature extraction, but does not
RCS-YOLO [28] con I;I tion and dataset accuracy and speed over explicitly model long-range
0s A—RV C Sumechanism earlier YOLO variants  dependency or spectral boundary
information
YOLOVI1I1-based detector Achieved stron Uses large-kernel attention and
YOLO-BT [29] with UNetV2 backbone, Self-collected localization perfor nt;;ance feature fusion, but does not directly
- BiFPN, and D-LKA dataset . P . integrate spectral magnitude/phase
. for brain tumor detection . . .
attention refinement with spatial attention
Although ODSSBlock incorporates
local feature modeling to
. complement the SSM, its
Mamba- YOLO framework with General obiect  lon l_lrefri)reter(i erfgsceli{[l:tion long-range component still relies
YOLO [34] Mamba-style long-range detection da’gasets gwithgcomp etitive on selective state-space scanning; it
’ dependency modeling . P does not explicitly integrate
detection performance
spectral boundary-texture
refinement with spatial contextual
modeling.
Demonstrates the usefulness of
Mamba-like linear attention, but
) Improved precision, the method mainly focuses on
YOLO- MYarcr)lll;aO—YillSe‘ﬁlri}elar Self-collected recall, convergence attention and loss design; it does
MLLA [35] attention dataset stability, and real-time not include explicit
detection frequency-domain
boundary-texture refinement or
adaptive spatial-spectral fusion
. WTConv expands receptive field
Improved precision, i
recall. mAP and through wavelet decomposition,
YOLOv11 with WTConv, Anti-UAV ’ ’ but frequency processing is

RFW-YOLO [38]

and transfer learning  infrared dataset

small-target detection
compared with YOLO
baselines

relatively fixed and not adaptively
fused with long-range spatial
attention

(Continued)
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Table 1 (continued)

Study Main Method Dataset Key Performance Limitation/Gap

Strongly preserves high-frequency
details, but its frequency-aware

Six Consistent improvement  design depends on coordinated
ENHF- . . . . . .
YOLO [40] YOLOvVI1 with FDConv ~ remote-sensing  in small-target detection multi-module fusion;
benchmarks and boundary precision FDConv/CKS alone may not
consistently improve all settings
without the full fusion structure
Fourier denoising and edge
. . enhancement improve feature
YOLO detetctor Wlth. BDD100K and Improved. small—f)b] ect quality, but they may introduce an
FDL-YOLO [41] EMNE Fourier-domain Cityscapes detection, noise efficiency trade-off and can risk
noise learning and DEEP yscap robustness, and real-time v

detection datasets

. losing useful structural frequenc
edge-enhancement path traffic detection & dquency

information if not adaptively
controlled

3 Methodology
3.1 Dataset

To evaluate the effectiveness of our proposed models in brain tumor detection, this paper used two
publicly available datasets of brain tumor MRI data:

The first dataset is the Brain Tumor Segmentation Challenge 2020 (BraT'S20) [43-45]. Itis a high-quality,
multi-institutional dataset for brain tumor analysis, specifically segmentation and diagnosis of glioma. It
contains multimodal MRI scans from multiple clinical centers, which helps to increase data diversity and
model generalization. The original 3D MRI volumes were converted into 2D detection samples. To ensure
objectivity, fairness, and reduce the risk of data leakage from neighboring slices of the same volume, only one
representative slice was extracted from each sample. In this work, the T2-FLAIR modality was used because
it provides clear tumor-related abnormal regions in glioma MRI. The selected slice was the axial slice with the
maximum lesion coverage based on the corresponding segmentation mask. The bounding box was generated
by finding the minimum and maximum coordinates of all nonzero lesion pixels in the selected mask.

Secondly, the Brain Tumor Detection 2020 (Br35H) dataset [46] is a binary brain tumor magnetic
resonance imaging (MRI) dataset that is widely used in some studies. Due to its simplicity and ease of use,
it can be used in classification and detection studies. The images were already provided as 2D MRI samples,
so no slice extraction was required. Since the original dataset description does not clearly define the MRI
modality of each image, Br35H was treated as a heterogeneous 2D MRI support dataset.

All images were resized to a resolution of 640 x 640 pixels. The bounding-box coordinates were then
converted into YOLO format. Since the objective of this study was to improve tumor localization, only images
containing tumors were included in the final processed datasets. No data augmentation was used in this
study, as the goal was to provide a standard and reproducible benchmark for future comparison.

3.2 AMASA-YOLO Architecture

The proposed AMASA-YOLO framework is mainly built upon YOLOVI1 [11] architecture. Indeed,
several core YOLO-based components are still kept to preserve the advantages of the original model. As
shown in Fig. 1, the model pipeline is designed for brain tumor detection from MRI images. First, a 640 x 640
image is used as the input. The image is then passed through multiple convolutional layers and Adaptive
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Spectral Mamba-Inspired Attention (ASMA) modules. These modules help improve feature extraction by
capturing long-range dependencies and spectral information from the image. At the final stage of the
backbone, Spatial Pyramid Pooling Fast (SPPF) and Cross-Stage Partial Spatial Attention (C2PSA) modules
are applied to further refine multi-scale features and improve spatial attention. After that, upsampling and
concatenation operations are used to preserve fine-grained information from the extracted features. In
addition, Sparse-Guided Group Attention (SAGA) modules are further incorporated to improve the model’s
object detection performance. Finally, the detection head uses depth-wise and standard convolutional
layers to optimize bounding box regression and classification, allowing the model to localize brain tumors
more accurately.

