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Abstract. Rib fractures are prevalent traumatic injuries that may lead
to severe complications if undetected. Precise detection and classifica-
tion of fracture types on CT scans are therefore essential for timely
clinical intervention. However, existing methods struggle with subtle
fracture patterns and the intricate curvilinear anatomy of ribs, result-
ing in limited detection and classification accuracy. To address this,
we propose MVANet, a two-stage Multi-View Aggregation framework
for rib fracture diagnosis. In the first stage, an anatomy-aware detec-
tion module localizes candidate fracture regions by leveraging rib masks
as spatial priors, effectively suppressing background false positives. In
the second stage, a trajectory-aligned multi-view sampler (TAMS) ex-
tracts geometry-aligned 2D projections along each candidate’s rib cen-
terline, which are encoded by a self-supervisedly adapted vision foun-
dation model. A latent-query multi-view attention (LQMV-Attn) mod-
ule further aggregates these multi-view features into a discriminative
fracture-level representation for fine-grained classification. Experiments
on our in-house MaskRib dataset and the public RibFrac dataset demon-
strate that MVANet consistently outperforms existing methods in both
detection sensitivity and classification accuracy, highlighting its poten-
tial for clinical translation. Code and models are publicly available at
https://github.com/preciousluo/Beyond-Single-View.

Keywords: Rib Fracture Detection and Classification · Vision Founda-
tion Model · Multi-view Aggregation

1 Introduction

Rib fractures are high-stakes injuries frequently complicated by life-threatening
conditions such as pulmonary contusion and pneumothorax [4,17]. Accurate di-
agnosis requires not only detecting the presence of fractures but also classifying
their morphological subtype, such as cortical twist, dislocation, or slight frac-
ture, since treatment strategies differ substantially across categories. Although
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(a) Standard 3D axis-aligned views (b) Trajectory-aligned views generated by TAMS

Fig. 1. Qualitative comparison: Geometry-aware slices in (b) unroll rib anatomy to
reveal subtle fracture patterns obscured in (a).

computed tomography (CT) is the diagnostic gold standard, manual review of
multi-slice CT volumes is labor-intensive, error-prone, and susceptible to diag-
nostic oversight [24]. These limitations motivate the development of an auto-
mated framework for rib fracture detection and fine-grained classification.

Existing deep learning approaches for rib fracture analysis broadly fall into
two detection paradigms. Direct 3D volumetric methods preserve spatial context;
for instance, FracNet [9] performs voxel-wise segmentation via a 3D UNet [18],
while FracNet+ [23] integrates global point-cloud features to suppress false
positives. Alternatively, 2D and projection-based methods such as Mask R-
CNN [6] and YOLO [10] offer efficient localization [12]. Following detection,
these pipelines typically feed the detected 3D regions into a cascaded classi-
fier for multi-class categorization. Recent classification efforts have addressed
complementary aspects, including temporal healing states [1] and hierarchical
severity grading via hyperbolic embeddings [16], yet these focus on high-level
diagnostic states rather than fine-grained morphological differentiation. A cen-
tral limitation shared by most existing classifiers is their reliance on rigid 3D
bounding-box crops, which, as illustrated in Fig. 1 (a), inevitably encapsulate
excessive irrelevant tissue and dilute the subtle cortical features essential for dis-
tinguishing fracture subtypes. Moreover, directly operating in the 3D volumetric
domain precludes these methods from leveraging vision foundation models (e.g.,
DINOv2 [15]) pretrained on large-scale natural images, which have demonstrated
powerful feature extraction capabilities across diverse visual recognition tasks.

