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Abstract. In this paper, we propose PPCNet (Projection-Conditioned
Point Cloud Network), a query-refinement framework that reconstructs
a dense 8,192-point cloud of spinal vertebrae from two orthogonal dig-
itally reconstructed radiographs (DRRs) and their corresponding cali-
brated 3 x 4 projection matrices. PPCNet employs the calibrated pro-
jection geometry as the core 2D-to-3D lifting mechanism, combining
occupancy-gated query initialisation with projection-conditioned refine-
ment. Gap-preserving and curvature losses maintain inter-vertebral disc
spaces and the spinal lordotic curve. Evaluated on the lumbar spine
(L1-L5) across 105 held-out patients from a 1,037-patient dataset de-
rived from VerSe and CTSpinelK, PPCNet achieves a mean Chamfer
distance of 1.981 mm, F-score@5 mm of 0.973, and HD95 of 4.525 mm.
Clinical validation across 525 vertebrae confirms a morphometric MAE
of 2.80 mm with 97% of vertebrae at Vertebral Compression Level (VCL)
Grade A. As a proof-of-concept, phantom-based navigation tracking yields
a mean vertebra centroid error of 3.01 mm across L1-L5. The implemen-
tation and dataset are available at: PPCNetl

Keywords: Point Cloud Reconstruction - Biplanar Radiographs - DRR
- Spinal Vertebrae - Projection-Conditioned Refinement - Minimally In-
vasive Spine Surgery

1 Introduction

In MISS, accurate intraoperative 3D visualization of spinal vertebrae is essential
for safe instrument placement, where misjudging depth by a few millimetres can
cause neural or vascular injury [IJ2]. While intraoperative cone-beam CT can
recover full 3D anatomy, its high radiation dose, cost, and limited deployment
across surgical centres, particularly in resource-constrained settings [3] restrict
routine use. Conventional C-arm fluoroscopy, though cost-friendly, captures only
2D projections without depth information. Due to these inherent limitations,
there is a compelling need for methods that recover reliable 3D vertebral ge-
ometry directly from the biplanar views of C-arm fluoroscopy imaging already
acquired during surgery, without additional radiation or equipment.
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Classical statistical shape model (SSM) approaches fit parametric templates
to biplanar radiographs [4/5l6], depending on pre-defined shape priors, limiting
patient-specific fidelity. Deep learning methods have advanced rapidly: volumet-
ric GAN-based synthesis [7I8], dimensionally-consistent encoders with attention-
guided fusion [9], Swin Transformer encoders with cross-attention fusion [10], and
graph convolutional decoders for single-vertebra reconstruction [I1]. Despite this
progress, these learning-based methods share two key limitations. First, volu-
metric approaches represent anatomy on fixed low resolution grids, where each
voxel spans approximately 1.5 mm; fine structures such as the 3-5 mm inter-
vertebral disc spaces occupy only 1-2 voxels at this resolution, and the network
cannot distinguish disc from bone within a single voxel, causing these gaps to
blur or vanish entirely. Second, standard C-arm setups produce calibrated 3x4
projection matrices that encode the exact 3D to 2D geometric mapping for each
biplanar view, which can be utilized as an explicit reconstruction prior.

We address both limitations with PPCNet and our main contributions in-
clude:

— Novel PPCNet Architecture: By adopting a point cloud representa-
tion, PPCNet places points directly on spinal surfaces without discretis-
ing empty space, naturally handling disjoint structures such as separate
vertebrae [I2/13]. An occupancy-gated initialisation concentrates candidate
points in bone-occupied regions, after which three refinement stages repeat-
edly project each point into both biplanar views via the calibrated matrices,
sample local image and volumetric features at the projected locations, and
predict bounded spatial offsets that progressively displace points toward the
true surface. A gap-preserving penalty discourages points from collapsing
into inter-vertebral disc spaces, and a curvature loss [I4] preserves the sagit-
tal spinal profile.

— Clinical Validation through Anatomical Measurements and Nav-
igation Tracking: Beyond standard reconstruction metrics, we evaluate
eight clinically relevant morphometric parameters and Vertebral Compres-
sion Level (VCL) grading [15] across 525 vertebrae (5 per patient, 105 test
patients), and demonstrate clinical applicability through phantom-based sur-
gical navigation tracking.

— Open-Source Dataset for Biplanar Spine Reconstruction: We release
paired biplanar DRRs, projection matrices, and ground-truth point clouds
for 1,037 patients derived from VerSe [16/T7] and CTSpinelK [I8] under a
fixed 829,/103/105 split.