§ AMASA-YOLO b
) Backbone
Neck

Input
640 X 640

______________________________________________________

A
i
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|_SAGA Detect i
i Output
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Figure 1: The proposed AMASA-YOLO architecture for brain tumor MRI detection.

In this work, several important blocks from YOLOV1], including SPPF, C2PSA, and Detect, are kept to
maintain the advantages of the YOLO-based architecture. The SPPF module is placed near the end of the
backbone to handle objects of different sizes. It is specifically designed to extract multi-scale image features,
allowing the model to better recognize objects with diverse spatial dimensions. This process is achieved using
a series of max-pooling operations with different kernel sizes, which helps the module capture and combine
multi-scale contextual information effectively. In addition, the Cross-Stage Partial Spatial Attention (C2PSA)
module is used as the final block of the backbone to enhance the attention mechanism. This module helps
the model focus more on important regions in the feature maps by learning spatial relationships. Its internal
structure contains dual Partial Spatial Attention (PSA) modules, where each branch extracts complementary
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spatial features. This design helps the model prioritize meaningful spatial information while maintaining a
good balance between processing speed and accuracy. Finally, the detection stage adopts a decoupled head,
where the bounding box regression and class prediction are separated into two independent branches. The
detection head also includes several standard convolutional and depth-wise convolutional layers to further
refine features from earlier stages and improve their spatial and semantic representations. Overall, this design
enhances the architecture and achieves better overall detection performance than earlier YOLO versions.

3.3 Adaptive Spectral Mamba-inspired Attention

To improve feature representation and also maintain computational efficiency, we propose the Adaptive
Spectral Mamba-Inspired Attention (ASMA) block, as depicted in Fig. 2. In particular, ASMA aims to
improve feature representation by combining two complementary branches, such as a token-based attention
branch for local-global spatial feature modeling and a frequency refinement branch for spectral enhance-
ment, which is inspired by [47] and [48]. This design aims to solve two issues in MRI tumor detection. The
spatial branch captures long-range contextual relations so that the model can understand tumor location
relative to surrounding brain structures. The spectral branch refines magnitude and phase information to
strengthen texture and boundary information. The learnable gate then balances these two feature types, so
the network can emphasize spatial localization or spectral detail depending on the input feature response.
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Figure 2: Architecture of the proposed ASMA block.

Initially, the input feature map is defined as X 4sp4 € RBXCxHxW wwhere B, C, H and W denote the batch
size, channel number, height, and width, respectively, ASMA produces an output feature map with the same
size. Then, it applies a depth-wise convolution to process local spatial information:

X, = Xasma + Convaes (Xasma) 1
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Since depth-wise convolution processes each channel separately, it can preserve channel-wise informa-
tion while also adding nearby context. This is important for detection tasks because object boundaries and
small local patterns often need to be maintained before combining global feature information.

The first branch is the Mamba-Inspired Linear Attention Branch. First, the input feature X, is converted
into a token sequence and normalized. Two linear projections are then applied. One projection produces the
main token feature, while the other produces an activation gate:

T; = SiLU (Convsys ( WiNorm(X,))) )
A =SiLU (W,Norm(X,)) 3)

where T represents the token feature; A is the activation gate; W; and W, are learnable linear projections,
and Norm(-) denotes layer normalization. In this branch, the depth-wise convolution helps the token
representation retain local spatial structures before applying long-range feature interaction. Next, the linear
attention module generates query Q, value V and key K features from T;:

Q=Ww,T, K = Wi Ty, V=T (4)

In this design, it is noticed that only query and key are generated by a learnable linear layer. The value
feature is directly taken from the input token feature T;. Thus, the value branch preserves the locally enhanced
feature representation produced before the attention operation. So, the main linear attention is defined as:

0.=Q(K'V)z (5)

where Z is a normalization factor that used to stabilize the attention output. Finally, the attention output is
modulated by the activation feature and projected back:

Ft: Wo(oa GA) (6)

where © denotes element-wise multiplication and W, is the output projection. This modulation process
allows the block to selectively emphasize useful attention responses before sending the feature to the fusion
stage. The key design of this idea is that we follow the efficient long-range modeling idea and linear-attention
interpretation of Mamba, but it does not implement the original selective state-space scan. This distinction is
important because ASMA is designed for 2D detection features, where preserving local boundary structure
is necessary.

In parallel with the attention branch, the second branch is the frequency refinement. The input feature
is first projected by a 1 x 1 convolution and transformed into the frequency domain, and then the complex
spectrum is separated into magnitude and phase components:

S = F (Convixi(X,)) (7)
Mo =18,  Po=2S§ (8)

where F () denotes the 2D Fast Fourier Transform (2D-FFT); M, and P, are the original magnitude and
phase spectra, respectively. The magnitude mainly reflects the strength of frequency components, while the
phase preserves important structural and spatial information. Then, the magnitude is refined by lightweight
1 x 1 convolutional networks. In terms of magnitude component, it uses a soft gate to control adaptively fusion
process:

MIZM()-‘FGm@AM (9)
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where AM is the learned magnitude residual, and G, is a sigmoid gate generated from the original and
refined magnitude features. Similarly, the phase is also refined by 1 x 1 convolutional networks and the result
denote as P’. Thus, instead of forcing all learned spectral corrections into the feature, the updated fusion by
a soft gate leads to the spectral enhancement softer and more stable.

The refined magnitude and phase are then used to reconstruct the complex spectrum and recover the
spatial-domain feature:

Fr=F (M cos(P') + jM'sin(P")) (10)

where j is the imaginary unit and Fy is the frequency-enhanced feature map. This branch helps to
improve robustness against noisy textures or weak object boundaries. Magnitude reflects the strength of
low- and high-frequency responses, while phase contains important spatial-structural information. Weak
mass boundaries and subtle textures are often related to high-frequency components, while overall mass-
region consistency is related to lower-frequency responses. The residual spectral correction may prevent the
frequency branch from dominating spatial localization.

