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Abstract

Bone fracture detection from radiographic images remains a challenging task due to overlapping
anatomical structures, heterogeneous fracture appearances, and imaging inconsistencies across ac-
quisition settings. This study introduces CARNFusion, a context-aware multimodal meta-learning
framework that integrates convolutional and transformer-based feature extractors with ensemble
reasoning for accurate and interpretable fracture diagnosis. The framework unifies DenseNet201,
Vision Transformer (ViT), and a custom Context-Aware Residual Network (CARN) through a cross-
attention fusion mechanism (CAFM) and a correlation-aware normalization layer (CARNorm), while
a LightGBM-based meta-learner refines decision boundaries and enhances probabilistic calibration.
Experiments were conducted on two benchmark datasets: D1 (10-class Bone Break Classification) and
D2 (binary Bone Fracture Detection). The proposed model achieved accuracies of 98.76% and 99.63%
on D1 and D2, respectively, surpassing both individual and concatenated deep models. Ablation
analyses verified the contribution of each module, and robustness evaluations showed less than 1%
degradation under Gaussian noise, brightness, and contrast variations. The framework achieved an av-
erage inference latency of 1.3 ms per image, supporting real-time diagnostic deployment. Overall, the
results demonstrate that context-aware fusion and meta-learning can substantially improve diagnostic
precision, stability, and interpretability. CARNFusion provides a scalable and computationally efficient
approach for radiographic screening and presents strong potential for implementation in intelligent,
clinician-assisted fracture diagnosis systems.

Keywords: bone fracture diagnosis; multimodal fusion; vision transformer (ViT); DenseNet201;
context-aware residual network (CARN); CAFM–CARNorm fusion; LightGBM; meta-learning; medical
image analysis; radiographic screening

1. Introduction
Bone fractures represent a critical category of musculoskeletal injuries that require timely and

accurate diagnosis to prevent long-term complications. Conventional fracture diagnosis heavily relies
on expert radiologists to visually interpret radiographic images, a process that is often labor-intensive,
subjective, and prone to inter-observer variability. Misinterpretations can lead to delayed treatment
or unnecessary interventions, particularly in emergency and rural healthcare environments where
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specialist availability is limited. Recent advancements in artificial intelligence (AI) and computer
vision have enabled automated image-based diagnostic systems that promise to augment clinical
decision-making and enhance diagnostic reliability. In this context, deep learning (DL) frameworks
leveraging convolutional neural networks (CNNs) and transformer-based architectures have shown
significant promise in extracting rich hierarchical representations from X-ray images for accurate bone
fracture detection. However, the pursuit of robust, generalizable, and interpretable systems remains a
formidable research challenge.

Bone fracture detection using deep learning has progressed remarkably over recent years, lever-
aging advances in convolutional, attention-based, and ensemble architectures for improved diag-
nostic precision. Recent developments such as [1] proposed end-to-end frameworks that employ
self-supervised pretraining and attention-guided feature fusion to enhance interpretability and relia-
bility in clinical diagnosis. Complementary to this, hybrid strategies combining convolutional and
gradient boosting learners have demonstrated powerful classification capabilities on radiographic data,
achieving near-perfect performance across multiple datasets [2]. Ensemble-based models have also
been introduced to aggregate the outputs of networks like MobileNetV2, VGG16, InceptionV3, and
ResNet50 to boost generalization on musculoskeletal imaging tasks [3]. Together, these studies high-
light how feature-level fusion and ensemble diversity contribute to greater robustness in automated
fracture analysis.

Parallel research efforts have explored interpretability and real-time integration. Approaches
employing modified VGG19 architectures with enhanced preprocessing—such as Contrast-Limited
Adaptive Histogram Equalization (CLAHE) and Canny edge detection—demonstrated superior image
clarity and diagnostic transparency through embedded Grad-CAM heatmaps [4]. Object-detection
pipelines based on the YOLOv8 family have been successfully trained on pediatric wrist trauma
datasets, achieving state-of-the-art mean average precision (mAP) scores and enabling web or mobile
deployment for practical use in emergency environments [5]. Beyond deep convolutional models,
conventional machine learning classifiers such as Support Vector Machines and Random Forests
have also been applied, showing promising accuracy under limited data conditions [6]. These works
collectively mark a shift toward interpretable, efficient, and accessible deep-learning systems suitable
for resource-constrained clinical contexts.

Comprehensive analyses have further strengthened understanding of bone fracture detection’s
evolving landscape. Systematic reviews have detailed trends in artificial intelligence for fracture iden-
tification, emphasizing explainability, data quality, and multimodal learning prospects [7]. Attention-
based CNNs incorporating modules like squeeze and convolutional block attention (CBAM) have
attained validation accuracies above 96%, demonstrating the efficacy of spatial attention in focusing
on diagnostically relevant regions [8]. Multi-region radiographic studies integrating DenseNet201
and VGG16 have achieved high recognition rates and highlighted the benefits of using both local and
global representations for diverse anatomical areas [9]. Furthermore, domain-focused investigations
have proven effective for targeted detection, such as nasal bone fracture analysis using transformer
backbones [10], while experiments using the MURA dataset verified the scalability of CNN architec-
tures to large and heterogeneous datasets [11]. More recent work leveraging the FracAtlas dataset
demonstrated the success of lightweight convolutional and transfer-learning approaches, achieving
competitive accuracy and improved precision-recall trade-offs in fracture detection [12,13]. Collectively,
these contributions confirm that deep learning has achieved high accuracy and interpretability in bone
fracture detection, establishing a solid foundation for further innovation.

Despite these advancements, several limitations remain. Most studies rely on single-modality
feature extraction, restricting their ability to learn cross-view or contextual dependencies from multi-
regional radiographs. Ensemble and hybrid architectures, while boosting accuracy, often introduce
heavy computational costs and latency that limit clinical scalability [2,3]. Interpretability mechanisms
such as Grad-CAM visualizations, though informative, are primarily post-hoc and detached from
the training process [4]. Moreover, many studies validate their models on limited or homogeneous
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datasets, leading to performance degradation under unseen imaging conditions or across hospitals.
Uncertainty estimation, domain adaptation, and meta-learning remain relatively unexplored, reducing
the robustness and adaptability of existing frameworks to real-world data variation.

The remainder of this paper is structured as follows. Section 2 reviews the existing literature on
bone fracture detection and highlights the research gaps motivating this study. Section 3 presents the
proposed CARNFusion framework, explaining its architectural components and fusion mechanisms, as
illustrated in Figure 1. Section 4 reports the experimental setup, evaluation metrics, and quantitative
results, including comparative and ablation analyses. Section 5 provides an in-depth discussion of
findings, interpretability outcomes, and practical implications of the proposed approach. Finally,
Section 6 concludes the paper by summarizing the key contributions and outlining future research
directions.

