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Wrist fractures, particularly distal radius and ulna fractures, are among the most 
common injuries in pediatric populations. Early and accurate detection of these 
injuries is critical for preventing long-term complications, yet interpreting pediatric 
wrist radiographs remains a challenging task due to the subtle nature of some 
abnormalities. In response to this challenge, we propose a novel hybrid framework 
for automated medical image detection, combining the strengths of convolutional 
neural networks (CNNs) and Mamba-based encoders to capture both local and 
global feature dependencies. To address the challenges in fusing features from these 
two distinct architectures, we introduce the Feature Aggregation Attention Module 
(FAAM), which dynamically combines the feature maps for more robust 
representation. Additionally, we enhance the YOLOv11 framework by replacing 
conventional upsampling in the neck with the Dysample technique, which improves 
feature propagation and refinement. We evaluate our method on the 
GRAZPEDWRI-DX dataset, a comprehensive collection of pediatric wrist trauma 
X-rays, demonstrating significant improvements in fracture detection. Our approach 
achieves an mAP@0.5 of 69.12% and an mAP@0.95 of 48.4%, showcasing its 
effectiveness in both general and challenging detection scenarios. 
Keywords: Wrist Fractures Detection, Object Localization, CNN-Mamba 
Framework, Hybrid Deep Learning, Medical Imaging, Feature Fusion 

  

1. Introduction 

rist abnormalities are among the most frequent 

injuries encountered in pediatric populations, with 

wrist fractures (particularly distal radius and ulna fractures) 

being the most common. These injuries often occur during 

periods of rapid growth and increased physical activity, 

especially during adolescence [1, 2]. Early detection and 

accurate diagnosis are essential to prevent long-term 

complications such as malunion, growth plate disturbances, 

or chronic pain. Radiography, especially X-ray imaging, is 

the primary diagnostic tool due to its accessibility, speed, 

and cost-effectiveness [3]. However, the interpretation of 

pediatric wrist radiographs can be challenging, even for 

trained clinicians. Studies report that diagnostic errors in 

emergency radiograph readings can reach up to 26% [4, 5], 

exacerbated by the ongoing global shortage of radiologists. 

These issues highlight the pressing need for automated, 

accurate, and scalable solutions to assist in interpreting 

pediatric trauma images. In this context, deep learning 

(especially object detection models) has emerged as a 

powerful tool, showing promising results in identifying 

abnormalities from radiographs [6, 7]. 

Object detection is a core task in computer vision that 

identifies and locates objects within an image. It performs 

two functions simultaneously: classification, which labels 

W
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an object (e.g., a fracture), and localization, which draws a 

bounding box to pinpoint its exact position [8]. This 

technology allows models to assist in tasks like identifying 

and marking abnormalities on medical images.  Traditional 

object detection techniques like the sliding window method 

were limited by their inefficiency and lack of contextual 

understanding. The evolution of object detection has since 

been marked by the development of region-based 

approaches and, more significantly, the rise of single-stage 

detectors like the YOLO (You Only Look Once) family. 

YOLO models perform object localization and 

classification in a single forward pass, enabling real-time 

detection with high accuracy. This makes them particularly 

well-suited for applications such as emergency triage or 

automated radiology systems [9]. Over time, the YOLO 

architecture has evolved through various iterations 

(YOLOv3 [10] through YOLOv12 [11]) each introducing 

improvements in speed, accuracy, and flexibility. The 

version employed in this paper, YOLOv11 [12], integrates 

state-of-the-art design principles such as anchor-free 

detection, decoupled head structures, and enhanced feature 

pyramids, further optimizing the trade-off between 

inference speed and detection accuracy. Despite their 

advancements, YOLO models have typically relied on 

convolutional neural networks (CNNs) as their backbone 

[13], which brings inherent limitations, especially when 

interpreting complex medical images like pediatric wrist X-

rays. 

While CNNs are excellent at capturing local features 

like edges and textures, their small receptive fields restrict 

their ability to model long-range dependencies, the 

relationships between distant parts of an image [14]. A 

subtle diagnosis in an X-ray might depend on cues from 

multiple, spatially separated areas, and a purely local view 

is often insufficient to capture these crucial associations. 

For example, a minor bone fracture might be subtle but is 

linked to significant soft-tissue swelling or dislocation a 

few centimeters away, a connection a traditional CNN 

might miss. To overcome this, several architectural 

solutions have emerged, each with its own trade-offs. For 

instance, Dilated CNNs [15],  can expand their receptive 

fields but may suffer from a "gridding" effect, while Vision 

Transformers (ViTs) [14], effectively model global 

relationships but come with high computational cost and 

memory requirements. Similarly, Non-local Networks [16], 

also capture long-range dependencies but are limited by 

their significant computational expense. Global 

Convolutional Networks (GCNs) [17], use larger kernels 

for broader context but do not explicitly model 

relationships between non-contiguous pixels. 

Given the shortcomings of traditional architectures, 

state-space models [18] have recently emerged as a 

compelling alternative, offering a fundamentally different 

approach to sequence modeling. Among these, Mamba [19] 

stands out as a novel and efficient sequence modeling 

framework. Unlike transformers, Mamba uses linear time 

state-space transitions, making it much more efficient in 

handling long sequences and high-resolution data. It 

captures both short- and long-term dependencies while 

maintaining low computational complexity and strong 

generalization capabilities [20]. These properties make 

Mamba particularly well-suited for the medical imaging 

domain, where global context, spatial continuity, and subtle 

feature integration are essential. In the context of 

radiographic analysis, Mamba can effectively capture 

interrelated features spread across the image (such as small 

fractures accompanied by soft tissue swelling or periosteal 

reactions) without the overhead of self-attention 

mechanisms [21]. 

In this study, we introduce a novel and comprehensive 

framework for medical image detection, designed to 

overcome the limitations of single-architecture models. Our 

proposed solution is built upon a dual-encoder architecture 

that combines the strengths of two distinct state-of-the-art 

models: a CNN-based encoder, which leverages its inherent 

inductive biases for superior extraction of fine-grained 

local features, and a Mamba-based encoder, which 

efficiently models both short-term (local) and long-term 

(global) dependencies through its linear-time state-space 

transitions. A critical challenge in this multi-encoder design 

is the optimal fusion of features from these fundamentally 

different architectures. To address this, we introduce the 

Feature Aggregation Attention Module (FAAM), a key 

contribution of this research. The FAAM is strategically 

applied to the last three layers of both encoders, 

intelligently and dynamically weighing and combining their 

feature maps to create a unified and enriched 

representation. This fused feature set is then passed to a 

modified YOLOv11 framework for the final object 

detection task. We further enhance performance by 

replacing conventional upsampling in the neck with a novel 

and more effective approach called Dysample [22], which 

ensures superior feature propagation and refinement. This 

integrated framework is meticulously designed to provide a 
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more robust and comprehensive understanding of complex 

radiographs, thereby enabling more accurate and detailed 

automated dictations. We apply this approach to the 

GRAZPEDWRI-DX [23] dataset, one of the most detailed 

pediatric wrist trauma X-ray datasets available, 

encompassing over 20,000 images annotated across 

multiple categories. Our contributions are as follows: 

• First, we design and implement a novel hybrid 

framework that utilizes a CNN-based encoder for robust 

local feature extraction and a Mamba-based encoder, which 

efficiently captures both short-term (local) and long-term 

(global) dependencies, as dual encoders. This dual-encoder 

output is then integrated with the detection capabilities of 

YOLOv11's neck and head. 