After passing through the two branches, the spatial attention feature F; and the spectral feature F are
combined. Consequently, a learnable fusion gate is generated from their concatenation:

y=0 (BN (Conlel (Concat(Ft, Ff)))) (11)

where BN denotes batch normalization; Concat is channel-wise concatenation; and o is the sigmoid
activation function. The final unified feature is calculated as

F=yoF+(1-y)oF (12)

This gate allows the network to adaptively decide whether spatial-attention information or frequency-
refined information should be emphasized for each feature response. Then, the fused feature is added back
to the input through residual learning as F' = X, + F. Finally, it is followed by another convolution and
Multilayer Perceptron (MLP) layer to make a stable and desired output size:

FASMA = MLP (NOI'l’Il (F, + COHV3><3(F/))) + F’ + COHV3X3(F,) (13)

where F4g4 is the final output of the ASMA block. Thus, ASMA improves the backbone representation from
two complementary directions. In particular, the linear attention branch models long-range spatial depen-
dency with lower complexity than standard self-attention, while the frequency branch refines amplitude and
phase responses to enhance spectral robustness. This contributes to making the architecture more suitable
for complex MRI detection cases with weak boundaries and texture variation.

3.4 Sparse-Guided Group Attention

To refine intermediate feature attention, we develop a combination of two types of attention inspired
by [49] and [50], which we call Sparse-Guided Group Attention (SAGA), as shown in Fig. 3. The Sparse Self-
Attention performs self-attention after rearranging the feature map into small sparse groups, while Cascaded
Group Attention applies window-based attention with cascaded interaction across different channel groups.
Since these two components process features using different attention mechanisms, combining them
sequentially helps the model refine the same feature map through two complementary attention stages, rather
than relying on a single mechanism. These blocks are placed before the detection heads because tumor size
varies strongly across images. This design may help the detection head receive stronger scale-aware features
for small, medium, and large tumor regions.
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Figure 3: Architecture of the proposed SAGA block.

First, the input feature map is represented as X € RE*C*H*W [ ocal positional information is then added
using a 3 x 3 convolution:

Xp = X + COHV3X3(X) (14)

This step aims to enrich the feature map with local spatial features while keeping the same feature shape.
Next, the feature map is rearranged into many small sparse groups with size s x s, where s is the sparse size.
In the case that the spatial dimensions are not divisible by s, padding is needed. Let the padded spatial size
be (H,, W,). The number of sparse groups along the height and width dimensions is defined as:

gh = —, gW = —_— (15)

After rearrangement, the feature map is converted into a collection of short token sequences, represented
as Z ¢ RB&n8)**C Ingtead of applying self-attention over the entire H x W feature grid, attention is
computed independently within each sparse group. For each sparse group, SSA applies standard multi-head
self-attention. Specifically, Query Q, key K, and value V are generated by a linear projection, and the attention
output is computed as:

Attn(Q, K, V) = Soft (QKT)V (16)

n(Q, K, V) = Softmax
Vi,

where d), denotes the dimension of each attention head. The attended features are then projected back to the

original channel width, rearranged into the original 2D layout, and cropped to restore the original spatial

size. After that, an MLP branch is applied and combined with the original residual connection for spatially

aware feed-forward refinement, producing the output feature map defined as Xgg4.

After Sparse Self-Attention, the feature map is normalized again before being passed to the next stage.
This stage operates directly on 2D features using window-based attention. The feature map is first partitioned
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into non-overlapping windows of size r x r. Let the padded height and width be represented as H and W.
Then, the numbers of windows along the two spatial dimensions are defined as:

> nW = (]-7)
r

ny =

ﬁlmz
<

Thus, the windowed feature representation can be defined as X,, € R(Brume)xCxrxr - Afror window
partitioning, the feature map is separated into M channel groups corresponding to the number of attention
heads. Let the feature subset assigned to the i-th group be denoted by X&,i), where i =1,2,..., M. Different
from conventional attention mechanism, these attention groups are processed sequentially. For the first
group, the feature is directly used as the input. For the following groups, the output from the previous group
is added to the current group input. Therefore, the cascaded group feature is defined as:

x{, i=1,
Fi=1_{» (18)
XW + Gi,l, i>1,

where G;_; denotes the refined output produced by the previous group. Thanks to this, the attention groups
are connected progressively instead of being processed independently. The spatial dimensions inside each
window are flattened, and the output self-attention of the i-th group is computed as:

KT\ -
G; = Softmax ( ?/d_l ) Vi (19)
k

where d is the key dimension; while Q;, K; and V; are the query, key, and value for each group, respectively.

Then, the output of each group is reshaped back to the 2D window feature form. After all M groups are
processed, their outputs are concatenated along the channel dimension and projected back to the original
channel width:

P = Concatenate[G; |, Wp (20)

where Wp denotes the projection operation applied after concatenation, and P represents the resulting
grouped attention feature. The feature Xgs4 is then adaptively modulated by P through element-wise
multiplication:

Xcga = Xssa ©P (21

Finally, a lightweight fusion branch can be applied for additional local refinement via a series of
convolution and activation layers:

FSAGA = C01’1V3><3 (GELU (COI’IV3><3(XCGA))) + XCGA (22)

where GELU represents the Gaussian Error Linear Unit activation function. Overall, SAGA benefits from
both sparse grouped interactions and progressive local contextual modeling.