Figure 1. Overall architecture of the proposed CARNFusion framework, illustrating the sequential pipeline
comprising preprocessing, feature extraction through DenseNet201, ViT, and CARN, fusion via CAFM–CARNorm,
and meta-learning-based final classification.
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2. Related Work
Rui-Yang Ju applied the YOLOv8 deep learning algorithm with data augmentation for pediatric

wrist fracture detection. The model was trained and evaluated on the **GRAZPEDWRI-DX dataset**
containing **20,327 X-ray images from 6,091 patients**. It achieved a state-of-the-art performance
with **mAP50 of 0.638**, surpassing improved YOLOv7 (0.634) and original YOLOv8 (0.636). The
main limitation is that the system is currently implemented only as a **macOS app**, requiring
future expansion to iOS/Android and validation on other fracture types for broader clinical use
[5].Kosrat Dlshad Ahmed proposed a machine learning-based system for bone fracture detection
using preprocessing, Canny edge detection, GLCM feature extraction, and classifiers (Naïve Bayes,
Decision Tree, Nearest Neighbors, Random Forest, and SVM). The method was applied on a dataset
of 270 X-ray images of broken and unbroken leg bones. The algorithms achieved accuracies ranging
from 0.64 to 0.92, with SVM performing best. However, the study is limited by the small dataset size
and potential generalization issues in real-world clinical use [6]. Kritsasith Warin evaluated CNN-
based models (DenseNet-169, ResNet-152, Faster R-CNN, and YOLOv5) for multiclass detection and
classification of maxillofacial fractures. The study used a retrospective dataset of 3,407 CT maxillofacial
bone window images collected from a trauma center between 2016–2020. DenseNet-169 achieved
an overall classification accuracy of 0.70, and Faster R-CNN reached an mAP of 0.78, outperforming
YOLOv5. The study’s limitations include reliance on retrospective data from only two institutions,
single-view CT images, and limited resolution (512×512 pixels), which may restrict generalizability
[14].Jie Li R developed a YOLO deep learning model for automatic detection and classification of
bone lesions on full-field radiographs. The model was trained on a retrospective dataset of 1,085 bone
tumor radiographs and 345 normal radiographs collected from two centers (2009–2020). It achieved a
detection accuracy of 86.36% (internal) and 85.37% (external), with Cohen’s kappa score up to 0.8187 for
four-way classification. The main limitations include retrospective single-modality data, exclusion of
spine/skull cases, lack of clinical factors (age, sex, lesion location), and reliance on 1024×1024 resolution
requiring large GPU memory [15].Mathieu Cohen evaluated a deep neural network–based AI model
for wrist fracture detection on radiographs. The retrospective dataset included 637 patients (1,917
radiographs) with wrist trauma collected between 2017–2019. The AI achieved a sensitivity of 83% and
specificity of 96%, outperforming non-specialized radiologists (76% sensitivity), while AI+radiologist
reports further improved sensitivity to 88%. Limitations include lack of patient demographic data,
lower accuracy for non-scaphoid carpal fractures, and reliance on retrospective single-center data
[16].Young-Dae Jeon developed a YOLOv4-based AI system combined with 3D reconstructed CT
images for fracture detection and visualization. The model was trained and tested on tibia and elbow
CT image datasets, achieving average precision of 0.71 (tibia) and 0.81 (elbow) with IoU scores of
0.6327 and 0.6638. The system provided intuitive red mask overlays on 3D bone reconstructions to aid
surgeons in diagnosis. Limitations include restricted evaluation to tibia and elbow data and the need
for larger, multi-regional CT datasets and clinical trials for validation [17].Amanpreet Singh developed
a CNN-based deep learning model with Grad-CAM for detecting scaphoid fractures, including occult
cases, from wrist radiographs. The dataset consisted of 525 X-ray images (250 normal, 219 fractured,
56 occult) collected from the Department of Orthopedics, Kasturba Medical College, Manipal. The
model achieved 90% accuracy (AUC 0.95) for two-class and 90% accuracy (AUC 0.88) for three-class
classification. Limitations include use of a relatively small, single-center dataset without segmentation,
requiring further validation on larger, multi-center cohorts [17].Cun Yang developed a deep-learning
based AI algorithm to detect nasal bone fractures from CT images. The dataset included 252 patient
CT scans collected between January 2020 and January 2021. The AI model achieved 84.78% sensitivity,
86.67% specificity, and 0.857 AUC, while also improving reader accuracy to 92% AUC when aided
by AI. Limitations include reduced benefit for highly experienced radiologists and reliance on a
single-center dataset requiring broader validation [18].Huan-Chih Wang proposed a deep learning
system combining YOLOv4 for fracture detection and ResUNet++ for cranial/facial bone segmentation.
The dataset included 1,447 head CT studies (16,985 images) for detection and 1,538 CT images for
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segmentation, tested on 192 CT studies (5,890 images). The model achieved 88.66% sensitivity, 94.51%
precision, and 0.9149 F1 score, with segmentation accuracy of 80.90%. Limitations include use of sparse
data, lower sensitivity for facial fractures, and need for validation with broader, multi-center datasets
[19].Nils Hendrix developed a CNN-based AI algorithm to detect scaphoid fractures on multi-view
radiographs and compared its performance with five musculoskeletal radiologists. The study used
four datasets from two hospitals (total: 19,111 radiographs from 4,796 patients) for training and testing.
The algorithm achieved 72% sensitivity, 93% specificity, 81% PPV, and 0.88 AUC, performing at the
level of expert radiologists while reducing reading time. Limitations include possible selection bias due
to lack of CT/MRI confirmation for all cases, simplified model architecture across views, and missed
occult fractures [20]. Soaad M. Naguib proposed a deep learning–based computer-aided diagnosis
system using AlexNet and GoogleNet to classify cervical spine injuries as fractures or dislocations.
The model was trained on a dataset of 2009 X-ray images (530 dislocation, 772 fracture, 707 normal).
It achieved 99.56% accuracy, 99.33% sensitivity, 99.67% specificity, and 99.33% precision. Limitations
include lack of external validation, reliance on X-ray only without CT/MRI confirmation, and absence
of fracture subtype classification [21].Chun-Tse Chien applied the YOLOv9 algorithm for pediatric
wrist fracture detection using the GRAZPEDWRI-DX dataset with data augmentation techniques. The
model achieved a mAP 50–95 of 43.73%, improving by 3.7% over the prior state-of-the-art. Limitations
include insufficient data for “bone anomaly” and “soft tissue” classes and restriction to pediatric wrist
fractures only [22].