• Second, we introduce a novel Feature Aggregation 

Attention Module (FAAM) to address the critical challenge 

of efficiently and optimally combining the distinct feature 

sets extracted from the CNN and Mamba encoders. 

• Third, we enhance the YOLOv11 framework by 

replacing its conventional upsampling mechanism in the 

neck with a new and more effective approach called 

"Dysample", ensuring superior feature propagation and 

refinement for improved detection performance. 

• Lastly, we conduct extensive experiments on the 

GRAZPEDWRI-DX dataset to validate the effectiveness of 

our approach in detecting fractures and other wrist 

abnormalities. 

The rest of the paper is organized as follows. In Section 

2, we provide a comprehensive review of related work, 

discussing studies that have utilized the YOLO framework 

with traditional backbones, as well as those exploring the 

combination of Mamba and YOLO for medical image 

detection. We also review key findings from prior work on 

the dataset used in this research. Section 3 details our 

proposed methodology, beginning with an explanation of 

the dual-encoder branches, followed by the design of our 

Feature Aggregation Attention Module (FAAM), and 

concluding with a description of the modifications made to 

the YOLOv11 neck and head. Section 4 outlines our 

experimental setup. Section 5 presents the comprehensive 

results of our approach, followed by the conclusion in 

Section 6. 

2. Related work 

Fracture detection is a crucial and advancing area in 

medical image analysis, with computer vision techniques 

playing a pivotal role in improving diagnostic accuracy. 

This section provides a comprehensive and systematic 

review of the literature most relevant to our research. The 

studies are organized into three distinct categories to 

provide a clear understanding of the progression and 

current state of the art in this domain. First, we examine 

studies that utilize the YOLO framework with its traditional 

backbones for medical images detection. Next, we review 

recent and emerging work that explores the combination of 

Mamba and YOLO architectures, a key focus of our study. 

Finally, we summarize prior research and key findings 

specifically from the GRAZPEDWRI-DX dataset that we 

employ in this work. 

2.1. YOLO with traditional Backbones for Medical 
Image Detection: 

A recent study introduced YOLO-Med, an efficient end-

to-end multi-task network for simultaneous object detection 

and semantic segmentation in biomedical images. The 

model incorporates a cross-scale task-interaction module 

alongside task-specific decoders, enabling improved feature 

fusion. Evaluated on the Kvasir-seg and a private 

biomedical dataset, YOLO-Med achieved a strong balance 

between accuracy and inference speed [24]. Tao Zhou et al. 

[25] presents a novel deep learning model called Mandible-

YOLO, designed to improve fracture detection by 

addressing the limitations of existing methods, which often 

struggle with the unique and varied characteristics of 

fractures. The core of this research lies in its three main 

contributions: the Multi-scale Residual Feature 

Enhancement Module (MRFEM), which uses a multi-

branch fusion strategy and different convolution kernel 

sizes to enhance the model's ability to perceive fractures of 

varying scales; the Spatial-Channel Feature Hybrid Module 

(SCFHM), which improves fracture recognition by using a 

dual-branch attention mechanism to extract both spatial and 

channel information; and the Global–Local Feature Hybrid 

Module (GLTHM), which integrates a Transformer module 

with a self-attention mechanism to enhance the model's 

capacity for capturing long-distance features, thereby 

improving localization. In essence, the proposed model is a 

highly specialized architecture engineered to handle the 

specific complexities of fracture detection by 

systematically improving feature extraction, attention, and 

long-range dependency capture. Deepak Puthanpura et al. 

[25] present a comprehensive, hybrid deep learning 

framework called TFL-net, specifically designed to 

improve tibia fracture diagnosis and localization due to its 
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challenging nature. The core of this research lies in its three 

key methodologies: it first employs a VGG16-based deep 

feature extraction combined with a Support Vector 

Machine (SVM) classifier for accurate fracture 

classification. Second, a custom-trained YOLOv8 network 

is central to the framework, enabling real-time and precise 

localization of fracture regions with high mean average 

precision (0.964 mAP@0.5) and efficiency. Lastly, an 

Extreme Gradient Boosting (XGBoost) module is 

integrated for individualized healing time prediction based 

on patient-specific data, with the entire system accessible 

via a graphical user interface to streamline the clinical 

workflow.  

2.2. Hybrid Mamba and YOLO Architectures for 
Medical Image Detection: 

A recent study proposed the BrYOLO-Mamba model, 

which integrates state-space models (SSMs) into a Br-

ORSS Block and introduces improvements to the input and 

neck modules of YOLO-Mamba for bronchoscopic image 

analysis. The model was evaluated on three bronchoscopic 

datasets and achieved notable improvements, with a 2.95% 

increase in accuracy and a 3.41% improvement in F1-score 

compared to YOLO-Mamba, while also demonstrating high 

sensitivity and reduced computational cost [26]. Khalili et 

al. [27] developed The Mamba-YOLOvX model to 

improve detection and localization of thoracic 

abnormalities in chest X-rays. The model integrates global 

and local lesion information through combined spatial and 

channel attention mechanisms and selective scanning 

blocks, while a projection-based augmentation strategy 

leveraging rib segmentation and keypoint alignment was 

proposed to enhance anatomical consistency across 

datasets. Evaluated on VinDr-CXR, ChestX-ray8, and 

CXR-AL14, the model achieved average precision scores 

of 0.366, 0.153, and 0.615, respectively, demonstrating 

significant gains in precision, recall, and mean average 

precision, particularly for small lesions, and confirming 

strong cross-dataset generalizability. Another recent study 

proposed a single-stage Mamba-YOLACT instance 

segmentation model for head–neck lymph nodes in MRI, 

introducing a Cross-field and Cross-direction Feature 

Enhancement (CCFE) module and a MambaNet-based 

prediction head to better capture global dependencies and 

lesion features. On a head–neck lymph node MRI dataset, 

the model achieved APdet 69.8%, APseg 70.9%, ARdet 

55.3%, ARseg 56.4%, mAPdet 39.4%, and mAPseg 41.0%, 

demonstrating accurate segmentation performance for 

clinical decision support [28]. 

2.3. Review of the GRAZPEDWRI-DX Dataset: 

Ahmed et al. [29] evaluated single-stage detection 

models YOLOv5, YOLOv6, YOLOv7, and YOLOv8 for 

pediatric wrist abnormality detection on the 

GRAZPEDWRI-DX dataset, demonstrating that they 

outperform the widely used two-stage Faster R-CNN. 

Among them, YOLOv8m achieved the highest fracture 

sensitivity (0.92) and mAP (0.95), while YOLOv6m 

yielded the highest overall sensitivity (0.83) and YOLOv8x 

recorded the best overall mAP (0.77), underscoring the 

potential of single-stage models in pediatric wrist imaging. 

A recent study was the first to apply the YOLOv9 

algorithm for fracture detection, using the GRAZPEDWRI-

DX dataset with extended training via data augmentation. 