3.5 Bounding Box Optimization

To achieve the accuracy of object detection as for models based on YOLO, loss function optimization
and non-maximum suppression (NMS) are essential and important steps. These processes assure proper
prediction of the coordinates of the bounding boxes and classification of the target objects in the model.
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Because of the nature of anchor boxes and grid-based detection, there are models that create several
overlapping rectangular boxes for the same object. These redundancies in detections are removed as a post-
processing step using NMS. It chooses the bounding box which has the maximum confidence measure and
removes the rest of the boxes around it which have a high Intersection over Union (IoU) with it.

Generalized-IoU (GIoU) [51] extends conventional IoU by additionally considering the smallest enclos-
ing box that contains both the predicted and ground-truth bounding boxes. This provides an optimization
signal even when the two boxes do not overlap. Although IoU directly measures the spatial overlap
between predicted and ground-truth boxes, the conventional IoU loss cannot provide an effective gradient
for bounding-box regression when the boxes are non-overlapping. In addition, IoU does not explicitly
consider the distance between the center points of the two boxes. To address these limitations, Distance-IoU
(DIoU) [52] incorporates the normalized distance between the center points of the predicted and ground-
truth boxes into the loss function, thereby improving bounding-box regression. However, DIoU may still
have limitations in describing differences in box geometry when the center points of the two bounding
boxes coincide or are very close. Therefore, additional geometric information, such as the aspect ratio of the
bounding boxes, can be incorporated into the loss function.

To overcome the limitation of DIoU, Complete IoU (CIoU) [53] is effective in reducing the localization
error of large or irregularly shaped objects due to the constraint of shape consistency. This is done by
considering the normalized distance between center points as well as the aspect ratios of the boxes. The CloU
loss function is directly derived from the DIoU, as given below:

p*(b, be) N

ECIoU =1-IoU+ 2
c

av (23)
where p(-) = |b - b, |, denotes the Euclidean distance between the center points of the predicted bounding
box b and the ground-truth bounding box b,, and ¢ denotes the diagonal length of the smallest enclosing
box covering both b and b,. The parameter « is a positive trade-off weight, while v measures the consistency
of the aspect ratios between the predicted and ground-truth bounding boxes and is defined as follows:

4 Wwg w\?

v = — | arctan — — arctan — (24)

2 hg h
v

*= (1-ToU) +v =

The width w and height h of the predicted bounding box are used the same way in these equations as
the width w, and height h, of the ground truth box.

Compared to GIoU and DIoU, CloU offers sufficient applicability for this task because it maintains a

practical balance between computational complexity and the ability to accurately detect the variation in size
of objects. Consequently, CIoU is selected as our optimization method during the training process.

4 Results
4.1 Configuration Details

For evaluation, all experiments were conducted on a computer equipped with an Intel Core i5-7500
CPU and an RTX 3060 GPU with 12 GB of memory. The implementation was developed using PyTorch 2.11
with CUDA 12.8. In this study, we used a random image-level data partitioning strategy, where 75% of the
images were assigned for training, 5% for validation, and the remaining 20% were used for testing, as shown
detail in Table 2. It is important to note that the proposed model is designed as a single-image detection
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framework. Therefore, it does not depend on multi-view fusion of the same patient. Each image is treated as
an independent sample during both training and inference. All images were resized to 640 x 640 pixels. The
batch size was set from 16 to 32, depending on the size of the experiments, and the model was trained for 300
epochs. AdamW was used as the optimizer, with an initial learning rate of 0.01. This value was used together
with the default learning-rate scheduling and was not kept fixed throughout training. The learning rate was
gradually decreased during training, with a final learning-rate factor of 0.1, resulting in a final learning rate
of 0.001. All models were trained under the same fixed experimental setting for fair comparison. Indeed, the
similar dataset split, image resolution, number of training epochs, optimizer, learning rate, batch size, and
data augmentation strategy were applied to all models. In this study, we did not repeat each experiment with
multiple random seeds due to computational limitations. Therefore, the reported values should be interpreted
as single-run results under the same benchmark protocol, rather than mean + standard deviation across
repeated trials.

Table 2: Dataset distribution information summary for experiments.

Dataset Modality/Image Type Training Validation Testing Total
BraTS20 T2-FLAIR 258 18 66 342

Heterogeneous 2D MRI images; exact imaging

Br35H
g modality is not specified in the original dataset.

472 34 124 630

4.2 Metric Assessment

To evaluate the proposed model, we use several common object detection metrics, including precision,
recall, mnAP50, and mAP50-95. These metrics are selected because they can measure both the detection ability
and the localization quality of the model. In this study, mAP50 and mAP50-95 are mainly used for comparing
the proposed method with other baseline models and for analyzing the ablation results.

Precision measures how many predicted tumor regions are actually correct out of all the regions

predicted by the model. It is computed as
TP
Precision = ———— 26
TP+FP (26)

where 7P denotes the number of correctly detected tumor regions, and 7P denotes the number of incorrect
detections. Recall measures how many actual tumor regions are successfully found by the model. It is defined
as

TP
Recall = m (27)

where FN represents the number of missed tumor regions.

In addition, mAP50 is used to evaluate the average precision when the Intersection over Union (IoU)
threshold is fixed at 0.50. Basically, a predicted bounding box is considered as correct when its IoU with the
ground-truth box is equal to or higher than 0.50. The mAP50 is calculated as:

1 _
mAP50 = — " APU0? (28)

'/T[ c=1
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where AP!°U=0 is the average precision of class c at the IoU threshold of 0.50, and A is the total number
of object classes. To further evaluate localization performance under stricter conditions, mAP50-95 is also
used. This metric calculates the mean average precision across multiple IoU thresholds from 0.50 to 0.95,
with a step size of 0.05, as follows:

mAP50-95 = - Of (i %Apf"‘f”) (29)
10 7=0.5 N c=1

where 7 denotes the IoU threshold, and AP°U=" represents the average precision of class ¢ at a specific
IoU threshold. Thus, mAP50-95 gives a comprehensive evaluation because it considers different levels of
bounding box overlap.