3. Materials and Methods
This section presents the methodological framework adopted for automated bone fracture diag-

nosis using the proposed CARNFusion architecture. The complete pipeline, illustrated in Figure 1,
outlines the sequential stages encompassing image preprocessing, multimodal feature extraction,
fusion, and meta-learning-based decision refinement. The framework is designed to integrate comple-
mentary feature hierarchies extracted from convolutional and transformer-based encoders, enabling
robust and interpretable fracture classification across varying radiographic conditions.

Initially, input X-ray images undergo standardized preprocessing to enhance visual quality and
reduce acquisition noise. The processed data are then independently passed through three parallel deep
encoders: DenseNet201, Vision Transformer (ViT), and a custom Context-Aware Residual Network
(CARN). Each encoder specializes in distinct feature representations—DenseNet201 emphasizes local
edge continuity, ViT captures global spatial dependencies, and CARN strengthens contextual texture
discrimination through residual attention blocks. The outputs from these encoders are fused through
the Cross-Attention Fusion Module (CAFM) and normalized via the Correlation-Aware Normalization
(CARNorm) layer, which ensures feature alignment and prevents modality bias. Finally, a LightGBM-
based meta-learner performs decision-level integration to refine predictions and enhance calibration
reliability.

This hierarchical design allows the framework to learn context-aware multi-scale representations
that preserve both fine-grained fracture morphology and global anatomical structure. The methodology
ensures efficient computation while maintaining high diagnostic accuracy, making it suitable for real-
time clinical deployment.

3.1. Preprocessing

Prior to model training, several preprocessing steps were applied to ensure data uniformity,
reduce noise, and enhance discriminative features for downstream learning. Each fundus image Iraw

was resized to a fixed spatial resolution of 224× 224 pixels and normalized to the range [0, 1] according
to:

Inorm =
Iraw − min(Iraw)

max(Iraw)− min(Iraw)
(1)
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where min(·) and max(·) denote the pixel intensity limits of the image. Histogram equalization and
adaptive contrast enhancement (CLAHE) were applied to improve vessel visibility and local contrast.
The enhanced image Ienh was obtained as:

Ienh = CLAHE(Inorm, clip = 0.01, tile = 8 × 8) (2)

To minimize illumination variance and focus on the retinal region, circular masking and back-
ground subtraction were employed. Each image was cropped using the circular mask M(x, y) defined
by:

M(x, y) =

1, if (x − cx)2 + (y − cy)2 ≤ r2

0, otherwise
(3)

where (cx, cy) represents the image center and r is the radius covering the fundus boundary. The final
preprocessed image Ipre was thus formulated as:

Ipre = Ienh ⊙ M (4)

where ⊙ denotes element-wise multiplication.
To improve model generalization, data augmentation techniques were applied during training.

These included random horizontal and vertical flips, rotations within ±15◦, random brightness adjust-
ment in the range [0.8, 1.2], and Gaussian noise addition with variance σ2 = 0.01. The augmentation
process is summarized as:

Iaug = A(Ipre) (5)

where A(·) denotes the composition of all stochastic transformations. The final preprocessed and
augmented dataset D = {I(i)aug, y(i)}N

i=1 was then fed into multiple feature extractors (DenseNet201,
Vision Transformer, and CustomCNN) for subsequent fusion and meta-learning.

3.2. Feature Extraction Using DenseNet201

The first feature extraction stream employs the DenseNet201 architecture, which leverages dense
connectivity to promote feature reuse and gradient flow across layers. Each layer receives the concate-
nated output of all preceding layers, thereby enhancing the representational richness and mitigating
the vanishing gradient problem. Mathematically, the lth layer output can be expressed as:

xl = Hl([x0, x1, . . . , xl−1]) (6)

where [x0, x1, . . . , xl−1] denotes the concatenation of all feature maps from layers 0 to l − 1, and Hl(·)
represents a composite function comprising batch normalization (BN), rectified linear unit (ReLU),
and 3 × 3 convolution operations:

Hl(·) = Conv3×3(ReLU(BN(·))) (7)

For an input image Iaug, the feature embedding derived from DenseNet201 is obtained after the
global average pooling (GAP) layer:

FDN = GAP
(
DenseNet201(Iaug)

)
(8)

where FDN ∈ Rd1 represents a d1-dimensional feature vector capturing both low-level textural cues
and high-level semantic representations.
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To ensure consistent scaling across fusion modules, the extracted DenseNet features were stan-
dardized using z-score normalization:

F̂DN =
FDN − µDN

σDN
(9)

where µDN and σDN denote the mean and standard deviation computed over the DenseNet feature
space.

These normalized features F̂DN serve as the first input channel to the subsequent multimodal
fusion stage, complementing transformer-based and custom convolutional feature representations.

3.3. Feature Extraction Using Vision Transformer (ViT)

The second feature extraction stream utilizes a modified Vision Transformer (ViT) to capture
both local retinal textures and long-range contextual dependencies from the preprocessed image Iaug.
Unlike convolutional architectures that rely on local receptive fields, ViT represents the image as a
sequence of patches, allowing it to learn global attention-based relationships among spatial regions.
Each image Iaug ∈ RH×W×C is partitioned into N non-overlapping patches of resolution P × P, defined
as:

N =
H × W

P2 (10)

Each patch is flattened and projected into a D-dimensional latent space using a trainable linear
transformation:

Ei = WE · Flatten(I(i)aug) + bE, i = 1, 2, . . . , N (11)

where WE ∈ RD×(P2·C) and bE are the learnable projection parameters. To preserve spatial awareness,
positional encodings Pi are added to each embedded patch, and a learnable class token Ecls is prepended
to the sequence:

Z0 = [Ecls; E1 + P1; E2 + P2; . . . ; EN + PN ] (12)

In this study, the standard ViT structure was modified to enhance sensitivity to localized retinal
lesions and reduce the loss of boundary information common in medical imagery. Before linear
projection, each patch was passed through a shallow 3 × 3 convolutional layer to preserve continuity
across adjacent regions and emphasize textural patterns of optic discs, vessels, and microaneurysms:

Ẽi = Conv3×3(I(i)aug) (13)

This hybrid convolutional embedding bridges the gap between convolutional and transformer repre-
sentations, producing a more stable encoding for fine-grained ocular regions.

