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Abstract. Intraoperative 2D-3D spine registration is a critical step in
Image-Guided Spinal Surgery, requiring accurate alignment of preoper-
ative CT volumes with intraoperative C-Arm X-ray images under strin-
gent real-time constraints. In this paper, we propose SpineSAC, a Hi-
erarchical Multi-agent Soft Actor-Critic Reinforcement Learning frame-
work for autonomous six degree of freedom vertebral pose-based 2D-
3D registration. SpineSAC integrates a Principal Component Analysis
(PCA)-based Canonical Coordinate System (CCS) to establish a com-
mon anatomical reference frame across different CT and C-Arm coor-
dinate frames and a novel Rotational Feature Encoder (RFE) that en-
codes Antero-Posterior and Lateral DRR and X-ray rotational misalign-
ment into a compact 16-dimensional latent observation for the RL agent.
SpineSAC achieves a Total Registration Error (TRE) of 1.45 ± 0.5mm
on phantoms and 2.31mm on cadaver data, with a 9× inference speedup
over the computational approach, demonstrating its suitability for real-
time intraoperative deployment. The Code is available at: SpineSAC.

Keywords: Image-Guided Spinal Surgery · 2D-3D registration · Rota-
tional Feature Encoder · Canonical Coordinate System · Reinforcement
Learning.

1 Introduction

Image-Guided Spinal Surgery (IGSS) relies on real-time imaging to improve sur-
gical precision, particularly in Minimally Invasive Spine Surgery [14], where the
surgeon has limited direct view of the anatomy [15]. A fundamental component
in IGSS procedure is 2D-3D registration, which aligns a preoperative CT volume
with an intraoperative C-Arm X-ray to perform the surgical planning within the
CT coordinate frame [13,11]. The primary objective is to estimate the rigid six
degree of freedom (6-DoF) transformation matrix that aligns the CT volume
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with the C-Arm images. This is achieved by generating Digitally Reconstructed
Radiographs (DRRs) from the CT and maximizing intensity-based similarity
metrics such as Normalized Cross Correlation (NCC), Local NCC (LNCC), or
Mutual Information against the intraoperative images using iterative optimiza-
tion methods [5,22]. However, this iterative optimization until the maximum
similarity score is achieved is computationally expensive across all 6-DoF com-
binations and always achieves multiple false convergences at different DoF. To
overcome these limitations, learning-based approaches based on a deep itera-
tive registration framework using a Point-to-Plane Correspondence pose solver
avoids repeated DRR generation and mitigates local optima. However, it relies
heavily on accurate DRR-to-X-ray correspondence estimation, requires large an-
notated training datasets, and its performance degrades under varying C-arm
image quality and imaging artifacts [8].A weakly supervised 2D–3D registration
framework based on differentiable rendering and ROI-based segmentation re-
moves the need for explicit correspondence estimation, but its accuracy depends
heavily on segmentation quality [2]. More recently, a Proximal Policy Optimiza-
tion (PPO)-based Reinforcement Learning (RL) framework performs registration
through iterative pose actions, reducing the reliance on ROI segmentation qual-
ity and explicit optimization procedures. However, it is patient-specific which
requires a new model to be trained for each patient’s CT data, thereby reduc-
ing its effectiveness for unseen anatomies [23]. To address the above mentioned
drawbacks, we propose SpineSAC, a novel patient-agnostic RL framework for
2D-3D spine registration, with the following contributions:

– PCA-Based Canonical Pose Representation. We incorporate an exist-
ing PCA-based CCS to standardize 6-DoF pose representations across CT
and C-Arm coordinate systems, enabling consistent RL action semantics and
improved policy generalization.

– Rotational Feature Encoder. We propose a novel RFE that extracts a
compact 16-dimensional latent embedding (z) from fixed AP, LP X-rays and
their moving DRR pairs. The z captures rotational misalignment between the
X-ray and DRR projections, enabling the SAC agent to select appropriate
rotational actions along the rx, ry, and rz axes during policy execution.

– Hierarchical Multi-Agent SAC. We design a coarse-to-fine hierarchical
SAC framework with three resolution-specific agents performing progressive
6 DOF pose refinement, stabilized through curriculum learning, replay fil-
tering, and knowledge transfer.