4.3 Quantitative Results

The quantitative comparison in Table 3 illustrates the effectiveness of our AMASA-YOLO model against
the latest object detection architectures, including YOLOV9 through YOLOvVI3 [9-13], RT-DETR [18],
Mamba-YOLO [34] and RCS-YOLO [28]. Overall, the results show that AMASA-YOLO achieves strong
and stable performance on both datasets. On the BraTS20 dataset, our model obtains the best mAP50 and
mAP50-95, with values of 0.9579 and 0.7198, respectively. It also achieves the second-best recall of 0.9545,
which is very close to RCS-YOLO. This indicates that AMASA-YOLO can detect tumor regions effectively
while also maintaining better localization quality under a stricter IoU range. Although its precision is slightly
lower than YOLOVI3 and RCS-YOLO, the overall detection performance is higher, especially in terms of
mAP50 and mAP50-95. For the Br35H dataset, AMASA-YOLO also achieves the highest mAP50 of 0.9557
and obtains competitive precision and recall. This suggests that the model keeps good detection ability on
two different brain tumor datasets. In terms of model complexity, AMASA-YOLO uses 5.12M parameters
and 11.6 GFLOPs, which is much lighter than RT-DETR while still giving better or comparable accuracy
in most metrics. For inference speed, AMASA-YOLO reaches 39 FPS. Although it is slower than several
lightweight YOLO baselines, it still satisfies real-time detection requirements. Overall, these results show that
AMASA-YOLO provides a practical trade-off between detection accuracy, model size, and inference speed,
with particularly strong performance in recall and mAP-based localization metrics.

To further evaluate the generalization ability of the proposed model, we conducted cross-dataset testing
between BraTS20 and Br35H, as shown in Table 4. In this setting, the model was trained on one dataset
and directly tested on the other dataset without additional fine-tuning. When trained on BraTS20 and
tested on Br35H, AMASA-YOLO achieves the best mAP50 and mAP50-95 among all compared methods.
This indicates that the proposed spatial-spectral feature refinement and sparse-guided attention design can
maintain stronger localization ability when transferred to an unseen dataset. Its recall is also the second-best
and very close to RCS-YOLO, showing that the model can still detect many tumor cases under cross-dataset
conditions. When trained on Br35H and tested on BraTS20, AMASA-YOLO does not achieve the best
result, while YOLOvV9 and YOLOV13 perform better in several metrics. This result suggests that cross-dataset
generalization remains challenging, especially when the training dataset and testing dataset have different
image characteristics.
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Table 4: Comparison of different brain tumor detection models under cross-dataset evaluation between BraT'S20 and
Br35H.

Train on BraTS20 and Test on Br35H  Train on Br35H and Test on BraTS20

Model
Precision Recall mAP50 mAP50-95 Precision Recall mAP50 mAP50-95

Mamba-YOLO [34] 0.6920 0.5403 0.6278 0.3423 0.9535 0.6212 0.7914 0.4710

RT-DETR [18] 0.2846  0.2823 0.2445 0.1450 0.7934  0.8149 0.8025 0.4563
RCS-YOLO [28] 0.7500  0.6530 0.6160 0.3210 0.9090 0.7580 0.7360 0.4130
YOLOWV13 [13] 0.6449 0.4247 0.4619 0.2737 0.8083 0.8636 0.8580 0.4787
YOLOVI2 [12] 0.8033  0.5323 0.6336 0.4060 0.8400 0.6364 0.7547 0.4540
YOLOWII [11] 0.7504  0.5820 0.6659 0.3893 0.8252  0.7866 0.8225 0.4810
YOLOWI0 [10] 0.7659  0.5403 0.6430 0.4148 0.7647 0.7879 0.8287 0.4681
YOLOVY [9] 0.8137 0.5887 0.6994 0.3796 09165 0.8316 0.8646  0.5005

AMASA-YOLO (ours) 0.7451  0.6532 0.7110 0.4624 0.7447  0.6212 0.7250 0.4302

Note: The best-performing values are shown in bold, while the second-highest values are in underline.

These results also help clarify the novelty of the proposed AMASA-YOLO framework. Compared
with standard YOLO-based models, the proposed method does not only modify the backbone depth or
detection head, but introduces adaptive spatial-spectral feature learning through ASMA. This allows the
model to capture long-range contextual information while preserving boundary and texture-related details,
which is important for MRI tumor regions with weak margins. Compared with RT-DETR, AMASA-YOLO
achieves stronger detection performance with much lower computational cost, showing that the proposed
attention design can improve accuracy without relying on a very large transformer-based detector. Compared
with Mamba-YOLO, the proposed ASMA block further combines Mamba-inspired spatial attention with
frequency-domain refinement, which may explain the stronger recall and mAP50-95 on BraT'S20. Therefore,
the results in Table 3 indicate that the novelty of AMASA-YOLO lies in the combination of spatial-spectral
feature extraction and sparse-guided multi-scale attention, rather than only adding model complexity.