In this paper, we propose MVANet, a two-stage framework that bridges
global volumetric screening with geometry-aware multi-view classification. The
first stage performs anatomy-aware detection. By incorporating rib segmenta-
tion masks as spatial priors, the detector confines its search to skeletal regions,
substantially reducing false positives from surrounding soft tissue. The second
stage addresses the fundamental limitation of rigid 3D crops by introducing
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Fig. 2. Overview of MVANet. (1) Anatomy-aware detection localizes fracture candi-
dates within rib-mask-constrained regions. (2) TAMS extracts trajectory-aligned multi-
view slices, which are encoded by a self-supervisedly adapted DINOv2 backbone; (3)
LQMV-Attn then aggregates multi-view features for fine-grained classification.

the trajectory-aligned multi-view sampler (TAMS), which extracts 2D oblique
slices along each candidate’s curvilinear rib centerline. This trajectory-aligned
sampling effectively unrolls the rib cortex, exposing subtle discontinuities that
axis-aligned views miss (Fig. 1 (b)). To bridge the modality gap between natu-
ral images and CT, we self-supervisedly adapt a vision foundation model (DI-
NOv2 [15]) to encode these projections into rich feature representations. Finally,
recognizing that fracture evidence is unevenly distributed across viewing an-
gles, we introduce the latent-query multi-view attention (LQMV-Attn) module,
which uses learnable queries to selectively attend to the most diagnostically in-
formative views rather than relying on naive pooling. Extensive experiments on
both an in-house dataset and the public RibFrac benchmark demonstrate that
MVANet significantly outperforms existing methods in detection sensitivity and
classification accuracy.

2 Method

The overall pipeline of MVANet is illustrated in Fig. 2. Given a CT volume
X ∈ RH×W×D and an anatomical rib mask m ∈ {0, 1}H×W×D, our goal is to
detect all fracture locations and classify each into its morphological subtype. The
rib mask m can be obtained from dataset annotations or, for fully automated
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deployment, generated by an off-the-shelf rib segmentation network [22], as rib
segmentation is a well-established task with readily available pretrained models.
Ground-truth annotations include a voxel-wise fracture mask y ∈ {0, 1}H×W×D

for localization and instance-level category labels C for classification. MVANet
decomposes the task into two sequential stages: anatomy-aware 3D detection
followed by multi-view classification.

2.1 Anatomy-Aware Detection

The detection stage leverages anatomical priors to constrain the search space
and suppress background false positives. Specifically, a 3D V-Net receives as in-
put the concatenation of the CT volume X and the rib mask m, forming a dual-
channel input [X;m] ∈ RH×W×D×2. This explicit spatial priors restricts learning
to skeletal regions, substantially reducing the overwhelming class imbalance be-
tween fracture voxels and background. The V-Net encoder extracts hierarchical
features through residual convolutional blocks with progressive downsampling,
while the decoder recovers spatial resolution via skip connections and transposed
convolutions to produce a dense fracture probability map ŷ ∈ [0, 1]H×W×D.

To further address the extreme sparsity of fractures, we optimize the network
using a masked Dice-Focal loss. The rib mask m restricts both the Dice and Focal
loss [19,11] computations to clinically relevant skeletal regions:

Ldet = LDice(ŷ ⊙m,y ⊙m) + λLFocal(ŷ ⊙m,y ⊙m), (1)

where ⊙ denotes element-wise multiplication and λ balances the two loss terms.
This masking strategy ensures that gradient signals are concentrated on diag-
nostically meaningful voxels rather than being diluted by the vast background.
During inference, the predicted probability map is binarized with a threshold of
0.5, and connected-component analysis on the thresholded output yields a set of
candidate fracture regions for subsequent classification.

2.2 Foundation Model Adaptation via Trajectory-Aligned Sampling

Following detection, each candidate region requires fine-grained classification. As
discussed in Sec. 1, conventional 3D bounding-box crops are ill-suited because
the curvilinear geometry of ribs causes axis-aligned volumes to include exces-
sive irrelevant tissue. We address this with a two-step strategy: (1) extracting
geometry-aligned 2D projections via trajectory-aligned sampling, and (2) encod-
ing these projections with a domain-adapted vision foundation model.
Trajectory-Aligned Multi-View Sampler (TAMS). The key insight behind
TAMS is that fracture-discriminative features, such as cortical discontinuities,
angular deformations, and callus formation, are best visualized on cross-sectional
planes oriented perpendicular to the local rib trajectory, rather than along arbi-
trary global axes. As shown in Fig. 2 (2), for each detected candidate, we first
extract the local rib centerline T via morphological skeletonization of the rib
mask. Let pc ∈ R3 denote the candidate’s centroid and t ∈ R3 the unit tangent
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vector along T at pc. We initialize a unit normal vector n ⊥ t and systemati-
cally rotate it around t in increments of 9◦ over [0◦, 180◦), generating K = 20
multi-view oblique slices of 56×56 pixels. The k-th slice Sk(u, v) is sampled via:

