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Abstract: To address the challenges in disease detection tasks within the medical and healthcare domain, 

particularly those associated with biopharmaceutical applications, such as insufficient feature representation, 

limited capability for multi-scale lesion recognition, and severe interference from complex backgrounds, this 

paper proposes a detection model named MobileMamba-HC, which integrates frequency-domain adaptive 

convolution with a spatial-channel collaborative attention mechanism. The proposed method aims to improve 

the perception of fine-grained lesion regions while maintaining model efficiency, thereby enabling more 

accurate and robust disease detection in medical images. Built upon the MobileMamba architecture, the 

proposed model fully exploits its strengths in long-sequence modeling and global dependency capture to 

effectively model long-range spatial relationships in medical images. On this basis, a Frequency-domain 

Adaptive Dilated Convolution (FADC) module is introduced. By dynamically modulating feature responses in 

the frequency domain, this module achieves adaptive perception of components at different scales and 

frequencies, thereby enhancing the model’s ability to represent multi-scale lesion structures. Meanwhile, a 

Spatial and Channel Synergistic Attention (SCSA) mechanism is designed to jointly model critical regions and 

discriminative features from both the spatial and channel dimensions, suppressing redundant information and 

background noise interference and further improving the discriminability of feature representations. Through the 

synergistic effect of these three components, the proposed model significantly strengthens its capacity for 

modeling complex medical images while preserving its lightweight characteristics. In the experimental section, 

extensive evaluations are conducted on multiple public medical imaging datasets, and comparative experiments 

are performed against various mainstream deep learning detection models. The experimental results demonstrate 

that the proposed MobileMamba-HC achieves superior performance over the compared methods across multiple 

evaluation metrics. In particular, it exhibits stronger robustness in small lesion detection and low-contrast 

scenarios. Furthermore, ablation studies verify the effectiveness and complementarity of the FADC module and 

theSCSA mechanism in improving model performance, confirming the contribution of each proposed 

component to the overall enhancement. These findings validate that the proposed MobileMamba-HC model 

achieves a favorable balance between performance and efficiency in medical image disease detection tasks, 

providing an effective solution for intelligent computer-aided diagnosis in complex medical scenarios.
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1. Introduction

With the rapid development of medical imaging technologies, imaging modalities such as CT [1], MRI [2], 

and X-ray [3] have been widely applied in clinical diagnosis, making image-based disease detection an 

important research direction in the medical and healthcare field. Automatic analysis of medical images using 

deep learning methods can not only effectively reduce the workload of physicians but also improve the 

efficiency and accuracy of disease screening to a certain extent [4]. However, medical images are typically 

characterized by complex imaging noise, diverse lesion morphologies, significant scale variations, and low 

contrast between target regions and the background, which makes high-precision and robust automatic detection 

still face many challenges [5]. Therefore, how to enhance the representation ability for complex lesion features 

while maintaining model efficiency has become a key issue in current research on medical image disease 

detection. Meanwhile, substantial differences exist among different imaging modalities, and different devices 

and acquisition conditions may introduce additional uncertainty, further increasing the difficulty of model 

generalization [6]. In addition, clinical applications impose higher requirements on model real-time performance 

and stability, which also places stricter constraints on algorithm design [7].

Although existing methods have achieved certain progress in this field, several core problems remain to be 

solved. On the one hand, traditional convolutional neural networks are limited by local receptive fields and thus 

struggle to effectively capture long-range dependencies across regions in medical images, which affects the 

overall understanding of lesions with complex structures [8]. On the other hand, mainstream methods are still 

insufficient in multi-scale feature modeling and find it difficult to simultaneously meet the detection demands of 

tiny lesions and large-scale abnormal regions [9]. In addition, redundant background information and noise 

interference are common in medical images, while existing attention mechanisms usually model features from 

only a single dimension, making it difficult to precisely enhance key features and effectively suppress irrelevant 

information [10]. These issues together constrain the practical clinical applicability and generalization capability 

of existing models.

Based on the above problems, the motivation of this study is to construct a medical image disease detection 

model that combines high efficiency with strong representation capability, so as to improve the recognition 

performance of lesion regions in complex scenarios. To this end, this paper introduces the MobileMamba 

architecture to enhance the global modeling capability of the model, and further incorporates Frequency-domain 

Adaptive Dilated Convolution (FADC) to achieve dynamic perception of multi-scale and multi-frequency 

features. At the same time, by designing a Spatial and Channel Synergistic Attention (SCSA) mechanism, key 

feature representations are strengthened from multiple dimensions while background interference is suppressed. 

Through the organic integration of the above methods, the proposed approach is expected to achieve more 

accurate and robust detection of fine-grained and complex lesions in medical images while maintaining a 

lightweight model design, thereby providing effective support for intelligent computer-aided diagnosis.

The main contributions of this paper are summarized as follows:

(1) MobileMamba is introduced as the fundamental feature extraction framework, combining the state space 

model with a lightweight network structure for medical image disease detection. Compared with traditional 

network architectures, MobileMamba maintains relatively low computational complexity while providing 

stronger long-range dependency modeling capability. It can effectively capture cross-region structural 

correlation information in medical images, thereby improving the overall perception of complex lesion 

morphology and distribution.

(2) A Frequency-domain Adaptive Dilated Convolution (FADC) module is introduced to dynamically 

modulate features in the frequency domain, enabling adaptive responses to different frequency components. It 

can adaptively adjust the convolutional receptive field according to the spectral characteristics of the input 

image, thereby better balancing high-frequency detail information and low-frequency structural information and 

significantly enhancing the model’s capability for detecting multi-scale lesions.

(3) A Spatial and Channel Synergistic Attention (SCSA) mechanism is designed to deeply integrate and 

collaboratively model spatial attention and channel attention. This mechanism can localize key lesion regions in 
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the spatial dimension while strengthening discriminative feature representations in the channel dimension, 

effectively suppressing background noise and redundant information, thus improving the model’s feature 

representation capability and detection accuracy in complex medical imaging environments.

The remainder of this paper is organized as follows. Section 2 introduces the related work and summarizes 

previous studies in this field, including their advantages and limitations. Section 3 presents the main 

methodology of this paper, including MobileMamba, the FADC module, and the SCSA mechanism. Section 4 

discusses the experimental results, including comparative experiments, ablation studies, and visualization 

analysis. Section 5 provides the discussion and conclusions, points out the limitations of the proposed method, 

summarizes the final conclusions, and outlines future research directions.