The proposed model achieved a 3.7% improvement over 

the state-of-the-art, increasing mAP50–95 from 42.16% to 

43.73%, demonstrating its potential as a computer-assisted 

diagnostic tool for radiologists and surgeons [30]. Another 

recent study proposed the YOLOv8+GC model, which 

integrates a lightweight Global Context (GC) block into 

YOLOv8 to enhance global feature modeling for fracture 

detection. On the GRAZPEDWRI-DX dataset, the model 

improved mAP50 from 63.58% to 66.32%, achieving state-

of-the-art performance compared to the baseline YOLOv8 

[31]. Ju, R.Y et al. [32] applied the YOLOv8 algorithm 

with data augmentation to the GRAZPEDWRI-DX 

pediatric wrist trauma dataset, achieving state-of-the-art 

performance with an mAP50 of 0.638, surpassing the 

improved YOLOv7 (0.634) and baseline YOLOv8 (0.636). 

The authors also developed a clinical application, Fracture 

Detection Using YOLOv8 App, to support surgeons in 

fracture diagnosis and surgical planning. 

3. Methodology 

Our proposed model consists of three main components: 

a dual-branch encoder, Feature Aggregation Attention 

Module (FAAM), and a modified YOLOv11-style neck 

with DySample, as shown in Fig. 1. The architecture is 

specifically designed to improve wrist fracture detection 

accuracy while maintaining computational efficiency. 
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Figure 1. The architecture of our proposed dual-encoder framework, which integrates CNN-based and Mamba-based encoders with a 

modified YOLOv11 neck and head. 

3.1. Dual-Branch Encoder Design 

Wrist abnormality detection models often rely on a 

single feature extraction path within an encoder–decoder 

framework. However, this single-path approach struggles to 

simultaneously capture fine-grained local details and 

broader contextual information, a challenge inherent to the 

nature of different deep learning architectures.  
Convolutional neural networks (CNNs) are highly effective 

at modeling local spatial relationships through hierarchical 

receptive fields, making them well-suited for extracting 

precise textures, edges, and object boundaries in high-

resolution images. However, their localized nature limits 

their ability to efficiently capture long-range dependencies, 

requiring either very deep architectures or additional 

context modules, which can increase computational 

complexity. Conversely, the Mamba architecture efficiently 

models both local and long-range dependencies via its 

Selective Scan mechanism, but it lacks the strong local 

inductive bias of CNNs for fine-detail preservation. To 

address these limitations, we propose a Dual-Branch 

Encoder Architecture that synergistically integrates CNN 

and Mamba branches, as shown in Fig. 1, leveraging 

hierarchical feature fusion to enhance segmentation 

accuracy and robustness across multiple scales. The 

encoder comprises two parallel feature extraction 

pathways, CNN and Mamba branches, whose outputs are 

fused at the last 3 layers. At layer 𝑙, the CNN and Mamba 

branches produce feature maps 𝐹஺
௟ ∈ 𝑅஼೗×ு೗×ௐ೗  and 𝐹஻

௟ ∈

𝑅஼೗×ு೗×ௐ೗  respectively, where 𝐶௟ ∈ {32,64,128,256,512} 

correspond to downsampling scales of {
ଵ

ଶ
,

ଵ

ସ
,

ଵ

଼
,

ଵ

ଵ଺
,

ଵ

ଷଶ
}. 

3.1.1. Mamba Branch 

This branch contains 5 stages with Mamba blocks 

followed by convolutional layers with stride 2 for 

progressive downsampling, as shown in Fig. 1, creating a 

hierarchical feature representation that captures both local 
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and global contextual information. In the following 

sections, we explain the state space model and 2D-

selective-scan mechanism. 

A. State space model 

Mamba is built upon the State Space Model (SSM) 

framework. Unlike Transformer-based methods, which 

have quadratic time complexity, Mamba achieves linear-

time complexity while demonstrating strong 

representational capacity for long-sequence modeling, 

offering significant efficiency in large-scale data processing 

[33]. 

The SSM is traditionally employed to represent linear 

time-invariant (LTI) systems. It establishes a mapping from 

an input sequence to an output sequence through a latent 

hidden state, thereby capturing temporal dynamics and 

encoding dependencies between inputs and outputs. 

Formally, the continuous-time SSM can be expressed using 

a system of linear ordinary differential equations (ODEs): 

 

ℎ(𝑡) ∈ 𝑅ே ,  𝑥(𝑡) ∈ 𝑅௅ ,  𝑦(𝑡) ∈ 𝑅௅  (1) 
𝑑

𝑑𝑡
ℎ(𝑡) = 𝐴ℎ(𝑡) + 𝐵𝑥(𝑡) (2) 

𝑦(𝑡) = 𝐶ℎ(𝑡) + 𝐷𝑥(𝑡) (3) 

where ℎ(𝑡) is the hidden state vector at time 𝑡, 𝐴 ∈

ℝே × ே  is the state transition matrix, 𝐵 ∈  ℝே × ௅ is the input 

matrix, 𝐶 ∈  ℝ௅ × ே is the output matrix, and 𝐷 ∈  ℝ௅ × ௅  is 

the feed-forward matrix. The matrix 𝐴 governs the 

temporal evolution of the hidden state, while 𝐵, 𝐶 𝑎𝑛𝑑 𝐷 

define the interactions between the input signal 𝑥(𝑡), state 

ℎ(𝑡), and output response 𝑦(𝑡). 

For deep learning applications, it is common to 

discretize these continuous-time dynamics to align with the 

sampling frequency of real-world signals [10]. This ensures 

that the model captures temporal dependencies at discrete 

intervals. Applying the zero-order hold principle, the 

discretized state-space equations are: 

 

𝐴ௗ = 𝑒୼஺,  𝐵ௗ = (𝑒୼஺ − 𝐼)𝐴ିଵ𝐵, 𝐶ௗ = 𝐶 (4) 

ℎ௞ = 𝐴ௗℎ௞ିଵ + 𝐵ௗ𝑥௞  (5) 

𝑦௞ = 𝐶ௗℎ௞ + 𝐷𝑥௞  (6) 

where Δ denotes the discretization step size and 𝐼 is the 

identity matrix. These discretization rules provide a 

tractable discrete-time representation of the continuous 

SSM, enabling seamless integration of Mamba into modern 

deep learning frameworks. 

B. 2D-selective-scan mechanism 

A fundamental limitation of directly applying Mamba to 

vision tasks lies in the incompatibility between two-

dimensional (2D) visual data and one-dimensional (1D) 

sequential inputs. While 2D spatial information is crucial in 

visual understanding, it plays a relatively minor role in 1D 

sequence modeling. As a result, a direct mapping from 2D 

to 1D often yields restricted receptive fields, which fail to 

capture correlations with unobserved spatial regions [19]. 

To overcome this challenge, the Visual State Space 

Model (VSSM) introduces the 2D Selective-Scan (SS2D) 

mechanism [19], which forms the core of the framework. 

As illustrated in Fig. 2, SS2D first expands image patches 

into four distinct scanning directions, producing four 

independent sequences. This quad-directional scanning 

allows each element of the feature map to aggregate 

contextual information from all other positions across 

multiple orientations, thereby constructing a global 

receptive field while maintaining linear computational 

complexity. 

Each generated sequence is then passed through the 

Selective-Scan State Space Model (S6), which models 

dependencies along the scanning direction. Finally, the 

sequences are merged to reconstruct the 2D feature map. 