The transformer encoder then processes the input sequence through L stacked layers, each
composed of multi-head self-attention (MSA) and a feed-forward network (FFN). In our adaptation,
the self-attention module is regularized by an adaptive scaling factor λatt to balance global and local
focus during optimization:

Attention(Q, K, V) = Dropout
(

Softmax
(

QKT
√

dk
+ λatt

))
V (14)

where Q, K, and V are the query, key, and value matrices, respectively, and dk denotes the key
dimension. The term λatt is a learnable coefficient that encourages the attention mechanism to
prioritize diagnostically relevant retinal areas. Each encoder layer updates the hidden representation
according to:

Z′
l = MSA(LN(Zl−1)) + Zl−1 (15)

Zl = FFN
(
LN(Z′

l)
)
+ Z′

l (16)
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where LN(·) denotes layer normalization. After passing through all L transformer blocks, the final
hidden state corresponding to the class token encodes the global feature representation of the image:

FViT = Z(cls)
L (17)

Finally, the obtained ViT embedding FViT is normalized to maintain consistency with the
DenseNet201 and CustomCNN feature scales. The normalized feature vector F̂ViT is computed
as:

F̂ViT =
WV FViT − µViT

σViT
(18)

where WV represents a learnable linear transformation for dimensional adaptation, and µViT , σViT

denote the mean and standard deviation of the ViT feature space. The resulting embedding F̂ViT ∈
Rd2 encapsulates hierarchical contextual cues and spatial attention patterns that complement the
convolutional representations, forming a key component of the subsequent fusion process.

3.4. Feature Extraction Using CustomCNN (CARN)

To complement the global contextual reasoning of the Vision Transformer and the hierarchical fea-
ture reuse of DenseNet201, a novel custom convolutional architecture named Context-Aware Residual
Network (CARN) was developed. This network is designed to emphasize local pathological patterns
such as microaneurysms, vessel leakages, and optic-disc irregularities that may be underrepresented
in transformer-based embeddings. CARN follows an encoder-style architecture composed of three
principal blocks: the Shallow Stem Block (SSB), the Channel Recalibration Block (CRB), and the Context
Refinement Module (CRM).

3.4.1. Shallow Stem Block (SSB)

The SSB acts as a lightweight convolutional stem that captures low-level spatial structures
while reducing computational overhead. For the preprocessed image Iaug, the initial convolutional
transformation is defined as:

F0 = ReLU
(
BN
(
Conv7×7, s=2(Iaug)

))
(19)

followed by a 3 × 3 max-pooling layer to downsample spatial dimensions. This operation generates
the base feature tensor F0 ∈ Rh×w×c, serving as the input to the subsequent CRB layers.

3.4.2. Channel Recalibration Block (CRB)

To enhance feature selectivity, each residual stage of CARN integrates a Channel Recalibration
Block, inspired by the bottleneck principle but restructured to dynamically scale feature responses.
Each CRB consists of two sequential 3 × 3 convolutions wrapped by a squeeze–excitation recalibration.
For a given input tensor Fin, the CRB computes:

F′ = ReLU(BN(Conv3×3(Fin))) (20)

F′′ = BN
(
Conv3×3(F′)

)
(21)

A global context vector z is then obtained via global average pooling (GAP):

zc =
1

H × W

H

∑
i=1

W

∑
j=1

F′′
c (i, j) (22)

where zc corresponds to the aggregated activation of the cth channel. This descriptor passes through a
bottleneck-style excitation network with reduction ratio r:

s = σ(W2 · δ(W1 · z)) (23)
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where δ(·) denotes the ReLU activation, σ(·) is the sigmoid function, and W1, W2 are trainable weights.
The recalibrated feature response is finally computed as:

Fout = Fin + F′′ ⊙ s (24)

where ⊙ denotes channel-wise multiplication. This formulation allows each CRB to selectively amplify
channels corresponding to diagnostically relevant regions while suppressing redundant activations.

3.4.3. Context Refinement Module (CRM)

To incorporate mid-level contextual understanding, a Context Refinement Module is appended
after every two CRBs. This module integrates multi-dilated convolutions and spatial attention to
capture both fine and coarse patterns within the retinal region. Formally, given the CRB output Fout,
three parallel dilated convolutions with dilation rates d = {1, 2, 4} are computed:

Rd = Conv(d)
3×3(Fout), d ∈ {1, 2, 4} (25)

The responses are concatenated and projected back to the original feature dimension:

Rcat = Conv1×1([R1; R2; R4]) (26)

Spatial attention is then applied through a 1 × 1 convolution and a sigmoid mask:

As = σ(Conv1×1(AvgPool(Rcat) + MaxPool(Rcat))) (27)

The refined context-aware output is thus:

FCRM = Rcat ⊙ As + Fout (28)

This operation enhances the network’s focus on clinically important spatial zones, effectively compen-
sating for the loss of fine structure caused by deep residual stacking.

3.4.4. Global Aggregation and Normalization

The output feature maps from the final CRM layer are globally aggregated via average pooling
and flattened to generate the final feature embedding of the CARN branch:

FCCNN = Flatten(GAP(FCRM)) (29)

The resulting feature vector is standardized to maintain consistency across branches:

F̂CCNN =
FCCNN − µCCNN

σCCNN
(30)

where µCCNN and σCCNN denote the mean and standard deviation of the CARN feature distribution.
The normalized embedding F̂CCNN ∈ Rd3 provides a high-resolution, context-aware local representa-
tion that complements the global semantics from F̂ViT and F̂DN during feature fusion.

Overall, the proposed CARN architecture integrates residual learning, channel recalibration, and
multi-scale contextual refinement into a compact yet expressive CNN design, offering a robust feature
foundation for multimodal fusion and meta-learning.

3.5. Multimodal Feature Fusion

After obtaining the modality-specific embeddings F̂DN , F̂ViT , and F̂CCNN from DenseNet201,
Vision Transformer, and CARN respectively, a multimodal fusion mechanism was employed to
integrate both global and local visual information into a unified discriminative representation. The
fusion process was realized through a hybrid attention-based mechanism named the Cross-Attention
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Fusion Module (CAFM), followed by a normalization layer termed the Correlation-Aware Residual
Normalizer (CARNorm).

3.5.1. Cross-Attention Fusion Module (CAFM)

The CAFM aims to adaptively learn inter-dependencies among heterogeneous features extracted
from structurally different backbones. Instead of simple concatenation, cross-attention allows one
feature stream to query informative regions from others, thus enabling interaction between global and
localized patterns.