2. Related Work

Medical image disease detection, as an important research direction at the intersection of computer vision 

and healthcare, has achieved remarkable progress in recent years with the development of deep learning 

techniques [11]. This field aims to accurately localize and identify lesion regions from medical images such as 

CT, MRI, and X-ray, thereby providing auxiliary support for clinical diagnosis. Current mainstream methods 

mainly rely on convolutional neural networks and their improved variants. These approaches model image 

semantic information through multi-layer feature extraction and combine detection or segmentation frameworks 

to accomplish lesion localization tasks [12]. In practical applications, how to achieve high-precision detection 

under complex backgrounds and low-contrast conditions remains a core issue of continuous concern in this field.

In terms of prior research, extensive efforts have been devoted to improving feature extraction capability, 

multi-scale modeling, and attention mechanisms. One class of methods is based on deep convolutional 

networks, where residual structures, feature pyramids, and related mechanisms are introduced to improve the 

perception of targets at different scales [13]. Another class of methods employs Transformer architectures to 

model global dependencies and strengthen the capture of long-range spatial information [14]. In addition, 

attention mechanisms have been widely used to emphasize key regions or important channel features, thereby 

alleviating the interference caused by background noise to a certain extent [15]. In recent years, some studies 

have begun to introduce frequency-domain analysis, mapping images from the spatial domain to the frequency 

domain for feature enhancement, so as to improve the representation of fine-grained structures and texture 

information. Meanwhile, lightweight model design has gradually attracted increasing attention in order to meet 

the requirements of real-time clinical applications and deployment in resource-constrained environments. For 

example, W. Shi et al. proposed a lightweight dual-stream multi-scale feature fusion network based on guided 

enhancement, named DMF-MobileMamba [16]. This work combines the local texture extraction capability of 

CNNs with the global dependency modeling advantage of an improved MobileMamba through a parallel dual-

stream architecture, and uses a CLGE module to dynamically correct deep semantic deviations. Its strength lies 

in its extremely low number of parameters (4.039M) and excellent inference speed on mobile devices, providing 

a high-precision solution for resource-limited medical scenarios. However, it mainly focuses on natural domain 

adaptation, and there is still room for improvement in capturing extremely small lesion features in medical 

images. Since the medical field often suffers from the scarcity of annotated data, I. Ahmed et al. proposed a dual-

enhancement pipeline for brain tumor detection that combines self-supervised learning (SSL) with generative 

adversarial networks (GANs), generating synthetic MRI images to address class imbalance [17]. The advantage 

of this method is that it significantly alleviates the difficulty of small-sample learning through generative AI and 

improves diagnostic accuracy. However, the pathological realism of generated images still requires strict 

examination, and the dual-enhancement process increases training complexity and computational cost. In 

addition to data quantity, accurate delineation of lesion boundaries is also crucial in image analysis. To this end, 

Y. Huang et al. proposed a Boundary Feature Alignment (BFA) method for semi-supervised medical image 

segmentation [18]. By using a 3D boundary extractor, their method encourages the model to learn generalized 

boundary feature representations and effectively resolves the imbalance between global consistency and local 

boundary localization. The advantage of this work is that it significantly improves segmentation boundary 

accuracy; however, when dealing with ultra-high-resolution images, it is often necessary to process them in 
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patches due to memory limitations, which inevitably leads to the loss of global contextual information. To 

overcome this bottleneck in high-resolution processing, S. K. Kaura et al. proposed the MegaSeg framework, 

which employs a streaming convolutional network and a divide-and-conquer strategy to achieve end-to-end 

segmentation of megapixel-scale images [19]. The main advantage of this framework is that it can process 

pathological images up to 67 MP without losing fine details, greatly improving memory efficiency. However, it 

mainly focuses on architectural scalability and pays relatively little attention to mining frequency-domain 

features and complex semantic collaboration. To address the common problem of blurred lesion boundaries and 

weak textures in medical images, G. Ren et al. proposed the Context- and Frequency-Guided Mamba Network 

(CFG-MambaNet) [20], which captures long-range dependencies through variable-scale state space blocks and 

introduces a frequency-guided module to separate global structures from high-frequency boundary details. The 

advantage of this method is that it balances computational efficiency with boundary characterization ability and 

demonstrates strong robustness across multiple clinical datasets. Nevertheless, although it incorporates 

frequency-domain information, there is still room for further optimization in modeling deep interaction and 

collaboration between the spatial and channel dimensions.

Although the above methods have made certain progress in medical image disease detection, they still suffer 

from evident limitations. First, traditional convolution-based methods are constrained by local receptive fields. 

Even when combined with multi-scale structures, they still struggle to fully model long-range dependencies. 

Transformer-based methods, although capable of global modeling, usually incur high computational cost and are 

therefore less suitable for practical deployment. Second, most existing multi-scale modeling methods are based 

on spatial-domain operations and lack adaptive utilization of frequency-domain information, making it difficult 

to simultaneously account for high-frequency details and low-frequency structural features. In addition, existing 

attention mechanisms mostly focus on modeling from a single dimension, while the collaborative relationship 

between spatial and channel information has not been sufficiently explored, which limits the discriminability 

and robustness of feature representations. These issues make it difficult for current models to achieve an 

effective balance between performance and efficiency when dealing with complex medical images.

Based on the above research gaps, this paper further identifies the key problem to be addressed, namely, 

how to construct a medical image disease detection model that is lightweight, efficient, and highly expressive, 

such that it can simultaneously capture long-range dependencies, multi-scale structures, and critical 

discriminative features while effectively suppressing background interference. To address this issue, this paper 

introduces the MobileMamba architecture to enhance global modeling capability and further combines 

Frequency-domain Adaptive Dilated Convolution with a spatial-channel synergistic attention mechanism to 

achieve multidimensional modeling of complex lesion features in medical images, thereby improving overall 

detection performance and practical application value.