Sk(u, v) = X
(
pc + u · t+ v · nk

)
, (2)

where nk = R(t, θk)n is the rotated normal and R(t, θk) ∈ R3×3 denotes the
rotation matrix about t by angle θk. Trilinear interpolation ensures smooth sub-
voxel sampling during slice extraction. By sampling along this trajectory-aligned
coordinate system, TAMS unrolls the curvilinear cortical surface, maximizing the
conspicuity of subtle fractures that overlapping tissues would otherwise obscure.
Domain Adaptation of Vision Foundation Model. Despite offering power-
ful representations, vision foundation models exhibit a substantial modality gap
between natural photographs and CT bone textures [13]. Directly applying such
models to medical images yields suboptimal performance due to differences in in-
tensity distributions, texture statistics, and semantic content. To bridge this gap,
we adopt DINOv2 [15] (ViT-B/14) as our feature encoder and self-supervisedly
fine-tune all layers on the TAMS-extracted multi-view slices from our training
data. During adaptation, we employ the original DINO self-distillation objec-
tive, in which a student network learns to match the output distribution of a
momentum-updated teacher network across augmented views of the same slice.
Each single-channel CT slice is replicated to three channels for compatibility
with the pretrained architecture. This adaptation calibrates the pretrained vi-
sual features to CT-specific bone textures and fracture morphologies, producing
embeddings z(k) ∈ Rd that are sensitive to fine-grained anatomical nuances while
retaining the generalization benefits of large-scale pretraining.

2.3 Multi-View Aggregation

In clinical practice, radiologists confirm fractures by synthesizing visual evidence
across multiple imaging planes. We formalize this multi-planar reasoning within
a multiple-instance learning (MIL) [8,5] framework: the K view-specific embed-
dings for a candidate are treated as an instance bag Z = [z(1), . . . , z(K)]⊤ ∈
RK×d. Since fracture evidence is unevenly distributed across viewing angles,
with some views clearly revealing a cortical break while others show only nor-
mal anatomy, naive pooling (mean or max) dilutes diagnostically critical signals.
This motivates a learned, attention-based aggregation mechanism.
Latent-Query Multi-View Attention (LQMV-Attn). As illustrated in
Fig. 2 (3), the LQMV-Attn module introduces M learnable latent queries Q ∈
RM×d, each designed to capture a distinct morphological pattern (e.g., cortical
disruption, angular deformation). These queries attend to the multi-view feature
bag via scaled dot-product cross-attention:

H = Softmax
(
Q ·K⊤
√
d

)
·V, (3)
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where K = ZWK and V = ZWV are linear projections of Z with learnable
weight matrices WK ,WV ∈ Rd×d, and H ∈ RM×d encapsulates M morpholog-
ical representations aggregated from the bag. By using M independent queries
rather than a single aggregation vector, the module can simultaneously probe
for multiple fracture-related patterns across different views.

Since not all latent responses contribute equally to diagnosis, a gating mech-
anism dynamically evaluates their importance. Specifically, H is projected into
a normalized importance distribution a ∈ RM via a bottleneck MLP:

a = Softmax
(
tanh(HW1 + b1)w2 + b2

)
, (4)

where W1 ∈ Rd×d′
, w2 ∈ Rd′

are learnable weight matrices and b1 ∈ Rd′
, b2 ∈ R

are bias terms. The bottleneck dimension d′ is set to d
2 to encourage compact

importance estimation. The final fracture-level representation is obtained by
weighted aggregation:

g = H⊤a, (5)

the resulting vector g ∈ Rd is passed to a linear classification head that outputs
logits over the fracture categories. The classification stage is trained end-to-end
(excluding the frozen DINOv2 backbone) with cross-entropy loss. By selectively
attending to views that reveal diagnostically salient cortical features and sup-
pressing uninformative background projections, LQMV-Attn mirrors the multi-
planar reasoning of expert radiologists.