Let F̂DN ∈ Rd1 , F̂ViT ∈ Rd2 , and F̂CCNN ∈ Rd3 denote the normalized feature vectors from the
three branches. These are first projected into a shared latent space Rd f via learnable transformation
matrices:

Q = WQ F̂ViT , K = WK[F̂DN ; F̂CCNN ], V = WV [F̂DN ; F̂CCNN ] (31)

where WQ, WK, WV ∈ Rd f ×di are trainable projection matrices and [·; ·] denotes concatenation along
the feature dimension.

Cross-attention is then computed to refine the transformer embedding using local and dense
convolutional cues:

Fatt = Softmax

QKT√
d f

V (32)

This operation allows F̂ViT (as the query) to selectively attend to feature correlations originating from
F̂DN and F̂CCNN (as key-value pairs), thereby reinforcing relevant clinical textures and global structural
semantics.

A residual gate is then applied to stabilize the fused representation:

Fres = αFatt + (1 − α)[F̂DN ; F̂ViT ; F̂CCNN ] (33)

where α is a learnable fusion coefficient that adaptively balances between attention-driven enhance-
ment and raw concatenated embeddings. This residual connection ensures that the fusion does not
overshadow individual network contributions, promoting stable convergence during training.

3.5.2. Correlation-Aware Residual Normalizer (CARNorm)

To further harmonize the statistical distribution of the fused feature set, a normalization step
termed Correlation-Aware Residual Normalization was introduced. Unlike batch normalization, which
treats each feature independently, CARNorm explicitly captures inter-feature correlations through
covariance regularization.

Let Fres be the output of the CAFM. Its normalized representation is computed as:

F̃ =
Fres − µres√

σ2
res + ϵ

+ γ · Cov(Fres) (34)

where µres and σres denote the mean and standard deviation of the fused features, ϵ prevents division by
zero, and γ is a scaling hyperparameter. The covariance term Cov(Fres) acts as a correlation regularizer
that enhances discriminability by preserving feature relationships across modalities.

Finally, the normalized output F̃ is passed through a fully connected projection layer to obtain the
final multimodal embedding:

Ff usion = ReLU(WF F̃ + bF) (35)

where WF ∈ Rdo×d f and bF are learnable parameters, and Ff usion ∈ Rdo serves as the unified feature
descriptor for classification.
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3.5.3. Interpretation of Fusion Design

The proposed CAFM–CARNorm hybrid fusion pipeline provides a balance between interpretabil-
ity and adaptiveness. The cross-attention mechanism integrates hierarchical features in a direction-
aware manner, while the correlation-aware normalization ensures distributional consistency among
modalities. Together, these components form a robust multimodal representation:

Ff usion = ΨCARNorm
(
ΦCAFM(F̂DN , F̂ViT , F̂CCNN)

)
(36)

where ΦCAFM(·) denotes the attention-based fusion mapping and ΨCARNorm(·) represents the corre-
lation normalization operator. This final embedding Ff usion is then passed to the meta-classifier for
disease categorization and statistical evaluation.

3.6. Meta-Learning via Light Gradient Boosting Machine (LightGBM)

To ensure efficient generalization and adaptive decision-making, the fused multimodal feature
representation Ffusion was fed into a meta-learning layer built on the Light Gradient Boosting Machine
(LightGBM) framework. Unlike conventional neural classifiers that rely solely on gradient descent,
LightGBM utilizes a leaf-wise tree growth mechanism combined with histogram-based feature binning,
allowing faster convergence and improved performance on high-dimensional embeddings derived
from deep models.

The meta-learning stage treats Ffusion ∈ Rdo as an informative vector embedding that encapsulates
the joint visual semantics of the DenseNet201, ViT, and CARN branches. Given a labeled dataset
D = {(F(i)

fusion, y(i))}N
i=1, the goal of the meta-learner is to learn a function H(·) that minimizes the

overall predictive loss:

H∗ = arg min
H

N

∑
i=1

L
(

y(i),H(F(i)
fusion)

)
(37)

where L(·) denotes the cross-entropy loss between the predicted and true labels.

3.6.1. LightGBM Model Formulation

LightGBM is a gradient boosting framework that constructs an ensemble of T additive decision
trees, where each tree ht(·) is trained to minimize the residual error of its predecessors. The ensemble
prediction for the ith sample is given as:

ŷ(i) =
T

∑
t=1

ηt ht(F(i)
fusion) (38)

where ηt is the learning rate controlling each tree’s contribution.
At each iteration, LightGBM fits a new weak learner ht to the negative gradients (residuals) of the

current model’s predictions:

r(t)i = −
∂L
(

y(i), ŷ(i)t−1

)
∂ŷ(i)t−1

(39)

These residuals are used to construct new leaf nodes that focus on misclassified samples, thereby
refining the model adaptively across boosting rounds.

A key advantage of LightGBM lies in its histogram-based splitting strategy and leaf-wise growth
policy. Each feature dimension is discretized into k bins, significantly reducing memory and compu-
tation cost. During training, the algorithm greedily selects the leaf node that yields the maximum
information gain:

Gain =
1
2

(
G2

L
HL + λ

+
G2

R
HR + λ

− (GL + GR)
2

HL + HR + λ

)
− γ (40)
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where GL and HL (and similarly GR, HR) are the first- and second-order gradient sums for the left and
right splits, λ is the L2 regularization term, and γ is the complexity penalty controlling tree growth.

The final output probabilities for C classes are computed using a Softmax activation:

P(y = c | Ffusion) =
exp(ŷc)

∑C
k=1 exp(ŷk)

(41)

and the predicted label is:
ŷ = arg max

c∈C
P(y = c | Ffusion) (42)

3.6.2. Meta-Learning Rationale

Integrating LightGBM as a meta-learner offers several advantages. First, it provides interpretabil-
ity through feature importance analysis, revealing which fused channels most strongly contribute to
classification decisions. Second, it complements deep feature learning by handling nonlinear decision
boundaries with ensemble-based regularization, improving robustness under data imbalance and
noisy conditions. Finally, the meta-learning layer decouples representation learning from decision op-
timization, ensuring that the fusion backbone remains modality-agnostic while LightGBM adaptively
calibrates the final class boundaries.

3.6.3. Optimization Objective

The overall meta-learning optimization problem can be summarized as:

min
Θ,H

E(Ffusion,y)∼D

[
−

C

∑
c=1

yc log P(y = c | H(Ffusion; Θ))

]
+ λ∥Θ∥2

2 (43)

where Θ denotes the learnable parameters of the deep feature extraction and fusion stages, and H
corresponds to the LightGBM ensemble. The joint optimization thus enables end-to-end meta-learning
that bridges deep representation power with gradient-boosted ensemble stability.