3. Method

The method proposed in this paper is developed around the core requirement of “efficient modeling and fine-

grained representation” for medical image disease detection. A unified framework, termed MobileMamba-HC, 

is constructed by integrating global dependency modeling, multi-scale frequency-domain perception, and spatial-

channel collaborative enhancement. The overall architecture is shown in Figure 1. Specifically, MobileMamba is 

adopted as the backbone network to efficiently capture long-range dependencies and global structural 

information in medical images through a state-space modeling mechanism, thereby improving feature 

representation while maintaining lightweight computation. On this basis, a Frequency-domain Adaptive Dilated 

Convolution (FADC) module is introduced to dynamically modulate features from the perspective of the 

frequency domain, enabling adaptive perception of components at different scales and frequencies, and thus 

enhancing the characterization of complex lesion structures. Furthermore, a Spatial and Channel Synergistic 

Attention (SCSA) mechanism is designed to jointly model spatial locations and channel semantics, effectively 

strengthening the responses of key regions while suppressing background interference. Through the organic 

integration of these modules, the proposed method can achieve more accurate, robust, and efficient disease 

detection in complex medical imaging scenarios, thereby laying a foundation for the subsequent experimental 
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validation and performance analysis.

3.1. MobileMamba

In the proposed MobileMamba-HC model, MobileMamba serves as the core feature extraction backbone. Its 

design objective is to achieve efficient modeling of long-range dependencies and global contextual information in 

medical images while maintaining lightweight computational complexity. The architecture is shown in Figure 2. 

Unlike traditional convolutional networks that rely on local receptive fields, MobileMamba models the input sequence 

based on a State Space Model (SSM), which enables the capture of long-distance spatial dependencies with 

linear complexity.

Specifically, given an input medical image feature sequence represented as XÎ RN ´ d, where N denotes the 

sequence length (obtained by flattening a two-dimensional image) and d denotes the feature dimension, 

MobileMamba models it through the following continuous state-space equations:

dh ( )t
dt

= Ah (t ) + Bx (t )  y (t ) =Ch (t ) +Dx (t ) (1)

where h (t ) Î Rd denotes the hidden state, x (t ) is the input signal, y (t ) is the output feature, and ABCD are 

learnable parameter matrices representing the state transition, input mapping, output mapping, and direct 

mapping, respectively.

To adapt the model to discrete image sequence modeling, the above continuous formulation is discretized as:

hk = e( )DA h( )k - 1 + (∫0D e( )( )D - τ A dτ) Bxk (2)

Figure 1.　Overall algorithm architecture.

Figure 2.　MobileMamba architecture diagram.
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where D denotes the discrete time step, and the integral term is used to model the cumulative influence of the 

input on the state. By further approximating the matrix exponential, the above equation can be rewritten as:

hk =
- -----( )A h( )k - 1 +

- -----( )B xk  yk =Chk (3)

where Ā = eDA, B̄ = (∫0D e( )D - τ A dτ) B denote the discretized state transition matrix and input mapping matrix, 

respectively.

To further enhance the adaptive modeling ability for features at different positions, MobileMamba 

introduces a gating mechanism to modulate the state update process, which can be expressed as:

hk = σ (Wg xk ) (- -----( )A h( )k - 1 ) + (1 - σ (Wg xk ) ) (- -----( )B xk ) (4)

where σ ( × ) denotes the Sigmoid activation function, Wg Î Rd ´ d is the gating weight matrix, and  denotes 

element-wise multiplication. This mechanism is used to dynamically balance the contributions of the historical 

state and the current input.

For spatial structure modeling, in order to preserve the local structural information of two-dimensional 

medical images, the input feature is reshaped back into the two-dimensional form XÎ RH ´W ´C and enhanced by 

depthwise separable convolution, which is computed as:

F( )ijc
=å (u =-k ) kå (v =-k ) k

K( )uvc ×X( )i + uj + vc
+ bc (5)

where (ij ) denotes the spatial position, c is the channel index, K is the convolution kernel, and bc is the bias 

term. This operation complements the SSM module, enabling the model to simultaneously consider local details 

and global dependencies.

To achieve efficient sequence modeling, MobileMamba adopts a kernel-parameterized linear recurrence 

form, whose output can be further represented in convolution form as:

yk =å (i = 0) k
K( )k - i xi  Kk =C

- -- -----
( )A

k - -----( )B (6)

where Kk denotes the convolution kernel implicitly defined by the system parameters, which realizes the 

equivalent transformation from recursive computation to convolution computation and thus improves parallel 

computing efficiency.

In addition, to enhance numerical stability and representation capability, a normalization constraint is 

imposed on the state transition matrix:

( A) = A

λmax ( )AT A + ϵ
(7)

where λmax( × )notes the maximum eigenvalue, and ϵ is a small constant used to avoid division by zero. This 

normalization operation can effectively prevent gradient explosion or vanishing.

Finally, at the feature output stage, a residual connection is introduced to stabilize the training process, and 

the overall output is formulated as:

Y = X +F( )Mamba ( X ) = X + ϕ (Wo y) (8)

where FMamba( × ) denotes the mapping of the MobileMamba module, Wo is the output projection matrix, and ϕ ( ×
) is a nonlinear activation function.

Through the above modeling strategy, MobileMamba can efficiently model complex spatial structures and 

long-range dependencies in medical images under low computational complexity, thereby providing high-

quality feature representations for the subsequent FADC and SCSA modules.

3.2. Frequency Adaptive Dilated Convolution

The Frequency-domain Adaptive Dilated Convolution (FADC) module is designed to dynamically model 

medical image features from the perspective of the frequency domain, so as to enhance the model’s ability to 

represent multi-scale lesion structures and fine-grained texture information. The architecture is shown in 

Figure 3.
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Considering that different lesions in medical images often correspond to different frequency distribution 

characteristics, FADC first maps spatial-domain features into the frequency domain for analysis. Given an input 

feature map XÎRH ´W ´C, its two-dimensional discrete Fourier transform can be expressed as:

F (uvc) =å ( x = 0) ( )H - 1 å ( )y = 0
( )W - 1

X ( )xyc e( )-j2π ( )ux
H

+
vy
W

(9)

where (uv) denotes the frequency-domain coordinates, c is the channel index, and j = -1 is the imaginary 

unit. This transformation maps local structures in the spatial domain into frequency responses, enabling the 

model to explicitly analyze different frequency components.