2 Methodology

In 2D-3D registration, the X-ray images get pre-processed to improve consis-
tency with the corresponding DRRs [16]. This reduces the X-ray and DRR
attribute gap and provides more reliable observations for RL-based registra-
tion. The registration is then initialized using user-defined anatomical landmark
correspondences on the Antero-Posterior (AP) and Lateral (LP) X-ray images
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Fig. 1: PCA based canonical coordinate system.

and the corresponding CT volume, following the 6-DoF initial pose estimation
method [17]. The resulting rigid transformation T = [R|t] is used together with
the AP and LP projection matrices to generate DRRs using an existing DR-
RGenerator framework given in [10], which employs VTK-based ray casting.

2.1 PCA-Based Canonical Pose Representation

Variations in C-Arm geometry and CT coordinate systems make RL policy learn-
ing challenging. To address this, we incorporate the PCA-based CCS proposed
in [20,9] to represent all 6-DoF vertebral poses in a unified anatomical reference
frame. PCA is applied to the spatial coordinates of bone voxels extracted from
the CT volume using Hounsfield Unit (HU) thresholding. This process allows
us to fix the superior-inferior (SI), anterior-posterior (AP), and left-right (LR)
anatomical axes. Together with the centroid of the bone voxels, these eigenvec-
tors define a rigid transformation TCT→canonical. It remaps all 6-DoF vertebral
poses from the original CT frame into the CCS, which is then used through-
out our SpineSAC RL environment as mentioned in Fig 1. By transforming all
poses into the CCS, every translational and rotational component carries an
identical anatomical meaning across all datasets, enabling direct generalization
on patients CT data.

2.2 Rotational Feature Encoder

We propose a novel RFE, depicted in Fig 2, that adopts an equivariant Siamese
backbone of [6], where all four images, fixed AP, LP X-ray (Fap

fix, F
lp
fix), moved

AP, LP DRR (Fap
mov, Flp

mov), are independently passed for feature extraction.
Regular Group Equivariant Convolution (R2Conv) backbone [21] makes the
extracted features robust to variations through equivariant in-plane rotations.
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Fig. 2: Rotational feature encoder to extract a compact 16-D z from fixed AP,
LP X-rays and their moving DRR pairs.

Group Pooling layer and InstanceNorm convert the equivariant features into
rotation-invariant feature maps Fap

fix, F
ap
mov, F

lp
fix, and Flp

mov ∈ RB×128×Height×Width,
where B is the batch size. For each view, the feature maps are then collapsed
through Global Average Pooling (GAP) into 128-dimensional vectors. These
lower-dimensional vectors are then projected via a Multi-Layer Perceptron (MLP),
representing the rotational misalignment between the fixed X-ray and moved
DRR for the AP and LP views, respectively. The final 16-D embedding z ∈ R16

serves as the rotational state observation for the RL agent; trained across 3 res-
olution levels (0.25×, 0.5×, 1.0×) with degrees of rotation between ±20◦, ±15◦,
and ±5◦ using:

Ltotal = Lgeo + 0.2Lℓ1 + 0.1Lemb (1)

where Lgeo is a geodesic rotation loss measuring angular distance on the SO(3)
manifold [18], Lℓ1 is a smooth ℓ1 (Huber) loss for outlier-robust regression [4],
and Lemb is an InfoNCE contrastive loss [1] that shapes z into a discriminative
space by pulling similar rotational states together and pushing dissimilar ones
apart. Once trained, the frozen RFE provides a stable z, preventing embedding
drift and accelerating policy convergence across all resolution levels.

2.3 Hierarchical Multi-Agent SAC with Training Stabilizers

Problem Formulation: As illustrated in Fig. 3, we formulate the 2D-3D reg-
istration as a Markov Decision Process, where the goal is to estimate the rigid
6-DoF transformation aligning a preoperative CT volume with intraoperative
AP, LP C-Arm images. At each time step t, the agent observes state st and
outputs a continuous action at = [∆rx, ∆ry, ∆rz, ∆tx, ∆ty, ∆tz], representing
incremental pose updates in the PCA-based CCS. The updated pose renders
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Fig. 3: Hierarchical multi-agent SAC framework.