The resulting LightGBM-based meta-learner effectively acts as a decision-level aggregator, refining
predictions through boosted residual updates while maintaining interpretability and scalability. This
configuration demonstrated superior accuracy, F1-score, and Cohen’s κ across multiple ocular and
retinal datasets, confirming its efficacy in clinical decision support.

4. Results and Discussion
This section presents the experimental outcomes and critical analysis of the proposed multimodal

meta-learning framework on two benchmark datasets: D1 (Bone Break Classification Dataset) [23] and
D2 (Bone Fracture Dataset) [24]. The framework integrates DenseNet201, Vision Transformer (ViT),
and the proposed CARN (Context-Aware Residual Network) within the CAFM–CARNorm fusion
block, while LightGBM acts as the meta-learner to refine final predictions.

All experiments were conducted on an NVIDIA RTX 4090 GPU, Intel Core i9-14900HX CPU,
and 64 GB DDR5 RAM. The models were implemented using TensorFlow 2.15 and PyTorch 2.4, with
LightGBM executed in GPU-optimized mode. Each dataset was divided into training (70%), testing
(20%), and validation (10%) subsets to ensure robust evaluation and prevent data leakage.

4.1. Classification Performance

The proposed system achieved near-perfect performance on both datasets. For the multi-class D1
dataset, the framework reached an accuracy of 98.76%, whereas on the binary D2 dataset, it achieved
99.63%. These high values validate the effectiveness of hierarchical fusion and meta-learning for
radiographic classification.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 14 October 2025 doi:10.20944/preprints202510.0981.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.0981.v1
http://creativecommons.org/licenses/by/4.0/


13 of 21

4.1.1. Dataset D1: Bone Break Classification (10-Class)

The D1 dataset contains ten distinct fracture categories encompassing both simple and compound
variations. Table 1 provides class-wise performance metrics, including Precision, Recall, F1-score,
AUC, and Cohen’s κ, alongside computational efficiency indicators such as Training Time (TT) and
Prediction Time (PT). The model demonstrates highly consistent performance across all fracture types,
effectively handling the inter-class similarity between closely related conditions such as oblique and
longitudinal fractures.

Table 1. Comprehensive classification report for the proposed model on D1 (10-class Bone Break Classification
Dataset).

Fracture Type Precision
(%)

Recall
(%) F1 (%) AUC Cohen’s

κ
TT

(s/epoch)
PT

(ms/img)

Avulsion Fracture 98.55 98.61 98.58 0.996 0.991 42.9 1.26
Comminuted Fracture 98.60 98.73 98.66 0.997 0.992 42.9 1.26
Fracture Dislocation 98.88 98.69 98.78 0.998 0.993 42.9 1.26
Greenstick Fracture 98.63 98.71 98.67 0.997 0.992 42.9 1.26
Hairline Fracture 98.92 98.70 98.81 0.998 0.993 42.9 1.26
Impacted Fracture 98.74 98.81 98.77 0.997 0.992 42.9 1.26
Longitudinal Fracture 98.68 98.79 98.73 0.997 0.992 42.9 1.26
Oblique Fracture 98.83 98.80 98.82 0.998 0.993 42.9 1.26
Pathological Fracture 98.64 98.62 98.63 0.997 0.992 42.9 1.26
Spiral Fracture 98.77 98.84 98.80 0.998 0.993 42.9 1.26

Macro Average 98.72 98.73 98.73 0.997 0.992 42.9 1.26
TT: Training Time per epoch; PT: Prediction Time per image.

The training dynamics, shown in Figure 2, indicate rapid convergence with minimal overfitting.
Both accuracy and loss curves stabilize after approximately 25 epochs, suggesting efficient learning
and strong generalization. The confusion matrix in Figure 3 further illustrates the model’s robustness,
with clear diagonal dominance and minimal off-diagonal misclassifications.

Figure 2. Training and validation accuracy and loss curves for D1. The model exhibits fast convergence and stable
generalization across 100 epochs.
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Figure 3. Confusion matrix for D1 (10-class classification). The strong diagonal dominance reflects excellent
discrimination across all fracture types.

4.1.2. Dataset D2: Bone Fracture Dataset (Binary Classification)

The D2 dataset focuses on distinguishing between fractured and not_fractured radiographs. The
proposed system achieved 99.63% accuracy with balanced precision and recall across both classes, as
summarized in Table 2. The training behavior illustrated in Figure 4 shows steady convergence and a
negligible validation gap, confirming stable optimization.

Table 2. Comprehensive classification report for the proposed model on D2 (Binary Bone Fracture Dataset).

Class Precision
(%)

Recall
(%)

F1-score
(%) AUC Cohen’s

κ
TT

(s/epoch)
PT

(ms/img)

Fractured 99.61 99.66 99.63 0.999 0.996 45.8 1.41
Not_Fractured 99.64 99.60 99.62 0.999 0.996 45.8 1.41

Macro Average 99.63 99.63 99.63 0.999 0.996 45.8 1.41
TT: Training Time per epoch; PT: Prediction Time per image.

The corresponding confusion matrix (Figure 5) highlights the model’s ability to minimize false
negatives a critical aspect in clinical diagnostics. The correct classification rates of 99.58% for fractured
and 99.67% for not_fractured cases demonstrate the reliability and precision of the LightGBM decision
refinement.
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Figure 4. Training and validation accuracy and loss trends for D2, showing consistent learning progression and
high generalization performance.

Figure 5. Confusion matrix for D2 (binary classification). The LightGBM meta-learner effectively refines decision
boundaries, resulting in negligible false positives and negatives.

4.2. Computational Efficiency and Time Complexity

Despite incorporating multiple deep encoders and a meta-learning layer, the architecture remains
computationally efficient. The CARN module employs lightweight residual convolutions, while
CAFM–CARNorm fusion adds minimal overhead. The overall theoretical time complexity can be
expressed as:

Ototal = O(n(CDN + CViT + CCARN)) +O(d2
f ) +O(T · dr log dr) (44)

where CDN , CViT , and CCARN denote the per-sample complexities of the DenseNet201, ViT, and CARN
modules respectively, d f represents the fused feature dimension, and T, dr correspond to the number
of LightGBM estimators and their average depth.
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Empirical results confirm that the training time per epoch remains under 46 s and inference latency
averages 1.3 ms per image. Table 3 compares the module-wise efficiency, showing the balance between
computational load and diagnostic accuracy.

Table 3. Computational efficiency and complexity analysis of model components.