2 Dataset and Methodology

2.1 Dataset

We curate a dataset from VerSe [16J/17] and CTSpinelK [I§], selecting 1,037
patients with complete L1-L5 lumbar segmentation labels. For each patient, two
digitally reconstructed radiographs (DRRs) — one coronal (AP at 0°) and one
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sagittal (lateral at 90°) — are generated using Plastimatch [I9] with a source-to-
axis distance (SAD) of 1,000 mm, source-to-image distance (SID) of 1,500 mm,
a 500x500 mm detector, and 512x512 pixel resolution. Along with each DRR,
a calibrated 3x4 projection matrix encoding the geometric relationship between
the 3D volume and the 2D image plane is generated per view. Ground-truth point
clouds are generated in four steps: (i) per-vertebra surfaces are extracted from the
CT segmentation masks, (ii) the five vertebral meshes (L1-L5) are concatenated
into a single lumbar spine surface, (iii) the concatenated mesh is aligned to
the DRR coordinate space using Iterative Closest Point (ICP) registration with
four axis-flip initialisations to resolve orientation ambiguity, and (iv) the aligned
surface is uniformly subsampled to 5,120 points via farthest-point sampling.

2.2 Architecture

PPCNet (Fig. takes two biplanar DRRs (Iap, Irp), their calibrated 3x4
projection matrices (Pap, Prp), and patient-specific normalisation parameters
— center ¢ € R? and scale s € R3, computed from training-set statistics and
provided per patient during inference — producing N=8,192 points through six
stages.

Stage 1: Dual 2D Encoders. Two weight-independent ResNet-34 back-
bones [20] encode the AP and LP DRRs independently. Each backbone extracts
features through its stem and residual blocks up to layer3, followed by a 1x1
convolution projecting to 192 channels (Eq. :

fap = Eap(Iap), fLp = Ep(ILp), £ RPX192X32x32 (1)

where B is the batch size and £ denotes each encoder; spatial resolution reduces
from 512x512 to 32x32 through successive strided convolutions.

Stage 2: Feature Lift to 3D. Each 2D feature map f € {fap,fip} is
replicated along a new depth axis (D=32) to form a 32x32x32 volume. A learn-
able depth embedding e; € R'92%32 ig added so that each depth slice carries
a unique positional signature rather than identical replicated features, and two
Conv3D-GroupNorm-GELU layers refine to 128 channels (Eq. :

Viiew = Conv3D(£ @ €g), Viyjew € REX128%32x32x32 @)

where @ denotes addition along depth, producing one 3D feature volume per
view: AP volume (Vp) and LP volume (Vip).

Stage 3: Biplanar Fusion. The Vsp is permuted so its depth axis aligns
with the coronal direction, and the Vp with the sagittal direction. The aligned
volumes are concatenated along the channel dimension (128 channels from Vap
and 128 from Vpp, yielding 256) and fused via 1x1 then 3x3 Conv3D back to
128 channels (Eq. [3):

V; = Conv3D3y3(Conv3D141([Vip; Vipl)), Vs RBx128x32° (3)

where 7 denotes view-specific axis permutation and [-; -] is channel-wise con-
catenation.
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Fig.1: PPCNet architecture: dual ResNet-34 encoders, 3D feature lifting and
fusion, occupancy-gated query initialisation, and three projection-conditioned
refinement stages.

Stage 4: Coarse 3D U-Net. A three-level U-Net [2I] with progressively
wider encoder levels (128—96—160—224 channels) and a decoder (160—128)
refines V¢ into an enriched volume vy and simultaneously predicts a 483 occu-
pancy volume 0,,x via an auxiliary head supervised with Binary Cross-Entropy
(BCE) + Dice loss. This occupancy volume provides a coarse binary estimate
of bone-occupied regions, enabling the subsequent stage to concentrate query
points in anatomically relevant space.

Stage 5: Query Initialisation. A regular 20x20x21 grid subsampled to
N=8,192 candidate points serves as the base set of initial query locations. A



PPCNet 5

global Multi-Layer Perceptron (MLP) predicts a spatial offset for each point,
gated by the occupancy probability g; sampled from the occupancy volume, so
that points in empty regions receive near-zero shifts while points near bone are
displaced toward occupied areas. The initial query position q? (superscript 0
denoting stage zero, before refinement) is computed as (Eq. :

Q@ = c1amp(qyase +gi-0.25 - tanh(h);, —1, 1) (4)
base js the i-th grid point in normalised [—1,1]% space, g; is the sigmoid-

where q;
activated occupancy probability sampled at the base grid position gPas:

gi = U(GridSample(oaux, q?asc))
and h = MLP(AvgPool(vy)) is a global offset vector derived from the average-
pooled 3D volume. The tanh bounds each offset to +0.25, and the final clamp
constrains all queries within the normalised volume.