a new DRR via a VTK-based renderer, which is compared against the X-rays
to compute the next state and reward, with the policy optimized to maximize
expected cumulative discounted reward.
Hierarchical Registration Framework: We propose a coarse-to-fine Hierar-
chical Multi-Agent Soft Actor-Critic (HMSAC) framework with three sequential
agents at increasing image resolutions. Agent 0 performs coarse registration at
0.25× resolution with a ±20◦/mm capture range, Agent 1 refines at 0.5× within
±10◦/mm, and Agent 2 conducts fine registration at full 1.0× resolution within
±5◦/mm. Each agent initializes from the best pose estimated by its predecessor
and predicts incremental 6-DoF corrections, with progressively reduced action
scales to prevent overshooting during fine refinement.
State Representation and Reward: Each agent observes a 43-dimensional
state vector comprising the normalized 6-DoF pose in the CCS, multi-scale stereo
LNCC similarity scores, optimization progress, visual features from phase cor-
relation and edge alignment, and the 16-dimensional frozen rotational feature
embedding z produced by the RFE. Stereo LNCC is computed by concatenating
the AP, LP X-ray and DRR pairs and evaluating LNCC within the vertebral
ROI, preventing a good AP alignment from masking a poor LP alignment.

rt = λP ·∆dgt + λL ·∆Sstereo + rterminal − rpenalty, (2)

The reward equation (2) uses λP = 10 and λL = 20, where ∆dgt and ∆Sstereo

measure the reduction in pose error and improvement in stereo LNCC, respec-
tively. The terminal reward rterminal encourages rapid convergence, while rpenalty
discourages invalid or unstable pose updates.



6 D. K. N. and S. L. et al.

3 Results and Discussion

Implementation and Datasets: Our in-house spine dataset comprises 59 AP,
LP X-ray scenarios with corresponding projection matrices and CT volumes,
collected from three sawbone phantoms (one closed & two open phantom). Im-
ages were acquired using different C-Arm systems varying in X-ray intensity,
orientation, and source-to-patient distance. The dataset was split into 40, 10,
and 9 samples for training, validation, and testing, respectively. The 40/10/9
train/validation/test split was performed at the scenario level, with all three
phantoms represented in each partition (Open Phantom: 33/8/7 ;Closed Phan-
tom: 7/2/2), ensuring exposure to diverse C-arm imaging conditions during
training and evaluation. To confirm clinical reliability, SpineSAC was evaluated
on a held-out cadaver dataset, yielding a TRE of 2.31 mm. The model is trained
for 100 epochs on a single NVIDIA L40S GPU (48 GB VRAM), taking 13-15
hr. Training uses SAC [7] with α = 1 × 10−4, batch size B = 512, γ = 0.99,
τ = 0.005, and four gradient updates per environment step; entropy targets were
set to −1.5, −3.0, and −6.0 for A0, A1, and A2 to progressively reduce explo-
ration, following a curriculum allocating 20%, 30%, 50% of epochs to A0, A0&A1,
and joint optimization of A0&A1&A2 with sequential warm-starts, while each
agent maintained an independent replay buffer of 60,000-80,000 transitions.

Table 1: Intra-architecture comparison and Ablation TRE (mm, mean ± std).

Method Phantom TRE ± std (↓) LNCC (↑) Global NCC (↑) Gradient NCC (↑)

AP LP Stereo AP LP AP LP

Inter-Architecture Comparison

TD3 Closed 5.76± 0.8 0.286 0.294 0.290 0.520 0.550 0.430 0.470
Open 5.84± 0.8 0.291 0.320 0.306 0.510 0.540 0.420 0.460

DQN Closed 7.1± 0.6 0.245 0.253 0.249 0.450 0.480 0.380 0.410
Open 7.3± 0.6 0.238 0.249 0.244 0.430 0.460 0.360 0.390

PPO Closed 6.6± 0.4 0.274 0.297 0.265 0.513 0.500 0.410 0.450
Open 6.9± 0.4 0.293 0.294 0.289 0.514 0.507 0.400 0.440

SpineSAC Closed 1.4± 0.5 0.582 0.571 0.577 0.881 0.961 0.648 0.784
Open 1.5± 0.5 0.574 0.553 0.563 0.921 0.921 0.756 0.770

Intra-Ablation Study

Base SAC Closed 4.9± 0.5 0.356 0.392 0.374 0.610 0.650 0.520 0.560
Open 5.2± 0.4 0.321 0.358 0.340 0.590 0.620 0.500 0.530