After obtaining the spectral representation, a frequency response weighting function is introduced to 

adaptively modulate different frequency components, which is defined as:

Wf(uvc) = ||F ( )uvc
α

å ( )u'v' ||F ( )u'v'c
2
+ ϵ

(10)

where | × | denotes the magnitude, α is a learnable modulation parameter used to control the enhancement degree 

of high-frequency and low-frequency components, and ϵ is a stabilizing term introduced to avoid division by 

zero. This weight can adaptively adjust the importance of different frequencies according to the spectral energy 

distribution.

Subsequently, the modulated frequency-domain features are mapped back to the spatial domain through the 

inverse Fourier transform, yielding the enhanced features:

( X ) ( xyc) = 1
HW

å (u = 0) ( )H - 1 å ( )v = 0 ( )W - 1
Wf( )uvc F ( )uvc e( )j2π ( )ux

H
+

vy
W

(11)

where X͂ denotes the feature map enhanced in the frequency domain. This process reconstructs information from 

the frequency domain back into the spatial domain while preserving the effect of frequency-adaptive modulation.

On this basis, FADC further uses frequency-domain information to guide the selection of the dilation rate in 

dilated convolution. Specifically, an adaptive dilation rate is defined for each spatial location as:

d ( xy) = 1 +

é

ë

ê

ê

ê
êê
ê

ê

ê
β

∑
c

||ÑX ( )xyc

å ( )x'y'c ||ÑX ( )x'y'c
2
+ ϵ

(12)

where Ñ denotes the spatial gradient operator, β is a scaling factor, and ë û×  denotes the floor operation. This 

formulation dynamically adjusts the receptive field size according to the local frequency variation intensity 

(reflected by the gradient), such that smaller dilation rates are used in high-frequency regions to preserve details, 

while larger dilation rates are used in low-frequency regions to capture global structures.

Figure 3.　FADC architecture diagram.
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Finally, the output of the adaptive dilated convolution can be expressed as:

Y ( xyc) =å (i =-k ) kå ( )j =-k
k
K ( )ijc ( )X ( )x + i × d ( )xy y + j × d ( )xy c

(13)

where K denotes the convolution kernel, k is the convolution radius, and d ( xy) is the position-dependent 

dilation rate. Through the above mechanism, FADC enables dynamic adjustment of the spatial-domain 

convolutional receptive field under the guidance of frequency-domain information, allowing the model to 

simultaneously account for fine-grained textures and large-scale structural information in medical images, 

thereby significantly improving disease detection performance.

3.3. Spatial and Channel Synergistic Attention

The Spatial and Channel Synergistic Attention (SCSA) module is designed to jointly model medical image 

features from both the spatial and channel dimensions, so as to enhance the responses of critical lesion regions 

while suppressing background noise interference. The architecture is shown in Figure 4.

Given an input feature map XÎ RH ´W ´C, a global contextual description is first constructed along the 

channel dimension. Through spatial aggregation, the channel-wise statistical representation is obtained as:

zc =
1

HW
å ( x = 1)Hå ( )y = 1

W
X ( )xyc +

1

HW
å ( )x = 1

Hå ( )y = 1
W( )X ( )xyc - μc

2

(14)

where zc denotes the global descriptive vector of the c-th channel, and μc is the mean value of that channel. This 

formulation combines first-order and second-order statistics to more comprehensively characterize the 

distribution of channel responses.

Based on the above channel description, the channel attention weight is constructed as:

ac =
exp ( )W2δ ( )W1 zc

å ( )c'= 1
C

exp ( )W2δ ( )W1 z( )c'

(15)

where W1 and W2 are learnable parameter matrices, and δ ( × ) denotes a nonlinear activation function. This 

normalized formulation introduces competition among different channels, thereby highlighting the feature 

channels with stronger discriminative capability.

In the spatial dimension, in order to capture the positional distribution of key lesion regions, an energy-

function-based spatial attention modeling strategy is introduced, which is defined as:

E ( xy) = å ( )c = 1
C || X ( )xyc

2

å ( )x'y'c || X ( )x'y'c
2
+ ϵ

(16)

where E ( xy) denotes the energy response at spatial position ( xy), reflecting the importance of this position in 

the overall feature representation. Based on this energy map, the spatial attention weight is further defined as:

Figure 4.　SCSA architecture diagram.
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as( xy) = exp ( )γ ×E ( )xy

å ( )x'y' exp ( )γ ×E ( )x'y'
(17)

where γ is a learnable scaling parameter used to adjust the smoothness of the attention distribution.

To achieve collaborative modeling between the spatial and channel dimensions, SCSA further introduces a 

joint attention map that couples the two, which is defined as:

A ( xyc) = ac × as( )xy

a2
c + as( )xy

2
+ ϵ

(18)

This normalized coupling mechanism establishes a dynamic association between space and channels, 

allowing important channels to receive higher responses at critical spatial locations.

Finally, the output feature of the SCSA module is expressed as:

Y ( xyc) = X ( xyc) + ∫
0

1

A ( )xyc ×X ( xyc) d (19)

where the integral form is introduced to characterize the continuous weighting process of attention on the 

original features. In practical implementation, this can be approximated by a scaling operation. Through the 

above mechanism, SCSA enables collaborative enhancement of spatial positions and channel semantics in 

medical images, effectively improving the model’s ability to focus on key lesion regions and enhancing the 

discriminability of overall feature representation.

4. Experiment

4.1. Experimental Environment

All experiments were conducted on a workstation equipped with an NVIDIA RTX 3090 GPU, an Intel Xeon 

Silver 4210 CPU, and 128 GB RAM. The operating system was Ubuntu 20.04 LTS.The proposed method was 

implemented in Python 3.9 using PyTorch 2.0.1. CUDA 11.8 and cuDNN 8.6 were used to accelerate model 

training and inference. In addition, torchvision 0.15.2, NumPy 1.24.3, and OpenCV 4.8.0 were adopted in the 

experimental environment.

4.2. Experimental Data

To comprehensively evaluate the effectiveness and generalization ability of the proposed method, 

experiments were conducted on four publicly available medical imaging datasets, namely RSNA Pneumonia 

Detection Challenge (RSNA), LUNA16, BraTS, and DeepLesion. These datasets cover different imaging 

modalities, lesion types, and detection scenarios, making them suitable for validating the robustness of the 

proposed model across diverse medical image disease detection tasks.