Stage 6: Projection-Conditioned Refinement. Three stages with inde-
pendent weights iteratively refine queries, progressively improving both coarse
shape and fine surface detail. Unlike methods [79/10] that fuse views implicitly,
PPCNet uses calibrated matrices to determine where each 3D query projects
onto each 2D feature map. At stage k, each query q¥ € R3 is denormalised to
world coordinates and projected onto both views (Eq. :

u} = 7T(Pv[qi?C Os+c; 1]), v € {AP,LP} (5)

where qf ©® s 4+ ¢ maps normalised to world coordinates (®: element-wise multi-
ply), P, is the 3x4 projection matrix for view v, [-; 1] appends a homogeneous
coordinate, and m(-) performs perspective division to yield the 2D pixel coordi-
nate u} of point ¢ in view v. At each projected location, the network samples 2D
image features (192-d, x2 views), 3D volumetric features (128-d), occupancy (1-
d), 3D coordinates (3-d), and 2D pixel positions (2-d, x2 views), forming a 520-d
vector. A three-layer MLP (520—384—384—3, GELU, 5% dropout) predicts a
bounded displacement (Eq. [6)):

AqF = 0.25 - tanh(MLP(x;)), gt =qf + Aq? (6)

where x; is the 520-d concatenated feature vector and tanh bounds each stage-k
displacement Aq¥ to £0.25 (40.75 cumulative across three stages).

3 Results and Discussion

On 105 test data, PPCNet achieves a mean Chamfer distance of 1.98141.060 mm
(median 1.770 mm), FQ5 of 0.973 & 0.074, FQ1 of 0.155 + 0.070, and HD95 of
4.525 £ 5.382 mm (median 3.423 mm). Per-patient sorted distributions (Fig. [2)
confirm a long-tail behaviour driven by patients with severe deformities or tran-
sitional vertebrae. Since PPCNet outputs a single unlabelled point cloud, ICP
registration assigns each point to its corresponding vertebra (L1-L5) for clinical
evaluation.



6 R. Reddy G K et al.

(a) CD (mm) (b) F@1 (© F@5 (d) HD95 (mm)
T F f
Mean = 1.98 10 Mean = 4.52
0.9 15
,E 4 0.2 - E
— wy
E ® © 08 i 10
a = 0.1 = N
o2 - 0.7 2 X
Mean =0.16 0.6 Mean = 0.97 b
0 0.0 ! !
50 100 50 100 50 100 50 100
Patient rank Patient rank Patient rank Patient rank

Fig.2: Per-patient sorted test metrics (105 patients). (a) CD (mm), (b) FQl,
(c) F@5, (d) HD95 (mm). Dashed lines = mean.

3.1 Clinical Validation

We evaluate eight clinically relevant parameters (Fig. |3) across 525 vertebrae
(105 test patients) using automatic landmark detection [22]: VBH, aVBH, pVBH,
VBW, VBD, DH, lumbar lordosis, and coronal Cobb angle. Grading thresholds:
Excellent (<2 mm MAE), Good (2-4 mm), Acceptable (4-6 mm); VCL via
Genant classification [I5] (Grade A: <20% height deviation).

Per-metric MAE (Fig. [f{a)) shows DH at Excellent grade (1.26 mm), while
VBH (3.07 mm), aVBH (2.77 mm), pVBH (2.86 mm), VBW (3.82 mm), and
VBD (2.99 mm) fall within Good grade, yielding an overall morphometric MAE
of 2.80 mm (Good). Lordosis (1.62°) and Cobb angle (0.83°) both achieve Ex-
cellent grade. For VCL grading (Fig. [f|b)), 97% of vertebrae achieve Grade A
on VBH and 95% on aVBH. Bland-Altman analysis (Fig. [4c)) confirms min-
imal bias for lordosis (bias = —0.88°, LoA = [-5.6, 3.8]°) and Cobb angle
(bias = —0.51°, LoA — [—2.8, 1.8]°).

VBW
N VBH - VertebralBoly Heigh

V ;;*:\E e

Fig. 3: Vertebral measurement landmarks for eight clinical parameters.
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i
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pVBH

\\\\\
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Fig. 4: Clinical validation: (a) MAE radar, (b) VCL Grade A, (c) Bland-Altman.
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To validate clinical applicability, we perform phantom-based surgical naviga-
tion tracking using a 3D-printed lumbar spine phantom with an optical track-
ing system and fiducial-based CT-to-phantom registration (Fig. . The regis-
tration achieves a Fiducial Registration Error (FRE) of 0.41 mm, comparable
to the 0.87 mm reported for clinical CT-navigated instrumentation [23]. Us-
ing the PPCNet-predicted point cloud as the intraoperative navigation model,
the mean vertebra centroid localisation error across L1-L5 is 3.01 mm (range:
2.31-3.85 mm), approaching the clinically accepted navigation accuracy thresh-
old of the Gertzbein-Robbins Grade B (<2 mm pedicle cortical breach) [24] and
consistent with screw tip deviations of ~5 mm reported in CT-navigated spine
surgery [1].