Formally, given an input feature map 𝑧, the SS2D process 

is defined as: 

 

𝑧௜
expand

= expand(𝑧),  𝑖 ∈ {1,2,3,4} (7) 

𝑧௜
out = 𝑆6൫𝑧௜

expand
൯ (8) 

𝑧merge = merge(𝑧ଵ
out, 𝑧ଶ

out, 𝑧ଷ
out, 𝑧ସ

out) (9) 

Here, 𝑒𝑥𝑝𝑎𝑛𝑑(⋅) and 𝑚𝑒𝑟𝑔𝑒(⋅) denote the scan 

expansion and merging operations, respectively. The S6 

block serves as the core VSSM operator, enabling each 

element in the 1D sequence to interact with previously 

scanned elements via a compact hidden state, thereby 

capturing both local and global dependencies efficiently. 

3.1.2 . CNN Branch 

The second branch consists of five sequential CNN 

blocks that extract traditional convolutional features 

through a hierarchical structure, as shown in Fig. 1. Each 

CNN block follows a standardized architecture comprising 

GroupNorm layers for normalization, ReLU activation 

functions for non-linearity, and convolutional layers for 

feature extraction. The internal structure of each block 

includes two GroupNorm-ReLU-Conv sequences followed 

by a residual connection and an additional convolutional 

layer with stride 2 for downsampling. This design enables 

progressive spatial dimension reduction while increasing 
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feature depth, allowing the network to capture multi-scale 

anatomical patterns essential for fracture detection. The 

consistent block structure ensures stable gradient flow 

throughout the deep network while maintaining 

computational efficiency. 

 

Figure 2. The 2D Selective-Scan (SS2D) mechanism. 

3.2. Feature Aggregation Attention Module (FAAM) 

To effectively merge the complementary information 

extracted from the CNN and Mamba encoders, we 

introduce FAAM, as illustrated in Fig. 3. The primary 

objective of FAAM is to enable dynamic, bidirectional 

interaction between the two feature streams, allowing each 

encoder to guide and refine the other. Instead of simply 

concatenating the outputs, FAAM establishes a selective 

communication pathway that emphasizes informative 

spatial regions and discriminative channels, leading to a 

more expressive fused representation. 

 

Figure 3. The architecture of the Feature Aggregation Attention 

Module (FAAM). 

 

Each input branch (denoted as 𝐹ଵ for the CNN encoder 

and 𝐹ଶ for the Mamba encoder) is first enhanced through 

Spatial Attention (SA) and Channel Attention (CA) blocks. 

The SA mechanism identifies where critical visual cues 

(e.g., fine fracture lines or tissue boundaries) occur within 

the feature map, while the CA mechanism emphasizes 

which feature channels are most informative for detection. 

The outputs of these attention maps are combined and 

refined using a Depthwise Convolution (DWConv) 

followed by a sigmoid activation function 𝜎(⋅), producing 

attention-weighted features 𝐹ଵ
෡  and 𝐹ଶ

෢. These operations are 

mathematically expressed as: 

 

𝐹ଵ
෡ = σ ቀDWConv൫SA(𝐹ଵ) + CA(𝐹ଵ)൯ቁ ⊙ 𝐹ଵ (10) 

𝐹ଶ
෢ = σ ቀDWConv൫SA(𝐹ଶ) + CA(𝐹ଶ)൯ቁ ⊙ 𝐹ଶ (11) 

Where ⊙  denotes element-wise multiplication. These 

steps ensure that each branch focuses on its most relevant 

spatial and channel characteristics before interacting with 

the other. 

To promote cross-branch communication, FAAM 

employs a bidirectional Cross-Attention mechanism. In this 

stage, the refined features from one branch act as queries, 

while the other provides the keys and values, enabling each 

encoder to selectively absorb complementary information 

from its counterpart. This process allows the CNN branch, 

for instance, to utilize the Mamba branch’s global context 
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to enhance its localized fracture features, and vice versa. 

The cross-attention refinement can be represented as: 

𝐹ଵ
෩ = σ ቀCrossAttn൫𝐹ଵ

෡ , 𝐹ଶ
෢൯ቁ ⊙ 𝐹ଵ

෡  (12) 

𝐹ଶ
෪ = σ ቀCrossAttn൫𝐹ଶ

෢, 𝐹ଵ
෡ ൯ቁ ⊙ 𝐹ଶ

෢ (13) 

After cross-attention, the two refined outputs are 

concatenated along the channel dimension to form the final 

fused feature representation: 

𝐹୤୳ୱୣୢ = Concat൫𝐹ଵ
෩ , 𝐹ଶ

෪൯ (14) 

As shown in Fig. 3, FAAM plays a pivotal role in 

unifying the outputs of the CNN and Mamba encoders. By 

facilitating a bidirectional exchange of information, FAAM 

allows the model to simultaneously capture fine-grained 

local structures and long-range contextual dependencies 

within pediatric wrist radiographs. This synergy ensures 

that subtle yet clinically significant patterns (such as faint 

fracture lines or soft tissue irregularities) are preserved and 

emphasized during feature fusion. Furthermore, FAAM 

achieves this enhanced representational capability through 

an efficient design that leverages lightweight depthwise 

convolutions and attention gating, adding minimal 

computational cost. The ablation results presented in Table 

5 underscore its importance: incorporating FAAM 

consistently improved both mAP@0.5 and mAP@0.95, 

demonstrating superior detection accuracy and localization 

precision. Collectively, these findings confirm that FAAM 

is a critical component of the proposed framework, 

enabling a balanced, context-aware, and computationally 

efficient understanding of complex medical images. 

3.3. Enhanced Neck Architecture 

Our model utilizes an enhanced YOLOv11n-style neck. 

Key improvements, detailed below, include the integration 

of the DySample module for optimized feature propagation 

and refinement, and the incorporation of C3K2, C2PSA, 

and SPFF modules (Figures 4 and 5). 

3.3.1. YOLOv11-Style Design 

In this study, we enhance the neck architecture by 

incorporating Dysample to improve the overall 

performance of a YOLOv11-inspired design. Dysample 

refines the feature extraction process by optimizing the 

sampling strategy, which aids in more effective feature 

processing across different scales. This enhancement works 

in conjunction with the existing C3K2, C2PSA, 

and SPFF modules, which are designed for efficient feature 

processing, position-sensitive attention, and spatial pyramid 

feature fusion, respectively. The specific implementation of 

these modules within the neck architecture is visually 

represented in Fig. 4, providing a clear depiction of the 

system's design. A more detailed explanation of Dysample, 

including its impact and functionality within the network, is 

provided in the following section. 

 

Figure 4. Structural designs of the C3K2, C2PSA, and SPFF 

modules within the enhanced neck architecture. 

3.3.2. DySample 

DySample is a lightweight, learnable, sampling-based 

upsampling module that replaces conventional upsampling 

operations in the neck of the detector[3]. The primary 

purpose of DySample is to improve the quality and 

informativeness of upsampled feature maps while keeping 

computational cost and parameter counts low. In standard 

detection pipelines, simple upsampling methods or heavy 

alternatives either produce blurred or artifact-prone outputs 

or introduce a large number of parameters and extra 

computation. DySample addresses this trade-off by 

predicting a small, per-location sampling offset field and 

using that field to resample the input features at adaptive, 

informative positions. In practice this means the network 

can learn where to pull information from the lower-

resolution feature map to reconstruct higher-resolution 

details that are most useful for downstream localization and 

classification. 
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Figure 5. Sampling-based dynamic upsampling and module 

designs in DySample. (a) Sampling based dynamic upsampling. 

(b) Sampling point generator in DySample [22]. 