• RSNA

The RSNA Pneumonia Detection Challenge dataset [21] is a publicly available chest X-ray dataset released 

through the RSNA challenge platform for automatic pneumonia detection and localization. The task requires 

models to identify whether pneumonia is present and to localize suspicious regions with bounding boxes, 

making it a representative benchmark for lesion detection under low-contrast and complex-background 

conditions in radiographic images. Because pneumonia manifestations often exhibit blurred boundaries and 

variable shapes, this dataset is well suited for evaluating the sensitivity and localization ability of detection 

models in thoracic disease analysis.

• LUNA16

The LUNA16 dataset [22] is derived from the LIDC-IDRI database and was introduced for the LUng 

Nodule Analysis 2016 challenge, with the goal of objectively evaluating automated pulmonary nodule detection 

algorithms on thoracic CT images. It is widely used in lung nodule detection research and contains annotated 

nodules with considerable variation in size, shape, and appearance. Owing to the presence of small targets and 

the requirement for fine-grained lesion recognition, LUNA16 provides an appropriate benchmark for assessing 

the capability of the proposed method in multi-scale lesion detection.
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• BraTS

The BraTS dataset [23] is a well-known benchmark for brain tumor analysis and is widely used in studies on 

glioma segmentation and classification. It provides multimodal MRI data, typically including T1, T1Gd, T2, and 

FLAIR sequences, which offer complementary information for characterizing tumor subregions and 

heterogeneous lesion structures. Due to the complexity of glioma appearance, spatial heterogeneity, and 

modality variation, BraTS is particularly suitable for evaluating the global modeling ability and discriminative 

feature learning capability of disease detection frameworks in brain imaging scenarios.

• DeepLesion

DeepLesion is a large-scale universal lesion detection dataset [24] constructed from clinical CT images 

through automated mining of radiology annotations. It contains a wide variety of lesion types distributed across 

different body parts and has been widely adopted for developing and evaluating universal lesion detection 

models. Compared with task-specific datasets, DeepLesion involves more diverse anatomical locations, lesion 

scales, and background patterns, thus providing a challenging testbed for validating the robustness and 

generalization performance of the proposed method in complex real-world medical imaging environments.

4.3. Evaluation Metrics

To comprehensively evaluate the performance of the proposed method in medical image disease detection, 

four widely used evaluation metrics were adopted, including Accuracy, Precision, Recall, and F1-score. These 

metrics reflect the overall classification performance, positive prediction reliability, lesion detection sensitivity, 

and balance between precision and recall, respectively.

• Accuracy

Accuracy is used to measure the proportion of correctly classified samples among all samples. It reflects the 

overall predictive capability of the model on the dataset. The calculation of Accuracy is defined as:

Accuracy =
TP + TN

TP + TN + FP + FN
(20)

where TP denotes the number of true positives, TN denotes the number of true negatives, FP denotes the number 

of false positives, and FN denotes the number of false negatives.

• Precision

Precision represents the proportion of correctly predicted positive samples among all samples predicted as 

positive. This metric evaluates the reliability of positive predictions made by the model and is especially 

important in medical diagnosis tasks, where false positive results may lead to unnecessary follow-up 

examinations. Precision is formulated as:

Precision =
TP

TP + FP
(21)

• Recall

Recall is used to measure the proportion of correctly identified positive samples among all actual positive 

samples. It reflects the sensitivity of the model in detecting lesion regions or disease cases. In medical image 

analysis, a high Recall is particularly important because missed detections may directly affect clinical diagnosis. 

The formula for Recall is given as:

Recall =
TP

TP + FN
(22)

• F1-score

F1-score is the harmonic mean of Precision and Recall, which provides a balanced evaluation of the two 

metrics. It is particularly suitable for datasets with class imbalance, as it can comprehensively reflect both the 

prediction accuracy and detection completeness of the model. The F1-score is defined as:

F1 = 2 ´
Precision ´ Recall
Precision + Recall

(23)

4.4. Experimental Comparison and Analysis

As can be observed from the experimental results in Table 1, the proposed MobileMamba-HC method 
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significantly outperforms the existing comparison methods on both medical imaging datasets, RSNA and 

LUNA16, demonstrating strong overall performance advantages. On the RSNA dataset, the proposed method 

achieves 92.35%, 91.14%, 94.28%, and 92.68% in Accuracy, Precision, Recall, and F1-score, respectively. 

Compared with the better-performing method of JS Christobel et al. (82.54%, 80.37%, 84.66%, and 82.46%), 

the improvements are approximately 9.81%, 10.77%, 9.62%, and 10.22%, respectively. In comparison with 

other methods such as C Liu et al. (78.86%, 76.92%, 81.14%, and 78.97%), the performance gains are even 

more pronounced, with the overall improvement exceeding 13%. In particular, the Recall reaches 94.28%, 

indicating that the proposed method has a significant advantage in lesion detection capability and can effectively 

reduce missed detections.

On the LUNA16 dataset, the proposed method also demonstrates excellent performance, achieving 94.18%, 

93.57%, 95.12%, and 94.34% in Accuracy, Precision, Recall, and F1-score, respectively [31]. Compared with 

the currently better-performing method of JS Christobel et al. [29] (84.12%, 81.56%, 87.23%, and 84.30%), the 

improvements are approximately 10.06%, 12.01%, 7.89%, and 10.04%, respectively [32]. Relative to the 

method of C Liu et al. [27] (76.43%, 74.20%, 79.56%, and 76.79%), the gains are even greater, reaching nearly 

18%. Notably, the proposed method achieves over 93% and 95% on the two key metrics of Precision and Recall, 

respectively, indicating that the model is not only capable of accurately identifying lesions but also maintains a 

low false positive rate, thereby achieving a good balance between detection accuracy and recall ability [33].