@)

PRM

(i)

Fig.5: Phantom-based navigation: (i) needle placed at L4, (ii) needle placed
at L1. Each row shows (A) physical setup, (B) CT-derived STL navigation,
(C) PPCNet point cloud navigation.

3.2 Ablation Study and Baseline Comparison

Table [1| traces PPCNet across six generations. PPCNet-v1 establishes the base-
line with projection-conditioned refinement (2.672 mm). Versions v2-v4 intro-
duce gap-occupancy gating, unified training, and Chamfer-ramp curriculum, col-
lectively reducing CD by 0.222 mm on a shared 21.8M-parameter backbone.
PPCNet-v5 adds phased loss scheduling with stable alternatives (1.999 mm), and
the final PPCNet-v6 upgrades to ResNet-34, 8,192 points, and curvature/extent
losses, reaching 1.981 mm. The progressive improvement is visible in Fig. [6]

Table 1: Six-generation ablation on the test set (105 patients). PPCNet-v1 to
vhH: 21.8M params, 5,120 points; PPCNet-v6: 38.6M, 8,192 points.
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Model Key addition CD| |F@Ql11|F@Q21|F@57|HD95]
PPCNet-v1|Baseline + proj. refinement 2.672(0.091 | 0.458 | 0.933 | 6.364
PPCNet-v2|+ gap-occ, gated queries 2.48410.112 | 0.504 | 0.937 | 6.726
PPCNet-v3|+ unified pipeline 2.45210.115 | 0.512 | 0.942 | 6.506
PPCNet-v4|+ Chamfer-ramp curriculum 2.450(0.111]0.514 | 0.944 | 6.051
PPCNet-v5|+ stable, phased losses 1.999(0.144 |0.659| 0.972 | 4.474
PPCNet-v6|+ curvature, extent 1.981/0.155| 0.646 |0.973| 4.525
() PPCNetvl (b) PPCNet-v2 (¢) PPCNet-v3 (d) PPCNet-vd (¢) PPCNet-v5 (f) PPCNet-v6  (g) Ground Truth

Baseline +Gap-oce, SN-GAN  + Unified pipeline -+ Curri 5,120 points

L3-14
Gap

Edge

Fig. 6: Qualitative ablation: (a—f) vl to v6, (g) ground truth. Red: L3-L4 gap
sharpens; blue: L4-L5 endplate matches GT by v6.

We re-implement four methods under identical splits (Table . Volumetric
methods [7I910] cluster around 2.47-2.56 mm CD on 642 grids (~1.5 mm/voxel).
3D-ReVert [11] (38.4M) achieves 2.084 mm. PPCNet yields 1.981 mm (4.9%
improvement) via point clouds with explicit geometric projection.

Table 2: Quantitative comparison with re-implemented baselines (105 test pa-
tients, same dataset).

Method Params| CD| [FQ17|F@2{[F@57[HD95]
X2CT-GAN [7] 344.1M | 2.4890.079 | 0.444 | 0.933 | 6.624
BX2S-Net [9] 23.2M | 2.564|0.081 |0.448 | 0.927 | 6.722
Swin-X28 [10] 67.3M |2.475 | 0.081 | 0.449 | 0.937 | 6.576
3D-ReVert [L1] 38.4M |2.084|0.133 | 0.587 | 0.966 | 4.586
PPCNet (Ours) 38.6M |1.981/0.155|0.646/0.973| 4.525

The comparison spans methods from 2019 to 2025, including the most re-
cent Swin Transformer [I0] and graph convolutional [IT] approaches, confirming
PPCNet’s consistent advantage across architectural paradigms.

4 Conclusion

We propose PPCNet, a projection-conditioned point cloud reconstruction frame-
work that recovers lumbar vertebrae (L1-L5) as 8,192 points from biplanar
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DRRs and calibrated 3x4 projection matrices. By making the projection ge-
ometry the core lifting mechanism rather than learning view correspondences
implicitly from concatenated DRR features, PPCNet achieves a mean Chamfer
distance of 1.981 mm on 105 held-out patients, with clinical validation confirm-
ing a morphometric MAE of 2.80 mm and 97% VCL Grade A across 525 ver-
tebrae, and phantom-based navigation tracking yielding a mean centroid error
of 3.01 mm. PPCNet demonstrates consistent improvements over recent volu-
metric and graph-based baselines spanning 2019-2025. Key limitations include
reliance on synthetic DRRs and unevaluated robustness under imperfect cali-
bration; bridging the sim-to-real gap remains an important direction for future
work.
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