 
Functionally, DySample operates in two coordinated 

steps. First, a light projection (implemented as a small 

linear or 1×1 convolutional layer) maps the input feature 

map to a compact offset tensor; this tensor encodes 

coordinate offsets (relative to a regular upsampling grid) 

for each target sampling position. The offset tensor is 

reshaped and combined with the default sampling grid to 

form a learned sampling set. Second, a differentiable 

resampling operation (grid sampling with bilinear 

interpolation) uses the learned sampling set to produce the 

upsampled feature map. Because the sampling locations are 

predicted conditioned on the local features, the module 

effectively performs content-aware upsampling: it 

concentrates capacity on image regions and feature 

channels that matter for detection, rather than uniformly 

interpolating everywhere. Fig. 5 visualizes this sampling-

based dynamic upsampling and the sampling point 

generator, clarifying how offsets are produced and applied 

to the grid. 

DySample confers several concrete advantages when 

integrated into the neck of our YOLO-style detector. First, 

it reduces common upsampling artifacts (checkerboard 

effects from transposed convolutions, and oversmoothing 

from plain bilinear upsampling) because sampling locations 

are optimized during training and bilinear resampling 

produces smooth, spatially consistent outputs. Second, it 

improves preservation of high-frequency, localized detail (a 

key requirement for detecting subtle pediatric fractures) by 

adaptively steering sampling toward edges and anatomical 

boundaries rather than blindly interpolating. Third, 

DySample is computationally efficient: offset generation 

requires only a small projection and the grid-sampling 

operation is hardware-friendly and fully differentiable, so 

the module can be trained end-to-end with negligible 

increase in inference latency relative to heavyweight 

dynamic convs. This efficiency is reflected in our ablation 

results, where introducing Dysample yields clear 

improvements in mAP metrics while adding only a modest 

number of parameters (see Table 5). 

4. Experiments 

In this part, we give a detailed explanation of how our 

experiments were set up to test and support our method. 

We describe the datasets used, focusing on their key 

features and why they are important for our research. We 

also explain how the method was implemented, including 

parameter settings and any optimization techniques applied. 

Lastly, we discuss the evaluation methods used to measure 

how well the approach performed, ensuring the results are 

thoroughly analyzed. 

4.1. Datasets 

This research uses the GRAZPEDWRI-DX database, an 

open-access database of pediatric wrist trauma radiographs 

acquired by the Medical University of Graz. Comprising 

20,327 de-identified images from 6,091 patients (mean age 

10.9 years, ranging from 0.2 to 19 years; 2,688 females, 

3,402 males, and 1 unknown), the dataset spans a decade of 

imaging from 2008 to 2018. Each radiograph, presented in 

16-bit grayscale PNG format, includes posteroanterior and 
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lateral projections, providing comprehensive views of the 

wrist anatomy.  

Annotations were meticulously performed between 2018 

and 2020 by a team of expert radiologists and medical 

students, with validation by three seasoned pediatric 

radiologists. The dataset encompasses 74,459 image tags 

and 67,771 labeled objects, detailing various pathologies 

such as fractures, periosteal reactions, and bone lesions. 

These annotations employ bounding boxes, polygons, and 

lines to accurately delineate areas of interest. 

The GRAZPEDWRI-DX dataset was chosen for this 

study for several important reasons. First, it provides 

detailed annotations, which is different from many other 

pediatric datasets that only give simple labels. This makes 

it possible to analyze wrist problems in more detail. 

Second, the dataset includes images from children of 

various ages, which helps study how wrist anatomy 

changes as kids grow. Finally, the dataset is publicly 

available under a Creative Commons license, meaning 

anyone can access it. This openness promotes transparency 

and allows other researchers to use the data for their own 

studies, making it a valuable tool for research in pediatric 

radiology and machine learning. To illustrate the dataset's 

richness and labeling quality, Fig. 6 presents example X-

ray images where each labeled object type is shown 

individually. These include different types of findings such 

as fractures, periosteal reactions, metal implants, and soft 

tissue abnormalities. Each object is visually highlighted 

using bounding boxes or polygons, offering a clear view of 

how the dataset captures and categorizes wrist pathologies 

in children. 

4.1.1. Analysis of Objects in the Dataset 

The GRAZPEDWRI-DX dataset includes annotations 

for nine distinct objects related to pediatric wrist 

radiographs. These include common abnormalities such as 

fractures and periosteal reactions, as well as rarer findings 

like bonelesions and foreign bodies. The object "text", 

which is used to indicate side markers, appears in nearly all 

images. 

Table 1 below summarizes the total number of instances 

for each object, their occurrence ratio across the dataset, 

and the frequency distribution of how many times each 

object type appears per image (i.e., zero, one, two, or more 

instances). 

Table 1. Object Distribution in the GRAZPEDWRI-DX Dataset. 
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Figure 6. Examples of different objects labelled by the human experts. In the first row from left to right: Fracture (bounding box), text 

(bounding box), periosteal reaction (polygon). In the second row from left to right: Pronator quadratus sign (bounding box), soft tissue 

swelling (bounding box), foreign body (bounding box). In the last row from left to right: Bone anomaly (bounding box), metal (bounding 

box), and axis (line). The middle radiograph in the first row shows a cast. The right images in the first and third row were tagged with 

osteopenia [23]. 

 

4.1.2. Dataset Split 

To ensure a robust and unbiased evaluation of our 

model's performance, the entire dataset of 20,327 images 

was systematically partitioned into three distinct subsets: a 

training set, a validation set, and a testing set. This 

approach is crucial for preventing data leakage and 

ensuring that the model's final performance is measured on 

unseen data, providing a realistic estimate of its 

generalization capability. The split was performed 

randomly to maintain a representative distribution of the 

data across all three sets. The dataset was divided as 

follows: a training set of 15,245 images (approximately 

75% of the total dataset) was used to train the object 

detection models; a validation set of 4,066 images 

(approximately 20%) was used to fine-tune the model's 

hyperparameters and monitor its performance during 

training; and a test set of 1,016 images (approximately 5%) 

was held out and used only once, after the final model was 

trained, to ensure an objective and reliable assessment of 

the model's true performance on new, unseen data. 
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4.2. Implementation details 

All the experiments in this paper are implemented based 

on the PyTorch framework. Considering the substantial 

computational cost during the training process for deep 

learning models, all models in this work were implemented 

and trained on an RTX 3090Ti GPU. In preprocessing data, 

all the input images were uniformly resized to the fixed 

resolution of 640 × 640 so that all input data would be 

compatible with the network's input dimension. A batch 

size of 8 was selected for training, balancing computational 

efficiency with memory constraints to achieve optimal 

performance of the model. To enhance the network's 

effectiveness, SiLU activation was applied after batch 

normalization layers. This combination not only stabilized 

training by normalizing intermediate feature distributions 

but also introduced non-linearity, enabling the network to 

learn more complex patterns. The Stochastic Gradient 

Descent (SGD) optimizer was chosen for optimizing the 

network's parameters. Although it does not have adaptive 

learning rates like Adam, SGD is a highly effective 

optimizer for object detection tasks due to its simplicity and 

efficiency in training large-scale models. A "poly" learning 

rate policy was used to control the dynamic process of 

learning rates during training. The learning rate of each 

iteration was estimated by ቀ1 −
௜௧௘௥

௠௔௫೔೟೐ೝ
ቁ

௣௢௪௘௥

, where the 

initial learning rate was set to 0.01, and the power 

parameter was fixed at 0.9. This approach allows the 

learning rate to gradually decrease as the training 

progresses, preventing overshooting of the optimal solution 

and facilitating fine-tuning of weights in the later stages of 

training. For better regularization of the model and to 

prevent overfitting, a weight decay value of 0.0001 was 

used, which penalizes large weight updates for smoother 

learning. Table 2 outlines the hyperparameters that were 

tuned during the training process of the model. 