3 Experiments

3.1 Dataset and Evaluation Metrics

MaskRib is an in-house dataset comprising 951 paired samples, each containing
a chest CT volume, a rib segmentation mask, and voxel-wise fracture annota-
tions. Fractures are classified into four clinically significant categories: callus
(CA), cortical twist (TW), dislocation fracture (DF), and slight fracture (SL).
RibFrac [23] is a public benchmark consisting of 420 training, 80 validation,
and 160 test scans. It defines four classification categories: displaced (DP), non-
displaced (ND), buckle (BK), and segmental (SG) rib fractures. An additional
ambiguous category is excluded from classification evaluation.
Evaluation Metrics. For detection, we employ Free Response Receiver Oper-
ating Characteristic (FROC) analysis. A detection is counted as a true positive
(TP) if its 3D IoU with a ground-truth annotation satisfies IoU ≥ 0.1; unmatched
predictions and missed lesions are counted as false positives (FP) and false neg-
atives (FN), respectively. The primary detection metric is the mean sensitivity
at 4, 8, 16, and 32 FP per scan, estimated via linear interpolation; we also re-
port average FP per scan (Avg FP). For classification, we adopt Target-Aware
F1 as the primary metric, computed exclusively on ground-truth regions (both
correctly localized TP and missed FN) to decouple classification performance
from detection quality.
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Table 1. Comprehensive performance of the proposed MVANet. We report FROC and
Avg FP in the detection stage and classwise F1 score in the classification stage.

Dataset Method
Stage 1: Detection Stage 2: Classification (F1 %)

FROC↑ Avg. FP↓ C1 C2 C3 C4 Avg.↑

MaskRib
DCC [2] 60.45 76.38 74.04 48.13 44.29 52.62 54.77
UCI [21] 67.75 76.19 74.00 46.07 53.95 45.89 54.98
MVANet 84.56 39.74 81.75 55.23 80.88 68.01 71.47

RibFrac [23]
DCC [2] 71.86 85.56 62.92 47.71 48.57 17.14 44.09
UCI [21] 81.76 41.24 56.18 52.89 56.25 0.00 41.33
MVANet 86.40 32.41 67.76 58.73 66.67 26.42 54.89

Note: C1–C4 denote CA, TW, DF, SL on MaskRib; and DP, ND, BK, SG on RibFrac.

3.2 Implementation Details

CT volumes are windowed to [−50, 500] HU and resampled to 0.68 × 0.68 ×
1.0 mm3. For detection, we sample 1283 patches with a 1 : 3 positive-to-negative
ratio, confining negative samples within the rib masks. The V-Net is optimized
with AdamW (lr = 10−3, batch size 16). During inference, sliding-window evalu-
ation with 25% overlap is applied under rib-mask constraints, with a binarization
threshold of 0.5. For classification, TAMS extracts K = 20 slices of 56× 56 pix-
els at 9◦ intervals. We adopt the ViT-B/14 variant of DINOv2 (d = 768) with
a model size of 342.2 MB as the fixed feature encoder, which is frozen after
self-supervised adaptation. The classification head, with a model size of approx-
imately 9.5 MB, is fine-tuned for 50 epochs using AdamW (lr = 5× 10−5, batch
size 128). For a whole CT volume, detection requires 11.47 s per case, while
each detected fracture candidate incurs 0.7 s for multi-view sampling and only
0.002 ms for classification.