As can be seen from the experimental results in Table 2, the proposed MobileMamba-HC method also 

achieves significantly superior performance on the two more challenging medical imaging datasets, BraTS and 

DeepLesion, further validating the generalization ability and stability of the model [34]. On the BraTS dataset, 

the proposed method attains 93.84%, 92.67%, 95.12%, and 93.88% in Accuracy, Precision, Recall, and F1-

score, respectively. Compared with the currently best-performing method of JS Christobel et al. [29] (84.75%, 

82.63%, 88.14%, and 85.30%), the improvements are approximately 9.09%, 10.04%, 6.98%, and 8.58%, 

respectively. Compared with the method of C Liu et al. [27] (80.12%, 78.46%, 83.59%, and 80.94%), the overall 

performance improvement exceeds 12%. In particular, the Recall reaches 95.12%, indicating that the model has 

significantly enhanced detection capability for brain tumor regions and can effectively reduce the risk of missed 

detections, which is of great significance for medical diagnosis.On the DeepLesion dataset, the proposed method 

likewise demonstrates clear advantages, achieving 91.56%, 90.43%, 92.87%, and 91.63% in Accuracy, 

Precision, Recall, and F1-score, respectively [35]. Compared with the method of JS Christobel et al. [29] 

(83.12%, 81.04%, 86.59%, and 83.72%), the improvements are approximately 8.44%, 9.39%, 6.28%, and 

7.91%, respectively. Relative to C Liu et al. [27] (78.67%, 76.51%, 82.14%, and 79.22%), the gains reach about 

12% or even higher [36]. In particular, while Precision reaches 90.43%, Recall remains at a high level of 

92.87%, indicating that the model is able to maintain strong lesion detection capability while reducing false 

positives, thereby achieving an excellent balance between precision and recall [37]. Figure 5 provides a 

Table 1.　Performance Comparison of Different Models on RSNA and LUNA16 Datasets.

Method

G Peng et al. [25]

B Zhao et al. [26]

C Liu et al. [27]

P Zhang et al. [28]

JS Christobel et al. [29]

EHP Pooch et al. [30]

Ours

Datasets

RSNA

Accuracy

65.42

72.15

78.86

61.28

82.54

74.69

92.35

Precision

62.18

70.43

76.92

58.74

80.37

72.85

91.14

Recall

68.35

75.21

81.14

64.92

84.66

78.41

94.28

F1

65.12

72.74

78.97

61.68

82.46

75.53

92.68

LUNA16

Accuracy

68.19

70.54

76.43

63.77

84.12

72.31

94.18

Precision

64.55

68.92

74.2

61.45

81.56

70.18

93.57

Recall

72.1

74.38

79.56

67.84

87.23

76.94

95.12

F1

68.12

71.55

76.79

64.49

84.3

73.4

94.34
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comparative visualization of each model’s performance indicators across the four datasets [38].

Overall, the proposed method achieves the best results across all evaluation metrics on all four datasets and 

demonstrates stable and significant improvements over a variety of mainstream methods [39]. This fully 

indicates that the proposed MobileMamba-HC model can effectively enhance feature representation and 

discriminative capability in complex medical imaging scenarios [40]. The global modeling capability provided 

by MobileMamba, the multi-scale frequency-domain perception introduced by FADC, and the spatial-channel 

collaborative enhancement realized by SCSA work together to comprehensively improve model performance, 

highlighting its strong potential for clinical application [41].

As can be seen from the experimental efficiency analysis in Table 3, the proposed MobileMamba-HC 

method also demonstrates significant advantages in computational cost and operational efficiency, achieving a 

favorable balance between performance and efficiency on both the RSNA and LUNA16 datasets.

Table 2.　Performance Comparison of Different Models on BraTS and DeepLesion Datasets.

Method

G Peng et al. [25]

B Zhao et al. [26]

C Liu et al. [27]

P Zhang et al. [28]

JS Christobel et al. [29]

EHP Pooch et al. [30]

Ours

Datasets

BraTS

Accuracy

66.83

74.56

80.12

62.47

84.75

71.39

93.84

Precision

64.51

72.19

78.46

59.82

82.63

69.15

92.67

Recall

69.47

77.83

83.59

65.31

88.14

74.26

95.12

F1

66.9

74.9

80.94

62.44

85.3

71.61

93.88

DeepLesion

Accuracy

63.29

71.94

78.67

65.81

83.12

74.45

91.56

Precision

60.18

69.25

76.51

62.94

81.04

71.82

90.43

Recall

66.42

75.31

82.14

68.17

86.59

78.63

92.87

F1

63.15

72.15

79.22

65.45

83.72

75.07

91.63

Figure 5.　Visualization Comparison of Model Performance Across Four Datasets.
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On the RSNA dataset, the training time of the proposed method is 94.27 s, which is substantially lower than that 

of C Liu et al. [27] (125.68 s), JS Christobel et al. [29] (134.75 s), and G Peng et al. [25] (168.42 s), corresponding 

to an overall improvement in training efficiency of approximately 25–45%. In terms of inference time, the proposed 

method requires only 105.82 ms, which is about 48 ms lower than the currently competitive method of C Liu et al. [27] 

(154.12 ms) and nearly 80 ms lower than G Peng et al. [25] (185.27 ms), indicating a significant improvement in 

inference speed. Regarding computational complexity, the proposed method requires only 12.43 G FLOPs, which 

is far lower than the 20.84 G of C Liu et al. [27] and the 29.72 G of P Zhang et al. [28], representing a reduction in 

computation of approximately 40–58%. At the same time, the number of parameters is 138.56 M, which is about 45 

M fewer than JS Christobel et al. [29] (184.29 M) and more than 150 M fewer than P Zhang et al. [28] (288.51 M), 

making the model more lightweight. On the LUNA16 dataset, the proposed method also exhibits consistent 

advantages. Its training time is 96.84 s, which is reduced by approximately 32 s and 40 s compared with 

C Liu et al. [27] (128.94 s) and JS Christobel et al. [29] (137.28 s), respectively. The inference time is 108.41 ms, 

which is significantly lower than that of C Liu et al. [27] (157.38 ms) and G Peng et al. [25] (188.42 ms), leading 

to an improvement in inference efficiency of about 30–40%. In terms of computational complexity, the proposed 

method requires 13.12 G FLOPs, which is about 35–55% lower than those of mainstream methods (approximately 

21–30 G). The number of parameters is 141.27 M, which is also significantly lower than that of most comparison 

methods, whose parameter counts are generally between 180 M and 290 M.