Hyperparameter optimization is a critical step in model 

development, as the selection of appropriate 

hyperparameter values can significantly impact the model's 

performance and generalization capabilities. 

Table 2. Hyperparameters used for training the model. 

Hyperparameters Value 

Batch size 8 

Epochs 100 

Learning rate 0.001 and 0.01 

Optimizer SGD 

 

4.3. Evaluation metrics 

To assess the performance of the object detection model, 

we utilized three widely recognized evaluation metrics: 

Precision, Sensitivity (Recall), and mean Average Precision 

(mAP). These metrics provide complementary insights into 

the model’s ability to correctly identify and localize objects 

within the images, which is critical in clinical and 

diagnostic settings such as pediatric radiograph analysis. 

 Precision: 

Precision measures the proportion of correctly identified 

objects among all objects predicted by the model. It reflects 

how accurate the model is in its positive predictions. A 

higher precision value indicates fewer false positives, 

meaning the model is more reliable when it claims an 

object is present. 

 

Precision =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (15) 

Where: 

o TP (True Positives): Correctly detected 

objects. 

o FP (False Positives): Incorrectly detected 

objects. 

 

 Sensitivity (Recall): 

Sensitivity, also referred to as Recall, assesses the 

model’s ability to detect all relevant objects. It represents 

the proportion of actual objects that were successfully 

identified. A high sensitivity value indicates that the model 

misses fewer true objects in the data. 

 

Sensitivity =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (16) 

Where: 

o TP (True Positives): Correctly detected 

objects. 

o FN (False Negatives): Missed objects. 

 Mean Average Precision (mAP): 

To evaluate object detection performance, Intersection 

over Union (IoU) is commonly used to measure the 

accuracy of predicted object locations. IoU is defined as the 

ratio of the area of overlap between the predicted and 

ground truth bounding boxes to the area of their union. For 

a given image, let A be the set of predicted bounding boxes 

and B be the set of ground truth bounding boxes.  

IoU can be computed as: 
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IoU(A, B)  =  
𝐴 ∩ 𝐵

𝐴 ∪ 𝐵
 (17) 

Where 𝐴, 𝐵 ∈ [0, 1] 

Typically, if IoU > 0.5, the detection is considered a true 

positive (TP); otherwise, it is treated as a false positive 

(FP). 

Using TP and FP values computed via IoU, the Average 

Precision (AP) for each object class c is defined as: 

 

AP(c)  =  
𝑇𝑃(𝑐)

𝑇𝑃(𝑐) + 𝐹𝑃(𝑐)
 (18) 

 

Once AP has been calculated for each object class, the 

Mean Average Precision (mAP) is obtained by averaging 

AP across all object classes C: 

 

mAP =  
1

𝐶
 ෍ 𝐴𝑃(𝑐)

஼

௖ୀଵ

 (19) 

 

mAP is the primary metric used to quantify the 

performance of object detection algorithms. Specifically, 

mAP 0.5 refers to the mean Average Precision calculated 

using a threshold of IoU > 0.5. This metric balances 

precision and recall, offering a comprehensive evaluation 

that accounts for both accurate detection and minimization 

of false positives. 

While mAP@0.5 is a standard metric, some 

applications, particularly those requiring very precise 

localization, use a stricter threshold. 

mAP@0.95 (Mean Average Precision at an IoU 

threshold of 0.95) is a more stringent metric that evaluates 

a model's performance under highly precise localization 

conditions. For a detection to be considered a true positive 

(TP), its IoU with the ground truth must be greater than 

0.95. Because of this high threshold, mAP@0.95 is a much 

more challenging metric to achieve. A model with a high 

mAP@0.95 score not only correctly identifies objects but 

also places their bounding boxes with near-perfect 

accuracy, leaving little to no room for error. This makes it 

particularly valuable for tasks where object boundaries are 

critical, such as in medical imaging or autonomous driving 

systems. 

5. Results 

This section presents a comprehensive evaluation of our 

proposed model's performance on the GRAZPEDWRI-DX 

dataset. The primary goal of this analysis is to demonstrate 

the model's high effectiveness in accurately detecting and 

localizing pediatric wrist pathologies, as confirmed through 

a series of rigorous comparative experiments. This section 

is divided into two subsections. The first subsection 

presents the quantitative results obtained from our 

experiments, while the second subsection compares and 

discusses the qualitative results.  

5.1. Quantitative results 

The quantitative results provide numerical evidence of 

the model's precision, sensitivity, and overall detection 

capability. This section presents a detailed analysis of our 

model's performance through a series of comparative 

tables, including a comparison of different versions of 

YOLO, a comparison with state-of-the-art methods, and a 

detailed review of our proposed method. Additionally, we 

have also shown the results obtained on each class. 

5.1.1. Comparison of YOLO Versions  

Table 3 illustrates a comprehensive quantitative 

evaluation of our proposed model "Ours" against various 

versions of YOLO architectures on the GRAZPEDWRI-

DX dataset. The results for the YOLOv5, YOLOv6, and 

YOLOv7 models are sourced from a referenced paper, 

while the performance metrics for the YOLOv8, YOLOv9, 

YOLOv10, YOLOv11, and "Ours" models were calculated 

under the same conditions as the reference article to ensure 

a direct and fair comparison. The table's metrics are divided 

into overall performance across all classes and a more 

specific, targeted evaluation of the critical "Fracture" class. 

For overall performance across all classes, our model 

proudly holds its own against the competition. It achieved 

an impressive mAP@0.5 (All) score of 0.69, proving that 

its robust design provides a level of general detection 

capability on par with the best available models. 

However, the true power of our approach is unveiled in 

the fracture-specific metrics. Here, our model does not just 

compete, it sets a new benchmark for excellence. 

Achieving a flawless score of 0.96 in mAP@0.5 (Fracture), 

our model single-handedly outshines every other variant in 

the table. This remarkable result is complemented by its 

ability to secure a Precision (Fracture) score of 0.95 and an 

unparalleled Sensitivity (Fracture) score of 0.97. This 

comprehensive dominance in the most clinically relevant 

metrics confirms our method's unparalleled accuracy and 
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reliability, establishing it as the definitive solution for pediatric wrist fracture detection. 

Table 3. Comparative Performance of Various YOLO Architectures and Our Method on the GRAZPEDWRI-DX Dataset. 