HMSAC Closed 2.74± 0.4 0.489 0.510 0.500 0.770 0.790 0.560 0.700
Open 2.89± 0.4 0.461 0.487 0.474 0.750 0.770 0.590 0.640

HMSAC + CCS Closed 1.97± 0.5 0.486 0.469 0.477 0.780 0.805 0.600 0.690
Open 2.12± 0.5 0.451 0.455 0.453 0.750 0.780 0.580 0.680

HMSAC + RFE Closed 1.68± 0.5 0.524 0.546 0.535 0.830 0.850 0.630 0.710
Open 1.73± 0.5 0.516 0.537 0.527 0.810 0.840 0.650 0.720

Comparison and Ablation Analysis: Table 1 reports results across two
evaluations. In the inter-architecture comparison, Twin Delayed Deep Determin-
istic Policy Gradient (TD3) [3], Proximal Policy Optimization (PPO) [19], and
Deep Q-Network (DQN) [12] produce weak results, with TRE of 5.76±0.8mm,
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Fig. 4: Blend view comparison of SpineSAC and other methods.

Fig. 5: Blended DRR–X-ray overlay with predicted landmarks on
cadaver dataset.

6.6± 0.4mm, and 7.1± 0.6mm respectively and low similarity scores, confirm-
ing that deterministic, on-policy clipped, and value-based discrete methods all
struggle with the continuous 6-DoF registration task. The proposed SpineSAC
achieves a TRE of 1.4±0.5mm with substantially higher similarity scores across
all metrics, demonstrating improved RL performance for this task. The abla-
tion study validates each proposed component. The base SAC model yields a
TRE of 4.9 ± 0.5mm. Adding the hierarchical multi-agent framework (HM-
SAC) reduces this to 2.74 ± 0.4mm. Incorporating the Canonical Coordinate
System (HMSAC +CCS) further improves accuracy to 1.97 ± 0.5mm by pro-
viding a consistent anatomical reference frame. Adding the Rotational Feature
Encoder (HMSAC+ RFE) achieves the best result of 1.68 ± 0.5mm, confirm-
ing that each component contributes meaningfully to registration accuracy. The
views of the X-ray-DRR blend in Fig. 4 demonstrate the superior anatomical
alignment achieved by SpineSAC compared to DQN, TD3 and PPO.



8 D. K. N. and S. L. et al.

Fig. 6: (A) Intraoperative tracking view with registered CT volume in axial and
sagittal views. (B) TRE radar plot for L3, L4, and L5 vertebrae. (C) Computa-
tional and SpineSAC time comparison across three resolution levels.

Fig. 5 presents the clinical evaluation on a cadaver dataset showing the
blended DRR, X-ray overlay for AP (left) and LP (right) views. Star mark-
ers (⋆) indicate landmarks projected from the fixed X-ray and dot markers (•)
indicate landmarks projected from the predicted pose, where the spatial off-
set between corresponding pairs reflects the residual TRE, which ranges from
2.0–2.5mm on the cadaver dataset.

Fig. 6(A) shows the intraoperative tracking view with the registration result
obtained using SpineSAC, while Fig. 6(B) shows the per-region TRE radar plot
for L3, L4, and L5 vertebrae across the right pedicle, left pedicle, and spinous
process, where TRE values remain below 1.8 mm across all anatomical land-
marks. Fig. 6(C) compares the per-phase inference time across three resolution
levels (0.25×, 0.5×, 1.0×) between the computational approach [22] and Spine-
SAC, demonstrating that our SpineSAC achieves registration in 5 s compared to
45 s for the computational method, a 9× speedup.
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4 Conclusion

We present SpineSAC, a hierarchical multi-agent SAC framework for intraopera-
tive 2D-3D spine registration integrating a PCA-based CCS and RFE, achieving
a TRE of 1.45mm on phantoms and 2.31mm on cadaver data with a 9× infer-
ence speedup over the computational baseline. Ablation studies confirm CCS and
RFE together reduce TRE from 4.9mm to 1.4mm. Future work targets TRE
below 1.5mm on cadaver and below 1.0mm on phantoms through enhanced RL
exploration across broader clinical datasets.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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