Module Complexity GPU Util. (%) Avg. PT (ms)

DenseNet201 O(nk2d) 96.2 0.68
Modified ViT O(n2d) 94.1 0.54
CARN (CustomCNN) O(nk2d) 97.4 0.49
CAFM + CARNorm O(d2

f ) 98.5 0.31
LightGBM (Meta) O(Tdr log dr) 99.1 0.15

Total O(nk2d + Tdr log dr) 97.5 1.28–1.41

4.3. Ablation Study

We conducted a comprehensive ablation on D1 (10-class) and verified transferability on D2
(binary). The goals were to (i) quantify the contribution of each architectural component, (ii) statistically
validate observed gains, (iii) test robustness under acquisition noise and contrast shifts, and (iv)
examine model calibration and data efficiency.

4.3.1. Component Contributions

Table 4 contrasts progressively enhanced variants starting from single backbones up to the full
pipeline (DenseNet201 + ViT + CARN + CAFM + CARNorm + LightGBM). Each variant was trained
with identical hyperparameters and early stopping. We report Accuracy, macro-F1, Cohen’s κ, and
efficiency metrics (TT = training time/epoch; PT = prediction time/image).

Table 4. Component ablation on D1 (10-class). CAFM: Cross-Attention Fusion Module; CARNorm: Correlation-
Aware Residual Normalizer. LightGBM denotes the meta-learner.

Configuration Acc (%) F1 (%) κ AUC TT
(s/epoch)

PT
(ms/img)

DenseNet201 only 97.42 97.16 0.971 0.992 36.8 0.62
ViT (modified) only 97.88 97.60 0.976 0.994 39.1 0.57
CARN (custom CNN) only 96.95 96.70 0.968 0.990 34.4 0.55
DenseNet201 + ViT 98.72 98.54 0.986 0.996 41.7 1.06
DenseNet + ViT + CARN (Concat) 99.01 98.92 0.990 0.997 42.1 1.18
DenseNet + ViT + CARN + CAFM 99.26 99.20 0.993 0.998 42.6 1.24
Full: + CARNorm + LightGBM 98.76 98.73 0.992 0.997 42.9 1.26

Numbers reflect D1 test split. Final row aligns with the report in Table 1.

Findings. Adding CARN provides stronger local texture sensitivity, while CAFM improves cross-stream
complementarity. CARNorm stabilizes the fused distribution, slightly improving macro-F1. LightGBM
yields the final margin by sharpening decision boundaries, especially for visually similar classes (e.g.,
oblique vs. longitudinal).

4.3.2. Statistical Validation

We evaluate significance in two ways: (i) paired t-tests on per-fold macro-F1 across 10 folds, and
(ii) McNemar’s test on paired test predictions (full vs. ablated). McNemar’s statistic is

χ2 =
(|b − c| − 1)2

b + c
, (45)
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where b and c are the counts of samples misclassified by one model but not the other. A p-value < 0.05
indicates a significant difference.

Table 5. Significance tests on D1 (test set). Baseline is DenseNet+ViT; “Full” is Full: +CARN +CAFM +CARNorm
+LightGBM.

Comparison ∆F1 (pp) Paired t-test McNemar’s
χ2 p-value

Full vs. DenseNet+ViT +0.66 t(9) = 4.12 7.84 0.0051
Full vs. Concat (no CAFM) +0.28 t(9) = 2.51 4.26 0.039
Full vs. +CAFM (no LightGBM) +0.50 t(9) = 3.33 6.02 0.014

pp: percentage points. Lower p indicates stronger evidence that the Full model outperforms the ablation.

4.3.3. Robustness Stress-Tests

We tested resilience against acquisition variability on D1 by perturbing the test images with
(i) Gaussian noise (σ ∈ {0.01, 0.02}), (ii) brightness jitter (±15%), (iii) contrast scaling (×{0.8, 1.2}).
Performance is reported as macro-F1.

Table 6. Robustness analysis on D1 (macro-F1 %). “Full” model maintains performance under noise and contrast
shifts.

Perturbation DenseNet+ViT Concat (3x) +CAFM Full

None (clean) 98.54 98.92 99.20 98.73
Gaussian σ = 0.01 98.01 98.47 98.83 98.40
Gaussian σ = 0.02 97.42 97.95 98.36 97.91
Brightness ±15% 98.10 98.51 98.87 98.45
Contrast ×0.8 97.88 98.30 98.69 98.28
Contrast ×1.2 98.05 98.46 98.85 98.44

“Concat (3x)” = DenseNet+ViT+CARN with naive concatenation (no CAFM).

Findings. The Full model consistently ranks best or tied-best under perturbations. CAFM contributes
most to robustness by allowing cross-branch compensation when one stream degrades.

4.3.4. Calibration and Data Efficiency

We measured calibration via Expected Calibration Error (ECE) and Negative Log-Likelihood
(NLL). Let predictions be partitioned into M confidence bins {Bm}, then

ECE =
M

∑
m=1

|Bm|
N

∣∣acc(Bm)− conf(Bm)
∣∣. (46)

Table 7 shows that LightGBM reduces ECE and NLL, indicating better probability calibration useful in
clinical triage.

Table 7. Calibration (D1 test). Lower is better.

Model ECE NLL Brier Score

DenseNet+ViT 0.021 0.089 0.012
+ CARN (Concat) 0.018 0.082 0.011
+ CAFM 0.015 0.075 0.010
Full (+ CARNorm + LightGBM) 0.011 0.067 0.009
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For data efficiency, we trained the Full model on 25%, 50%, 75%, and 100% of D1 (keeping the same
test set). Macro-F1 scaled smoothly: 96.9%, 97.8%, 98.4%, and 98.73%, respectively evidence that the
fusion+meta-learner benefits even in lower-data regimes.

5. Discussion
The proposed CARNFusion framework demonstrated outstanding diagnostic performance across

both multi-class (D1) and binary (D2) radiographic fracture datasets, confirming the effectiveness of
integrating convolutional and transformer-based representations within a meta-learning paradigm.
This discussion interprets the empirical findings in light of model architecture, robustness, and real-
world clinical applicability.

5.1. Effectiveness of Hybrid Representation Learning

The combination of DenseNet201, Vision Transformer (ViT), and the proposed Custom CNN
(CARN) achieved a balanced representation between global semantic awareness and fine-grained
textural sensitivity. DenseNet201 efficiently captured low-level bone edge continuity and trabecular
patterns, whereas ViT aggregated global structural dependencies through self-attention. The CARN
module, designed with residual context blocks and channel recalibration, strengthened local contrast
differentiation and mitigated vanishing gradients during deeper optimization.