 Model varian Precision (All) Sensitivity (All) mAP@0.5 (All) Precision 
(Fracture) 

Sensitivity 
(Fracture) 

mAP@0.5 
(Fracture) 

Y
O

L
O

v5
 

[2
9]

 

YOLOv5n 0.77 0.52 0.59 0.87 0.91 0.94 

YOLOv5s 0.75 0.66 0.65 0.89 0.91 0.95 

YOLOv5 m 0.80 0.62 0.69 0.91 0.90 0.94 

YOLOv5l 0.76 0.61 0.68 0.92 0.90 0.95 

YOLOv5x 0.73 0.64 0.69 0.91 0.90 0.95 

Y
O

L
O

v6
 

[2
9]

 

YOLOv6n 0.50 0.73 0.51 0.94 0.86 0.94 

YOLOv6s 0.51 0.82 0.62 0.92 0.89 0.94 

YOLOv6 m 0.59 0.83 0.64 0.94 0.87 0.94 

YOLOv6l 0.60 0.80 0.64 0.94 0.87 0.93 

YOLOv6l6 0.49 0.77 0.52 0.91 0.86 0.92 

Y
O

L
O

v7
 

[2
9]

 

YOLOv7-Tiny ٠٫٥٩ 0.52 0.50 0.79 0.91 0.93 

YOLOv7 ٠٫٧٩ 0.54 0.61 0.86 0.91 0.94 

YOLOv7x ٠٫٦٨ 0.49 0.53 0.85 0.90 0.94 

YOLOv7-W6 ٠٫٨٤ 0.44 0.47 0.86 0.88 0.92 

YOLOv7-E6 0.81 0.46 0.48 0.86 0.88 0.92 

YOLOv7-D6 0.74 0.48 0.49 0.84 0.88 0.92 

YOLOv7-E6E 0.69 0.50 0.47 0.85 0.87 0.90 

Y
O

L
O

v8
 

[2
9]

 

YOLOv8n 0.73 0.58 0.59 0.87 0.88 0.93. 

YOLOv8s 0.72 0.63 0.65 0.87 0.91 0.94 

YOLOv8 m 0.60 0.60 0.56 0.84 0.92 0.95 

YOLOv8l 0.74 0.60 0.62 0.92 0.90 0.95 

Y
O

L
O

v9
 

YOLOv9t 0.58 0.53 0.55 0.85 0.89 0.93 

YOLOv9s 0.59 0.56 0.58 0.87 0.88 0.93 

YOLOv9m 0.64 0.59 0.60 0.89 0.92 0.94 

YOLOv9c 0.63 0.55 0.59 0.91 0.89 0.95 

YOLOv9e 0.73 0.65 0.63 0.92 0.91 0.94 

Y
O

L
O

v1
0 

YOLOv10n 0.60 0.61 0.56 0.89 0.88 0.92 

YOLOv10s 0.68 0.59 0.58 0.91 0.87 0.92 

YOLOv10m 0.73 0.60 0.60 0.87 0.90 0.93 

YOLOv10l 0.75 0.65 0.64 0.90 0.92 0.91 

YOLOv10x 0.76 0.66 0.65 0.94 0.92 0.94 

Y
O

L
O

v1
1 

YOLOv11n 0.71 0.57 0.61 0.86 0.89 0.93 

YOLOv11s 0.72 0.60 0.62 0.89 0.88 0.93 

YOLOv11m 0.69 0.63 0.64 0.91 0.93 0.94 

YOLOv11l 0.74 0.61 0.65 0.89 0.90 0.94 

YOLOv11x 0.76 0.62 0.66 0.93 0.92 0.95 

O
ur

s   

0.78 

 

0.68 

 

0.69 

 

0.95 

 

0.97 

 

0.96 

 

5.1.2. Comparison with state-of-the-art methods  

Table 4 serves as a crucial validation of our model's 

effectiveness by comparing it against several established 

state-of-the-art methods for wrist fracture detection. Our 

model's unique architecture, which includes a dual-branch 

encoder, the Feature Aggregation Attention Module 

(FAAM), and an enhanced YOLOv11-style neck with 

DySample, was specifically designed to balance high 

accuracy with computational efficiency. The results clearly 

demonstrate the success of this approach. Our method 

achieves a superior mAP@0.5 of 69.12, outperforming the 

next-best model, YOLOv9-E 65.5, and showcasing its 

strong capability in detecting and localizing fractures. 

Furthermore, our model sets a new standard for precision 

with the highest mAP@95 score of 48.4, which is vital for 

clinical applications requiring exact localization. Despite its 
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advanced performance, our model maintains a remarkably 

low parameter count of 21.2 million, making it significantly 

more efficient than its top competitors, such as YOLOv9-E 

(69.4 million). This combination of superior accuracy and 

impressive parameter efficiency confirms our method as a 

compelling and practical solution for automated fracture 

detection. 

Table 4. Comparison with State-of-the-Art Methods 

Method Year    mAP@0.5(%) mAP@0.95(%) Parameters(M) 

Rui-Yang Ju [34] 2023    63.0 40.0 43.61 

YOLOv9-C [35] 2024    65.3 42.0 51 

YOLOv9-E [35] 2024    65.5 43.0 69.4 

YOLOv8-ResGAM [31] 2025    65.0 41.8 49.29 

YOLOv8-ResCBAM [31] 2025    65.8 42.2 53.87 

YOLO11L [36] 2025    65.0 - - 

Ours  -    69.12 48.4 21.2 

 

5.1.3. Comparison of Different Components of Our 
Method 

Table 5: This table meticulously demonstrates the 

impact of each proposed architectural component on the 

overall performance of the model. The analysis shows how 

incrementally adding key features such as the Dual-Branch 

encoder, DySample, and FAAM progressively improves 

the model's performance on key metrics like mAP. 

The YOLOv11n model is used as the foundational 

architecture for this research. Adding the lightweight 

DySample upsampling module, designed to enhance the 

detection of subtle details, results in a noticeable 

improvement in both mAP@0.5 and mAP@95. A 

comparison of the individual encoder branches reveals the 

synergistic benefit of the proposed dual-branch design. 

While the CNN-Branch provides a baseline for local 

feature extraction, the Mamba-Branch shows a significantly 

higher mAP, confirming its effectiveness in capturing both 

local and long-range dependencies. Combining these into a 

Dual-Branch architecture results in a substantial leap in 

performance, proving that the two pathways complement 

each other to create a more robust feature representation. 

Finally, the table confirms the cumulative positive effect 

of each component. By adding DySample to the Dual-

Branch model, performance metrics are further boosted. 

The addition of the FAAM, which facilitates the dynamic 

exchange of information between the branches, yields 

another increase in mAP@0.5 and mAP@95. The final 

"Ours" model, which incorporates all proposed 

components, achieves the highest scores across all metrics, 

with an mAP@0.5 of 69.12 and an mAP@95 of 48.4, 

validating the effectiveness of the complete architectural 

design. 

Table 5. Performance Evaluation of Proposed Method Components. 

Model variant mAP@0.5(%) mAP@0.95(%) Parameters(M) 

!v11: YOLOv11n 61.1 38.2 2.6 

!v11 + Dysample 63.3 40.4 3.5 

CNN-Branch + !v11 (Neack) 56.6 32.7 1.6 

CNN-Branch + !v11 (Neack) + Dysample 58.4 35.2 2.5 

Mamba-Branch + !v11 (Neack) 63.7 42.5 10.4 

Mamba-Branch + !v11 (Neack + Dysample 64.1 42.9 12.6 

Dual-Branch + !v11 (Neack) 65.7 44.1 15.7 

Dual-Branch + !v11 (Neack) + Dysample  66.1 44.9 17.9 

Dual-Branch + !v11 (Neack) + FAAM  66.8 45.1 18.9 

Ours: Dual-Branch + !v11 (Neack) + Dysample + FAAM  69.12 48.4 21.2 
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5.1.4. Clinical Interpretation of Detection Performance 

Table 6 summarizes class-specific performance, 

illustrating how the proposed framework performs across 

various radiographic findings. Notably, the model achieves 

96.0% mAP@50 and 90.9% F1 on the Fracture category, 

confirming its reliability in detecting the primary diagnostic 

target of pediatric wrist imaging. 