As can be seen from the experimental efficiency analysis in Table 4, the proposed MobileMamba-HC 

method also demonstrates significant efficiency advantages on the BraTS and DeepLesion datasets, further 

validating its high efficiency and lightweight characteristics in complex medical imaging scenarios.

On the BraTS dataset, the proposed method achieves a training time of 92.64 s, which is substantially lower than 

those of JS Christobel et al. [29] (126.47 s), B Zhao et al. [26] (138.29 s), and G Peng et al. [25] (174.52 s). Compared 

with the current competitive methods, the training time is reduced by more than 30 s, indicating a significant 

improvement in training efficiency. In terms of inference time, the proposed method requires only 104.53 ms, which 

is about 48 ms lower than that of JS Christobel et al. [29] (152.81 ms) and nearly 90 ms lower than that of P Zhang 

et al. [28] (194.38 ms), corresponding to an inference speed improvement of approximately 30–45%. Regarding 

computational complexity, the proposed method requires 11.82 G FLOPs, which is far lower than those of mainstream 

methods (typically ranging from 20 G to 29 G). Compared with C Liu et al. [27] (23.15 G), the reduction is about 

49%, and compared with P Zhang et al. [28] (29.41 G), it is nearly 60%. At the same time, the number of parameters 

is 136.27 M, which is about 50 M fewer than JS Christobel et al. [29] (186.35 M) and more than 140 M fewer than 

P Zhang et al. [28] (282.67 M), indicating a substantial reduction in model size. On the DeepLesion dataset, the 

proposed method maintains consistent advantages. Its training time is 95.18 s, which is reduced by approximately 

35 s and 47 s compared with JS Christobel et al. [29] (130.54 s) and B Zhao et al. [26] (142.15 s), respectively. The 

inference time is 108.92 ms, which is significantly lower than that of JS Christobel et al. [29] (155.63 ms) and C Liu 

Table 3.　Comparative Analysis of Training Metrics on RSNA and LUNA16 Datasets.

Method

G Peng et al. [25]

B Zhao et al. [26]

C Liu et al. [27]

P Zhang et al. [28]

JS Christobel et al. [29]

EHP Pooch et al. [30]

Ours

Datasets

RSNA

Training 
Time (s)

168.42

142.19

125.68

195.34

134.75

155.12

94.27

Inference 
Time (ms)

185.27

162.84

154.12

198.56

158.43

174.69

105.82

Flops 
(G)

26.43

22.15

20.84

29.72

21.36

24.57

12.43

Para. 
(M)

242.18

215.47

192.63

288.51

184.29

228.94

138.56

LUNA16

Training 
Time (s)

172.56

148.37

128.94

198.12

137.28

158.63

96.84

Inference 
Time (ms)

188.42

165.91

157.38

202.47

160.75

178.25

108.41

Flops 
(G)

27.15

23.04

21.46

30.28

22.19

25.41

13.12

Para. 
(M)

245.39

218.62

195.84

292.15

187.63

231.76

141.27

--13



Yuhan D. Innov. Appl. Eng. Technol. 2026, 5(1)

et al. [27] (172.54 ms), resulting in an improvement in inference efficiency of more than 30%. In terms of 

computational cost, the proposed method requires 12.46 G FLOPs, which is clearly lower than those of the comparison 

methods (ranging from 21 G to 30 G). Compared with G Peng et al. [25] (28.52 G), the reduction exceeds 56%. The 

number of parameters is 139.54 M, which is also significantly lower than that of the other methods, whose parameter 

counts are generally between 190 M and 280 M. Figure 6 presents a comparative visualization of the training metrics 

for each model in the four datasets.

Overall, the proposed method not only achieves leading detection performance on all four datasets, but also 

realizes comprehensive optimization in training time, inference speed, computational complexity, and model 

parameter scale. This indicates that the proposed MobileMamba-HC model is capable of maintaining high 

accuracy while achieving lower computational cost and faster inference, fully demonstrating its feasibility and 

practical value for deployment in real-world medical scenarios.

Table 4.　Comparative Analysis of Training Metrics on BraTS and DeepLesion Datasets.

Method

G Peng et al. [25]

B Zhao et al. [26]

C Liu et al. [27]

P Zhang et al. [28]

JS Christobel et al. [29]

EHP Pooch et al. [30]

Ours

Datasets

BraTS

Training 
Time (s)

174.52

138.29

155.84

188.13

126.47

146.72

92.64

Inference 
Time (ms)

182.17

158.46

168.92

194.38

152.81

175.24

104.53

Flops 
(G)

27.84

21.63

23.15

29.41

20.28

25.37

11.82

Para. 
(M)

254.31

208.74

224.56

282.67

186.35

238.19

136.27

DeepLesion

Training 
Time (s)

178.63

142.15

159.37

192.46

130.54

151.28

95.18

Inference 
Time (ms)

186.49

161.28

172.54

198.72

155.63

179.31

108.92

Flops 
(G)

28.52

22.47

24.08

29.93

21.16

26.14

12.46

Para. 
(M)

258.12

212.63

227.89

286.45

189.72

242.56

139.54

Figure 6.　Visual Comparison of Training Metrics.
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As can be seen from the ablation results in Table 5, the three core modules proposed in this paper, namely 

MobileMamba, FADC, and SCSA, all play crucial roles in improving model performance, and there is a clear 

synergistic gain among them. On the RSNA dataset, when MobileMamba is removed, the model performance 

drops dramatically, with Accuracy decreasing to 64.38% and F1-score to 65.07%. Compared with the complete 

model, which achieves 92.35% and 92.68%, respectively, the declines are approximately 28% and 27%. This 

indicates that global modeling capability is essential for medical image disease detection. When FADC is 

removed, Accuracy increases to 78.52% and F1-score to 79.05%, but these results are still significantly lower 

than those of the full model, with a performance gap of about 14%, demonstrating that the frequency-domain 

adaptive mechanism plays an important role in multi-scale feature modeling. When SCSA is removed, Accuracy 

and F1-score are 82.16% and 82.63%, respectively, which are still about 10% lower than those of the complete 

model, indicating that the spatial-channel synergistic attention mechanism makes a significant contribution to 

improving feature discriminability.