In addition, we conducted a precision-recall (PR) curve plot analysis of different models on the BraTS20
and Br35H datasets, as shown in Fig. 4. AMASA-YOLO shows a stable curve close to the upper-right region
on both datasets, which means a good balance between precision and recall. For the BraT'S20 dataset, despite
the smaller number of samples, AMASA-YOLO still maintains competitive precision at high recall. For the
Br35H dataset, where more data samples are available, the advantage of AMASA-YOLO becomes clearer, as
its curve remains higher and drops later than most baseline models. This suggests that the proposed model
may benefit from larger data variation, as the advantage becomes clearer on Br35H.

To further evaluate the confidence behavior of each detection model, Fig. 5 presents the Fl-confidence
curves on the given datasets. On the BraT'S20 dataset, AMASA-YOLO keeps a high F1 score across a wide
confidence range and shows a more stable curve than most baseline models. This means the model can
maintain a good balance between precision and recall under different confidence thresholds. For the Br35H
dataset, the advantage of AMASA-YOLO is also clear, as it achieves one of the highest values in the early and
middle range and remains stable before dropping at very high confidence values. Thus, these results show
that AMASA-YOLO provides more stable tumor detection and demonstrates greater robustness to changes
in confidence thresholds compared with the baseline models.



Comput Model Eng Sci. 2026;148(3):45 19

Precision-Recall Curve Comparison Precision-Recall Curve Comparison

1.0 - - 1.0 -
N

0.8 0.8

g

EY
=4
o

Precision
Precision

o

IS
14
S

—— AMASAYOLO § —— AMASAYOLO h
~~ YOLOVO 1 ~— YOLOV9
—-. YOLOV10 . —-. YOLOV10
02 YOLOV11 ¥ 02l YOLOV11
—— YOLOV12 —— YoLov12
— - YOLOV13 —— YOLOV13
RT-DETR RT-DETR
+* Mamba-YOLO +++++ Mamba-YOLO
0.0 - 0.0 4~
0.0 02 0.4 06 0.8 1.0 0.0 02 0.4 06 08 1.0
Recall Recall
(@) (b)

Figure 4: PR curves of different models on (a) BraTS20 dataset and (b) Br35H dataset.
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Figure 5: Fl-Confidence curves of different models on (a) BraTS20 dataset and (b) Br35H dataset.

These results suggest that the performance gain of AMASA-YOLO is not only caused by adding more
model complexity, but also by how the proposed modules refine the feature representation. In particular,
ASMA helps the network learn both spatial and spectral information, which is useful for MRI images where
tumor regions may have weak boundaries and texture patterns similar to surrounding tissues. This can
explain that our model achieves strong recall and mAP-based results, especially on BraTS20 where tumor
appearances are more complex. At the same time, SAGA further improves the detection stage by refining
multi-scale features before prediction. This helps the model keep a better balance between precision and
recall across different confidence thresholds. Compared with RT-DETR, AMASA-YOLO also uses much
fewer parameters and GFLOPs, showing that the proposed design improves detection performance without
depending on a very large model. Thus, the quantitative results indicate that the spatial-spectral feature
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learning in ASMA and the multi-scale attention refinement in SAGA are both important for stable brain
tumor detection.

4.4 Qualitative Results

To provide a comprehensive evaluation, presents a qualitative comparison between AMASA-
YOLO and other detection models on representative samples from the BraTS20 and Br35H datasets. Overall,
AMASA-YOLO produces bounding boxes, which are more consistent with the ground-truth annotations
across tumors with different sizes and appearances. In several cases, the baseline models can still detect
the tumor region, but their predicted boxes are less accurate and less stable. Indeed, common issues
include shifted localization, oversized boxes, duplicated boxes, or missed tumor areas. These issues are more
noticeable in challenging cases where the tumor boundary is unclear, the image contrast is low, or the tumor
occupies only a small region. In contrast, AMASA-YOLO provides more compact and accurate predictions,
especially for irregular tumor shapes and varying intensity patterns. These visual results are consistent with
the quantitative findings and further demonstrate the model’s ability to improve both tumor localization and
detection robustness across different brain MRI datasets

Furthermore, shows several typical error cases of AMASA-YOLO. In the first case, the model
successfully detects the tumor but gives a larger box than the ground truth, mainly due to the extremely
weak boundary between the tumor and the nearby bright tissue. In the second case, the main tumor is
correctly detected, but an extra false positive appears in another bright region. In the third case, the model
captures the abnormal area, but the box is slightly shifted, while the tumor region in the fourth case is
split into two predictions instead of being enclosed by a single bounding box. These cases suggest that
further improvement is still needed to optimize boundary sensitivity and reduce false-positive predictions
in complex imaging scenarios.

BraTS20 dataset

Image GT YOLOv9 YOLOv10 YOLOv11 YOLOv12 YOLOv13 RT-DETR  Mamba-YOLO AMASA-YOLO
(ours)

Figure 6: (Continued)
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Br35H dataset

Image GT YOLOv9 YOLOv10 YOLOv11 YOLOv12 YOLOv13 RT-DETR Mamba-YOLO AMASA-YOLO
(ours)

GT

tumorgs
r

AMASA-YOLO
(ours)

Figure 7: Representative error cases of AMASA-YOLO.