3.3 Quantitative Results

Recent studies prioritize clinical status or severity grading over fine-grained mor-
phological discrimination. As the sole public benchmark providing detailed anno-
tations, the MICCAI RibFrac challenge serves as the standard reference. Con-
sequently, we compare MVANet against two established end-to-end pipelines:
DCC [2], which pairs Mask R-CNN detection with a NoduleNet [20] classifier,
and UCI [21], which combines a 3D UNet detector with a pretrained 3D Medical
ResNet [3,7].

As reported in Table 1, MVANet achieves substantial improvements in both
stages across both datasets. In detection, MVANet attains 84.56% FROC on
MaskRib and 86.40% on RibFrac, outperforming the best baseline by 16.81
and 4.64 percentage points, respectively. Notably, false positives are reduced by
nearly half, from 76.19 to 39.74 Avg FP on MaskRib, confirming that anatomy-
aware screening effectively suppresses non-rib candidates that lack structural
priors. In classification, MVANet achieves an average F1 of 71.47% on MaskRib
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Table 2. Ablation study of the MVANet. In the detection stage, we report FROC
values at average 4, 8, 16, and 32 FP per scan. In the classification stage, we report F1
score (%) with varying sampling view number K.

Dataset Method
Detection Ablation

4↑ 8↑ 16↑ 32↑ Max Sens.↑ Avg. FP↓

MaskRib
V-Net [14] 56.02 68.16 72.76 74.77 75.17 48.31
MVANet 78.38 82.81 87.06 89.98 90.38 39.74

RibFrac [23]
V-Net [14] 76.19 83.72 86.18 85.28 87.19 39.05
MVANet 83.10 85.74 87.57 89.17 89.24 32.41

Classification Ablation

K = 1 K = 5 K = 10 K = 20 K = 25 K = 30

MaskRib 65.86 71.13 70.91 71.47 70.20 70.13
RibFrac [23] 48.63 52.77 53.58 54.89 54.72 54.59

and 54.89% on RibFrac, surpassing the strongest baseline by 16.49 and 10.80
points, respectively. The gains are most pronounced for morphologically challeng-
ing subtypes: on MaskRib, dislocation fracture (C3) F1 improves from 53.95% to
80.88%, while on RibFrac, MVANet recovers a 26.42% F1 for the segmental rib
fracture (C4), where the UCI baseline scores 0.00%. These results demonstrate
that trajectory-aligned multi-view sampling, combined with attention-based ag-
gregation, captures the geometric features that conventional 3D-crop classifiers
miss, particularly for rare and subtle fracture patterns.

3.4 Ablation Study

Table 2 validates the contribution of each component.
Detection stage. Incorporating rib-mask-guided anatomy priors into the V-Net
yields consistent FROC gains across all FP thresholds. On MaskRib, maximum
sensitivity improves by 15.21 percentage points, from 75.17% to 90.38%, with
a simultaneous reduction in Avg FP from 48.31 to 39.74. This confirms that
explicit anatomical constraints focus the detector on skeletal regions, reducing
false alarms from visually similar soft-tissue structures.
Classification stage. Performance improves steadily as the number of sampled
views K increases, reflecting the benefit of richer geometric context. However,
performance peaks at K = 20 and slightly degrades beyond this point, from
71.47% to 70.13% at K = 30 on MaskRib. We attribute this to the introduc-
tion of redundant or highly overlapping slices that dilute discriminative features
through geometric noise. Accordingly, K = 20 is selected as the optimal trade-off
between spatial coverage and feature quality.
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4 Conclusion

We presented MVANet, a two-stage framework that bridges global volumetric
screening with multi-view classification for rib fracture diagnosis. In the de-
tection stage, rib-mask-guided spatial priors reduce false positives by nearly
half compared to baselines. In the classification stage, TAMS unrolls curvi-
linear rib anatomy into geometry-aligned cross-sections, a vision foundation
model encodes fine-grained bone features, and LQMV-Attn selectively fuses the
most diagnostically informative views. Evaluations on both in-house and public
datasets demonstrate consistent improvements in detection sensitivity and clas-
sification F1, confirming the clinical potential of combining anatomical priors
with foundation-model-based multi-view reasoning.
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