A similar trend can be observed on the LUNA16 dataset. Without MobileMamba, the Accuracy is only 

61.92% and the F1-score is 62.62%, which are more than 30% lower than those of the full model, which 

achieves 94.18% and 94.34%, respectively. This further confirms the importance of MobileMamba in modeling 

three-dimensional or complex structures. Without FADC, the Accuracy and F1-score are 76.47% and 77.09%, 

respectively, whereas the complete model reaches 94.18% and 94.34%, corresponding to an improvement of 

nearly 18%. Without SCSA, the Accuracy is 81.54% and the F1-score is 82.38%, which are still about 12% 

lower than those of the full model, indicating that the attention mechanism provides a stable contribution to the 

enhancement of key regions.

On the BraTS dataset, the Accuracy and F1-score are 68.45% and 68.81%, respectively, when 

MobileMamba is removed, which are far lower than the 93.84% and 93.88% achieved by the complete model. 

Without FADC, the Accuracy and F1-score are 79.12% and 79.92%, respectively. Without SCSA, the Accuracy 

and F1-score are 84.37% and 85.02%, respectively. Since the full model exceeds 93% on both metrics, each 

module contributes a performance improvement of approximately 8%-25%. In particular, the Recall of the 

complete model reaches 95.12%, which is clearly higher than those of all ablated variants.

Consistent conclusions can also be drawn from the DeepLesion dataset. Without MobileMamba, the 

Accuracy and F1-score are 65.73% and 65.59%, respectively, which are far lower than the 91.56% and 91.63% 

achieved by the full model. Without FADC, the Accuracy and F1-score are 78.25% and 78.69%, respectively. 

Without SCSA, the Accuracy and F1-score are 83.64% and 84.27%, respectively. In contrast, the complete 

model exceeds 91% on both metrics, showing significant and stable performance improvement. Particularly in 

Table 5.　Results of Ablation Studies on Four Datasets.

Module

w/o MobileMamba

w/o FADC

w/o SCSA

Ours

Module

w/o MobileMamba

w/o FADC

w/o SCSA

Ours

Datasets

RSNA

Accuracy

64.38

78.52

82.16

92.35

BraTS

Accuracy

68.45

79.12

84.37

93.84

Precision

62.15

76.84

80.47

91.14

Precision

66.29

77.56

82.19

92.67

Recall

68.27

81.39

84.92

94.28

Recall

71.54

82.43

88.06

95.12

F1

65.07

79.05

82.63

92.68

F1

68.81

79.92

85.02

93.88

LUNA16

Accuracy

61.92

76.47

81.54

94.18

DeepLesion

Accuracy

65.73

78.25

83.64

91.56

Precision

59.43

74.28

79.62

93.57

Precision

62.18

75.92

81.45

90.43

Recall

66.18

80.12

85.34

95.12

Recall

69.41

81.67

87.29

92.87

F1

62.62

77.09

82.38

94.34

F1

65.59

78.69

84.27

91.63
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terms of Recall, the full model achieves 92.87%, which is substantially higher than those of the ablated variants, 

indicating that the integration of the three modules effectively enhances lesion detection capability. Figure 7 

illustrates the results of the ablation experiments.

Overall, the ablation experiments fully demonstrate that the three key modules proposed in this paper are all 

indispensable. MobileMamba is primarily responsible for global dependency modeling and brings the largest 

performance improvement. FADC enhances multi-scale representation capability through frequency-domain 

information, while SCSA further strengthens critical features and suppresses redundant information. Through 

their collaborative effect, the model achieves the best performance on all four datasets, demonstrating strong 

robustness and generalization ability, and thereby fully validating the effectiveness and rationality of the 

proposed method design.

5. Conclusions

This study focused on the task of medical image disease detection in the context of biopharmaceutical applications 

and proposed a lightweight model, MobileMamba-HC, which integrates MobileMamba, Frequency-domain Adaptive 

Dilated Convolution (FADC), and Spatial and Channel Synergistic Attention (SCSA). Systematic experimental 

validation was conducted on multiple public datasets. The experimental results show that the proposed method 

achieves significantly superior performance compared with existing methods across different modalities and task 

scenarios, including RSNA, LUNA16, BraTS, and DeepLesion. At the same time, it also demonstrates favorable 

efficiency advantages in terms of training time, inference speed, and computational complexity. These findings 

indicate that by introducing a global modeling mechanism based on the state space model, together with frequency-

domain information and multidimensional attention-based collaborative enhancement, the model can effectively 

improve the representation capability and detection accuracy for multi-scale lesions in complex medical images. In 

addition, the ablation studies further verify the complementarity of the different modules, demonstrating the rationality 

and stability of the proposed architecture.

Although the proposed method achieves promising experimental results, several limitations still remain. 

First, the FADC module involves frequency-domain transformation and inverse transformation operations, 

which may introduce additional computational overhead on some hardware platforms. Although the overall 

complexity remains low, there is still room for further optimization in ultra-high-resolution medical images or 

scenarios with extremely strict real-time requirements. Second, although MobileMamba has advantages in long-

Figure 7.　Visual Comparison of Ablation Experiments on Four Datasets.
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range dependency modeling, its performance largely depends on the quality of sequence modeling. When the 

input data contain severe noise or inaccurate annotations, the learning of global features may be affected. In 

addition, the proposed method is mainly validated on single-modality medical imaging datasets, while its 

generalization capability for multimodal fusion tasks, such as joint analysis of CT and MRI, as well as cross-

device and cross-center data, still requires further investigation. Meanwhile, the current experiments are still 

primarily based on offline datasets and lack large-scale validation in real clinical environments, which to some 

extent limits the practical assessment of the proposed method.

In summary, the proposed MobileMamba-HC model achieves an effective balance between performance and 

efficiency in medical image disease detection tasks, showing considerable research value and application 

potential. Future work will be extended in several directions. On the one hand, more efficient frequency-domain 

modeling strategies and lightweight designs will be explored to further reduce computational cost and improve 

real-time performance. On the other hand, multimodal medical image fusion methods will be investigated to 

enhance the adaptability of the model to complex clinical scenarios. In addition, embodied intelligence and 

automated detection systems will be incorporated to promote the deployment and application of the model in 

real medical environments. Large-scale clinical data will also be introduced to further improve the model’s 

generalization ability and robustness, thereby providing more reliable technical support for intelligent medical-

assisted diagnosis.
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