The visual comparison further supports the role of the proposed architecture. Many baseline models can
detect the general tumor area, but their boxes are sometimes shifted, duplicated, or do not match the ground
truth. This shows that detecting tumor-like intensity is not enough; the model also needs to understand the
spatial location and boundary structure of the mass. AMASA-YOLO gives more consistent predictions in
the shown examples because ASMA strengthens both spatial attention and spectral feature refinement, while
SAGA improves feature selection at different detection scales. This combination helps the model focus on
more relevant tumor regions instead of only responding to bright or high-contrast areas. However, the error
cases also show that the model still has difficulty when the tumor boundary is extremely unclear or when
nearby tissues have similar intensity. Therefore, although AMASA-YOLO improves localization in many
cases, further boundary-aware learning may still be needed for more difficult MRI cases.
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4.5 Ablation Studies
4.5.1 Effect of Proposed Approaches

To assess the contribution of the proposed architecture, Table 5 presents the ablation study of the
proposed ASMA and SAGA modules under different placement configurations. Using ASMA alone keeps
the model lightweight and gives strong precision, which implies that it improves feature extraction with low
computational cost. When SAGA is added to the detection head, recall and mAP are generally improved,
indicating that SAGA helps enhance tumor detection across different scales. The final AMASA-YOLO
setting, which combines ASMA with SAGA in all three detection branches, achieves the best overall results
on the BraT'S20 dataset, including 0.9545 of recall, 0.9579 of mAP50, and 0.7198 of mAP50-95. It also gives the
highest mAP50 on the Br35H dataset, reaching 0.9557. Although this setting slightly increases the number of
parameters and GFLOPs, the additional computational cost remains reasonable. These results demonstrate
that ASMA and SAGA work well together, leading to improvements in both feature representation and
multi-scale tumor detection.

Table 5: Effect of different proposed approaches on detection performance.

The proposed approaches BraT'S20 Br35H

ASMA SAGA Precision Recall mAP50 mAP50-95 Precision Recall mAP50 mAP50-95 Parameters GFLOPs FPS

Small Medium Large
- - - 0.9238 09191 0.9426  0.6659 0.9148  0.8952 0.9168 0.7561 2,582,347 6.3 303

v - - - 0.9671 0.8895 0.941 0.6789 0.9186  0.9096 0.9403 0.7784 3,074,723 78 76
- v v v 0.9322  0.9394 0.9366 0.6943 0.8847 0.9278 0.9332 0.7643 4,630,183 10.1 28
v v - - 09222 0.9242 0.9362 0.6924 0.9205 0.9274 0.9365 0.7108 3,175,895 9 37
v - v - 0.9393 09381 0.9486 0.6863 0.9433  0.8952 0.945 0.752 3,468,359 9 42
v - - v 0.9398 0.9697 0.9666 0.6913 0.8871  0.8868 0.9256 0.7214 4,627,751 9 44
v v v - 0.909  0.9394 0.9426 0.6708 0.9496 0.9108 0.9509 0.7778 3,569,531 10.3 30
v v - v 0.9211  0.9242 0.9499 0.6932 0.9339  0.9274 0.9389 0.7733 4,728,923 10.3 30
v - v v 09116  0.9371 0.931 0.6301 0.9487  0.8951 0.9292 0.7781 5,021,387 10.3 31
v v v v 0.9129  0.9545 0.9579 0.7198 0.9337  0.9086 0.9557 0.7546 5,122,559 11.6 39

Note: The best-performing values are shown in bold, while the second-highest values are in underline. “/” denotes
that the module is included in the model configuration, while “~” indicates that the module is not utilized in the
corresponding configuration. The first line indicates the baseline YOLOWVII result, since no additional block is added.

4.5.2 Effect of Feature Extraction Backbone

Table 6 compares ASMA with other feature extraction methods based on spectral information. Max
Pooling-Wavelet Hybrid Layer (MWHL) [36], High-Low Frequency Decomposition (HLFD) [37], and
Wavelet Transform Convolution (WTConv) [39] are used to replace the feature-extraction modules in the
main framework. It is clear that WTConv gives strong recall and mAP50 on BraT'S20, showing that wavelet-
based features can help the model capture useful frequency cues. However, ASMA achieves the highest
precision and mAP50-95 on the BraTS20 dataset, while also obtains the best recall, mAP50, and mAP50-95
on the Br35H dataset. This suggests that ASMA is not only effective in detecting tumors, but also provides
more stable and reliable localization under stricter evaluation criteria. A key reason for this phenomenon
is that ASMA does not only use spectral components directly. Instead, it combines spectral modeling with
spatial attention, allowing the network to focus on important tumor regions while still simultaneously
learning spectral information. Compared with MWHL, HLFD, and WTConv, this design is more suitable for
brain tumor detection, where both boundary details and spatial location are important. In addition, ASMA
keeps a moderate model size with 3.07M parameters and 7.8 GFLOPs. This demonstrates that the module
can improve the detection performance without introducing a substantial computational cost.
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Table 6: Effect of different feature extraction methods on detection performance.

23

Method BraT'S20 Br35H
Precision Recall mAP50 mAP50-95 Precision Recall mAP50 mAP50-95 Parameters GFLOPs FPS
MWHL [36] 0.9268 0.8939 0.9384 0.6299 0.8515 0.8548 0.9017 0.6769 3,407,011 7.5 123
HLFD [37] 0.5716 0.5864 0.5906 0.2123 0.4027 0.3468 0.3407 0.1491 6,143,059 8.7 122
WTConv [39] 0.9044 0.9242 0.9464 0.6656 0.9237 0.8782 0.9267 0.7496 2,793,059 75 169
ASMA only (ours) 0.9671 0.8895 0.9410 0.6789 0.9186 0.9096 0.9403 0.7784 3,074,723 7.8 76

Note: The best-performing values are shown in bold, while the second-highest values are in underline.