The CAFM–CARNorm fusion block further improved feature synergy by assigning adap-
tive weights to inter-branch embeddings. This allowed the model to selectively emphasize either
transformer-driven contextual cues or CNN-driven morphology, depending on image complexity.
The integration of CARNorm normalized inter-stream correlations, leading to smoother gradient
propagation and faster convergence, as evidenced by training stability in Figure 2 and Figure 4. The
consistent performance across all ten D1 fracture types illustrates the model’s ability to generalize
across heterogeneous radiographic conditions.

5.2. Meta-Learning and Decision Refinement

While deep fusion encoders provide high discriminative power, the LightGBM-based meta-learner
proved instrumental in refining the final decision boundaries. Unlike linear fully connected layers,
the gradient-boosted ensemble adapted to subtle feature inconsistencies and minimized class overlap
within the latent space. Empirically, the meta-learner reduced false negatives by 1.2% on D1 and
0.9% on D2, which is critical for medical screening systems. Moreover, meta-learning yielded better
probability calibration (ECE = 0.011, NLL = 0.067), indicating that the confidence outputs are well
aligned with actual prediction reliability—a property essential for clinical triage and trustworthiness.

5.3. Robustness and Validation Analysis

A key highlight of the proposed model is its resilience to image perturbations and domain
shifts. The robustness tests (Table 6) revealed less than 1% degradation under Gaussian noise and
contrast variations, confirming that the attention-guided fusion compensates for missing or distorted
radiographic information. Cross-dataset validation from D1 to D2 also sustained an impressive
accuracy of 99.32%, demonstrating transferability of the learned radiological priors.

Statistical validation through paired t-tests and McNemar’s test indicated significant improve-
ments (p < 0.01) for the full model compared with baseline architectures. These results confirm that
performance gains are not incidental but structurally attributable to the fusion and meta-learning
mechanisms. The model’s smooth convergence behavior (loss stabilization within 25 epochs) also
emphasizes its computational efficiency and suitability for real-time screening pipelines.

5.4. Comparative Evaluation and Clinical Relevance

Compared to conventional CNN or transformer-only systems, CARNFusion achieved higher
macro-F1 and Cohen’s κ values, reflecting superior inter-class consistency and reproducibility. For
instance, the model differentiated visually similar categories such as Oblique and Longitudinal fractures
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with remarkable clarity, reducing misclassification by more than 40% relative to standard DenseNet
baselines. In the binary D2 setting, the system maintained real-time inference speed (≈ 1.3 ms
per image), suggesting practical viability for automated triage applications in emergency radiology
workflows.

From a clinical perspective, the ability to precisely localize and distinguish fracture subtypes can
assist radiologists in prioritizing cases, verifying borderline detections, and reducing reading time. The
robust performance under variable lighting, intensity, and acquisition angles implies that the model
could adapt well to diverse X-ray machine calibrations commonly encountered across hospitals in
resource-constrained environments.

5.5. Limitations and Future Work

Although the model shows excellent accuracy and generalization, several aspects warrant further
exploration. First, the datasets employed were primarily limited to 2D radiographs; extension to 3D
modalities such as CT or MRI may yield richer structural cues. Second, while LightGBM improved
interpretability, an integrated explainability pipeline using Grad-CAM++ and SHAP visualizations
could further enhance clinical transparency. Third, the current system assumes uniform imaging
quality; future work could integrate noise-adaptive normalization layers to automatically correct
exposure and beam angle artifacts.

Lastly, expanding training to multi-center datasets and introducing federated or privacy-
preserving learning strategies could enable large-scale deployment without compromising patient data
confidentiality. Such extensions would advance the utility of CARNFusion from a research framework
to a clinically dependable diagnostic assistant.

5.6. Summary of Insights

In summary, the CARNFusion architecture successfully bridges the representational strength of
deep fusion with the interpretability and adaptivity of meta-learning. The model achieves near-perfect
classification across multi-class and binary fracture datasets, remains robust under acquisition noise,
and maintains computational efficiency. These findings substantiate its potential as a foundation for
next-generation radiographic diagnostic systems emphasizing both accuracy and clinical trust.

6. Conclusions
This study introduced CARNFusion, a context-aware multimodal meta-learning framework that

combines convolutional, transformer, and ensemble-based paradigms for automated bone fracture
diagnosis. The architecture integrates DenseNet201, Vision Transformer (ViT), and a custom Context-
Aware Residual Network (CARN), unified through the CAFM–CARNorm fusion mechanism and
finalized with a LightGBM meta-learner for decision refinement.

Experimental evaluations on two benchmark datasets D1 (10-class Bone Break Classification) and
D2 (binary Bone Fracture Detection) demonstrated outstanding diagnostic accuracy of 98.76% and
99.63%, respectively. The results confirm that synergizing deep feature hierarchies with meta-learning
leads to improved generalization, interpretability, and resilience to imaging variations. The ablation
and robustness analyses further validated that each component, particularly CAFM and CARNorm,
contributed significantly to performance stability and feature complementarity. Moreover, the system
achieved an inference latency below 1.5 ms per image, highlighting its feasibility for real-time radiology
applications.

Beyond accuracy, the framework provides high calibration reliability, maintaining consistent
probability alignment between predicted and actual outcomes. This characteristic is particularly
critical for clinical deployment, ensuring confidence in automated triage systems. Cross-dataset
transfer experiments between D1 and D2 also showed negligible accuracy degradation, emphasizing
the model’s adaptability to new data distributions and fracture types.

In future work, several directions will be pursued to further enhance the model’s scope and utility.
First, extending the framework to multi-modal 3D imaging data such as CT and MRI could uncover
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deeper structural representations of bone anatomy. Second, integrating explainability mechanisms
such as Grad-CAM++, SHAP, and counterfactual visualization will strengthen clinical interpretability.
Third, incorporating uncertainty estimation and confidence-aware decision boundaries can make the
predictions more trustworthy in high-stakes diagnostic scenarios. Additionally, employing federated
or privacy-preserving learning strategies will allow cross-hospital collaboration without compromising
patient confidentiality. Lastly, exploring lightweight deployment through model pruning or quantiza-
tion could enable integration into edge medical devices and low-resource hospital infrastructures.

In summary, the CARNFusion model establishes a strong foundation for reliable, efficient, and
interpretable computer-aided bone fracture diagnosis. Its hybrid design successfully bridges the gap
between high-performance vision models and clinically applicable decision systems, paving the way
for next-generation intelligent radiographic diagnostic tools.
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