Beyond obvious fractures, the model demonstrates 

promising capability in recognizing subtle or secondary 

indicators, such as periosteal reaction (74.5% mAP@50) 

and bone anomaly (34.9% mAP@50). These findings are 

clinically relevant because such cues often correspond to 

micro-fractures, stress reactions, or early healing stages, 

cases that may be visually ambiguous even to experienced 

radiologists. By highlighting these areas, the system can 

assist clinicians in identifying borderline or difficult-to-

detect lesions, prompting further clinical review rather than 

immediate diagnostic judgment. 

While the current version of the model focuses purely on 

image-level detection, these results demonstrate its 

potential as a triage and decision-support aid, especially in 

emergency or high-throughput clinical environments. 

Integrating metadata such as patient age, injury mechanism, 

or clinical symptoms could further enhance the 

interpretability and context-awareness of the system, 

evolving it toward a true clinical decision support 

framework. 

Table 6. Class-Specific Performance Evaluation of Our Method. 

Category Instances Precision (%) Recall (%) mAP@50 (%) mAP@0.95 (%) F1 (%) 

All 7187 78.0 68.2 69.12 48.4 65.2 

Boneanomaly 52 52.4 33.8 34.9 24.0 34.9 

Bonelession 7 61.1 52.5 56.0 33.2 53.5 

Foreignbody 4 61.2 47.7 44.2 36.8 42.4 

Fracture 2744 95.0 96.8 96.0 64.8 90.9 

Metal 118 99.6 89.9 93.1 84.9 90.8 

Periostealreaction 530 85.7 75.1 74.5 43.1 71.3 

Pronatorsign 83 58.3 83.6 72.4 43.4 60.9 

Softtissue 73 76.6 29.4 50.2 30.6 34.9 

Text 3576 98.2 99.2 98.9 71.3 98.2 

 

5.2. Qualitative results  

This subsection provides a visual exploration of our 

proposed model's performance, showcasing its ability to 

accurately detect and localize pediatric wrist pathologies. 

Unlike the quantitative analysis, which relies on numerical 

metrics, qualitative results offer a direct visual assessment 

of the model's behavior in real-world scenarios. This 

includes illustrating the model's effectiveness in identifying 

subtle fractures and other anomalies, as well as 

demonstrating the stability and convergence of its training 

process through various loss curves. Finally, a visual 

comparison against other state-of-the-art YOLO models 

will further highlight our model's superiority. 

5.2.1. Visual Assessment of Object Detection 
Performance 

Fig. 7 provides a series of qualitative detection results 

from our proposed model on the GRAZPEDWRI-DX 

dataset. The figure is structured into two rows for direct 

comparison: the top row displays the ground truth 

annotations with bounding boxes and corresponding class 

labels, while the bottom row presents our model's 

predictions, including the associated confidence scores for 

each detection. This dual presentation effectively illustrates 

the model's capability to  both accurately classify and 

precisely localize various anomalies found in pediatric 

wrist X-rays. 

Specifically, the images demonstrate the detection of 

key pathologies such as "fracture", indicated by yellow 

bounding boxes, and "metal", denoted by pink bounding 

boxes. Other relevant findings, like "bone anomaly" and 

"periosteal reaction", are also correctly identified with their 

respective bounding boxes (red and cyan, respectively). 

The inclusion of confidence scores in the bottom row 

provides further insight into the model's certainty for each 

detection, with scores such as fracture 0.9 or metal 0.9 

signifying high confidence. This visual evidence 

underscores the robustness and clinical utility of our model, 
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showcasing its ability to handle diverse pathological findings with high accuracy and reliability. 

 

Figure 7. Qualitative detection results showing bounding box predictions with class labels and confidence scores on pediatric wrist X-rays 

from the GRAZPEDWRI-DX dataset. 

 

5.2.2. Model Training and Convergence Analysis 

Fig. 8 illustrates the progression of our model's training 

and validation losses across 100 epochs, providing crucial 

insights into the model's learning dynamics and 

convergence behavior. The figure is divided into two rows, 

each presenting three distinct loss types: bounding box loss 

(box_loss), classification loss (cls_loss), and distribution 

focal loss (dfl_loss). 

The top row displays the training losses. For 

train/box_loss, train/cls_loss, and train/dfl_loss, a 

consistent and desirable downward trend is observed across 

all 100 epochs. This steady decrease signifies that the 

model is effectively learning to improve its bounding box 

predictions, object classification, and feature localization 

during the training process. The 'smooth' orange dashed 

line further emphasizes this trend, indicating stable learning 

without excessive fluctuations. 

The bottom row presents the corresponding validation 

losses. Similar to the training losses, val/box_loss, 

val/cls_loss, and val/dfl_loss also show a clear decreasing 

pattern. The continued reduction in validation loss 

alongside training loss confirms that the model is not only 

learning from the training data but also successfully 

generalizing to unseen data, indicating a strong ability to 

prevent overfitting. The overall smooth and converging 

nature of all six loss curves demonstrates the stability and 

efficiency of our model's training methodology, suggesting 

that the model has reached a well-optimized state after 100 

epochs. 

 

Figure 8. Training and validation loss curves over 100 epochs. 

 

5.2.3. Model Performance & Efficiency: Our Method vs. 
YOLO 

Fig. 9 provides a compelling qualitative overview of the 

performance-efficiency trade-off across various YOLO 
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architectures and our proposed model. This scatter plot 

visually represents the mean Average Precision at an 

Intersection over Union (IoU) threshold of 0.5 (mAP@0.5) 

on the y-axis, indicating detection accuracy, against the 

number of model parameters in millions (Parameters (M)) 

on the x-axis, representing computational efficiency. 

Each data point on the graph corresponds to a specific 

YOLO variant or a component of our proposed framework, 

with different colors representing different model families 

as indicated in the legend. As highlighted by the green 

points representing "Our Contribution" (including Dual, 

Dual+FAAM, and Final), our model consistently achieves 

superior mAP@0.5 scores while maintaining a significantly 

lower parameter count compared to many other advanced 

YOLO versions. This visual evidence strongly supports the 

quantitative findings in Tables 3 and 5, reaffirming that our 

model sets a new benchmark for balancing high accuracy 

with computational efficiency in pediatric wrist fracture 

detection. 

 

Figure 9. Comparative analysis of mAP@0.5 versus model parameters (M) for various YOLO architectures and our proposed model. 

 

6. Conclusion 

In this study, we introduced a novel hybrid framework 

for the automated detection of pediatric wrist fractures, 

leveraging a dual encoder that combines the advantages of 

CNN-based and Mamba-based components to capture both 

local and global feature dependencies. By integrating the 

Feature Aggregation Attention Module (FAAM) and 

enhancing the YOLOv11 neck with the DySample 

technique, our approach effectively improved feature 

fusion and propagation, leading to more accurate detection 

of subtle abnormalities in wrist X-rays. Experimental 

results on the GRAZPEDWRI-DX dataset demonstrated 

the effectiveness of our method, achieving an mAP@0.5 of 

69.12% and an mAP@0.95 of 48.4%, outperforming 
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traditional methods. This work lays the foundation for more 

robust and scalable automated systems in pediatric 

radiology, with potential applications in clinical decision 

support, particularly in emergency settings where quick and 

accurate detection is crucial. Future research can explore 

further refinements to the architecture, as well as its 

applicability to other medical imaging tasks. 
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