4.5.3 Effect of Attention Module

The comparison between SAGA with several attention mechanisms placed near the detection
head, including Dynamic Omni-Attention Mechanism (DOAM) [54], Mask Enhanced Pixel-level Fusion
(MEPF) [55], and Spatial Channel Group Attention (SCGA) [56], is shown in Table 7. For fair comparison,
DOAM, MEPE and SCGA were inserted at the same detection-head location as SAGA and trained using the
same dataset split, input size, optimizer, augmentation, and epoch settings. No additional dataset-specific
tuning was applied except channel-size alignment required to match the YOLO feature maps. In general,
SAGA gives the most balanced performance across both datasets. For the BraT'S20 dataset, SAGA achieves
the best precision of 0.9322 and mAP50 of 0.9366, while also obtaining the second-best recall and mAP50-
95. For the Br35H dataset, SAGA obtains the highest recall of 0.9278 and the second-best mAP50 and
mAP50-95, indicating better ability to detect more tumor regions across different samples. Compared with
DOAM and SCGA, which mainly focus on spatial-channel interaction, SAGA further combines sparse self-
attention with cascaded group attention. This design enables the model to first refine sparse spatial regions
and then strengthen channel-group interactions in a progressive way. As a result, the model can capture
more discriminative features for tumor detection at different scales. In addition, SAGA keeps a moderate
computational complexity with 4.63M parameters and 10.1 GFLOPs. Overall, these results suggest that SAGA
is effective as an attention block in the detection head, especially for improving multi-scale tumor localization
while maintaining stable performance across different datasets.

Table 7: Effect of different attention mechanisms on detection performance.

Method BraTS20 Br35H
Precision Recall mAP50 mAP50-95 Precision Recall mAP50 mAP50-95 Parameters GFLOPs FPS
DOAM [54] 0.9158 0.9091 0.9332 0.6494 0.9266 0.8790 0.9261 0.7680 3,070,219 6.7 36
MEPEF [55] 0.8869 0.9502 0.9240 0.6959 0.8668 0.7742 0.9142 0.7064 7,446,339 15.2 156
SCGA [56] 0.9149 0.8939 0.9357 0.6494 0.9013 0.9091 0.9349 0.6649 2,793,229 6.6 175
SAGA Only (ours) 0.9322 0.9394 0.9366 0.6943 0.8847 0.9278 0.9332 0.7643 4,630,183 10.1 28

Note: The best-performing values are shown in bold, while the second-highest values are in underline.

4.5.4 Effect of Bounding Box Optimization Method

The primary objective of this optimization is to improve bounding box regression for brain tumor
detection. Several IoU-based loss functions have been proposed to improve the traditional IoU formulation.
In this work, GIoU [51], DIoU [52], and CloU [53] are evaluated to determine the most suitable method,
as shown in Table 8. The results indicate that CloU provides the best overall performance across both
datasets. On the BraT'S20 dataset, CIoU achieves the highest recall, mAP50, and mAP50-95, while on the
Br35H dataset, it obtains the best precision, recall, and mAP50. Although DIoU and GIoU achieve slightly
better results in a few individual metrics, CloU demonstrates more consistent performance across most
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evaluation measures. Based on these findings, CIoU is selected as the bounding box optimization method
in the proposed model. Therefore, its ability to maintain strong and balanced performance across different
datasets makes it the most suitable choice for brain tumor detection.

Table 8: Effect of different bounding box optimization methods on detection performance.

BraTS20 Br35H
Method
Precision Recall mAP50 mAP50-95 Precision Recall mAP50 mAP50-95
GloU [51] 0.9037 0.9091 0.9285 0.6768 0.9319 0.871 0.9286 0.7707
DIoU [52] 0.9234 0.9394 0.9536 0.6992 0.8948 0.8629 0.8876 0.6924

CloU (applied) [53]  0.9129  0.9545 0.9579 0.7198 0.9337 0.9086 0.9557 0.7546

Note: The best-performing values are shown in bold, while the second-highest values are in underline.

5 Conclusion

We proposed AMASA-YOLO in this study, which is an adaptive spectral and sparse-guided attention
framework for MRI brain tumor detection. The model is built on a YOLO-based framework and introduces
two main modules: Adaptive Spectral Mamba-Inspired Attention (ASMA) and Sparse-Guided Group
Attention (SAGA). ASMA improves feature extraction by combining spatial attention with spectral feature
refinement. This helps the model enhance in capturing long-range information and texture-related details.
SAGA is placed in the detection head to further enhance multi-scale feature representation through sparse
self-attention and cascaded group attention. Together, these modules allow the model to better detect
tumors with different sizes, intensities, and weak tumor boundaries. Experiments on the BraTS20 and
Br35H datasets show that AMASA-YOLO achieves strong performance in key metrics compared with recent
detection models.

However, some limitations still remain. The main failure cases are related to boundary ambiguity and
high-intensity regions. Oversized boxes appear when the mass boundary is weak, and the model includes
nearby bright tissues. False positives occur when normal regions have similar intensity patterns to mass
regions. A possible solution for future work is to add a lightweight auxiliary segmentation branch during
training. This means that the model can learn an auxiliary tumor-mask prediction using Dice/Binary Cross-
Entropy loss, while the detection head still outputs bounding boxes. Indeed, a boundary-aware penalty
could also be considered by assigning a higher loss to predicted boxes that extend far beyond the mask-
derived mass boundaries. These strategies may reduce oversized boxes and false positives by forcing the
detector to learn finer tumor contours. Another case of splitting box predictions may happen because the
current model processes each 2D slice independently and does not use inter-view information. This can be
improved by multi-view fusion, where axial, sagittal, and coronal features are encoded separately and fused
before the detection head. Thus, it may be extended to a 2.5D framework without the heavy cost of full
3D detection. Furthermore, external validation on larger datasets testing should also be explored to better
evaluate clinical generalization. These directions can further improve robustness and potential practical
value, though additional external validation is still needed.
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