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Abstract. Background: Superficial radiotherapy still relies on CT sim-
ulation for dose calculation, adding resource burden and imaging ra-
diation for benign or shallow disease. Optical surface scanning is non-
ionizing, but surface-to-CT synthesis is ill-posed because one surface can
match multiple internal anatomies. Methods: We propose SuRe-Flow
(Surface Retrieval Flow), a retrieval-augmented rectified-flow framework
for superficial synthetic CT generation. A contrastive surface encoder
retrieves topologically matched bulk anatomical priors to reduce 1-to-N
ambiguity; ControlNet injects these priors into a pretrained RF back-
bone, and a dose-aware frequency loss preserves tissue-interface detail for
electron dosimetry. Results: Trained on 20,022 patients and evaluated
on 1,000 patients, SuRe-Flow outperformed adversarial and rectified-
flow baselines, achieving 5.0 HU MAE in the superficial therapeutic zone
(020 mm). Treatment-planning-system dosimetry yielded a 96.7% 3D
Gamma Index passing rate (2%/2mm). Conclusion: SuRe-Flow enables
dosimetrically accurate surface-conditioned CT synthesis, supporting the
feasibility of CT-free superficial radiotherapy.
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1 Introduction

Superficial radiotherapy for keloids, hypertrophic scars, and non-melanoma skin
cancers still relies on CT to map electron density for heterogeneity correction.
Although these conditions are superficial and require relatively low doses (typi-
cally 12-20 Gy), this workflow burdens clinical resources and exposes a largely
young patient population to ionizing radiation solely to acquire density maps.
We investigate the feasibility of a CT-free workflow using generative models,
where synthetic CT volumes are generated directly from optical surface scans.
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This approach is grounded in the physics of electron beam radiotherapy that has
a finite therapeutic range, approximated by Rgo = E/3.2 cm [3/4]. Consequently,
the dose distribution is determined almost entirely by the superficial anatomy,
making deep internal anatomy irrelevant for dosimetry. The generative task is
therefore not to reproduce deep organs, but to accurately resolve the shallow
scattering interfaces that determine surface dose deposition.

The recoverability of internal anatomy from external topology is widely doc-
umented in statistical shape modeling, where linear regression successfully pre-
dicts deep skeletal positioning from sparse skin landmarks [7/15]. While this
deterministic coupling suggests DL, models can map surface curvature to in-
ternal density, early attempts using cGANs [2] were limited by slice-based 2D
inconsistencies and adversarial training instability. Consequently, modern cross-
modality synthesis has shifted toward Rectified Flow (RF) [12]. By modeling
complex, high-dimensional distributions via stable likelihood maximization, RF
provides a robust, volumetrically consistent way for generative modeling.

Despite the stability of RF, utilizing it as a foundational prior via a standard
ControlNet architecture encounters an ill-posed bottleneck. Mapping an external
surface to a 3D internal density field is a fundamentally ill-posed 1-to-N inverse
problem, as a single surface is physically consistent with multiple internal tissue
configurations. In terms of flow dynamics, the straight-line ODE trajectories
originating from the same surface condition conflict because they point toward
different valid internal anatomies. The standard RF MSE objective forces the
network to average these conflicting velocity vectors. We empirically observed
that this averaging results in degraded organ contrast, a finding consistent with
recent reports in other ill-posed translation tasks [TO/I3ITI].

To overcome this mode-averaging limitation, we propose SuRe-Flow (Sur-
face Retrieval Flow) that transitions the generative task from unconstrained
generation to a retrieval-augmented one. SuRe-Flow addresses the fundamental
ambiguity through three contributions. First, we encode surfaces into a con-
trastive latent space, allowing the retrieval of a structurally isomorphic patient
prior from a large-scale database. Second, we propose a Retrieval-Conditioned
Flow that injects this prior, narrowing the solution space and disentangling the
intersecting ODE trajectories. Finally, we introduce a Dose-Aware Frequency
Penalty that explicitly penalizes image smoothness, ensuring the generation of
the sharp tissue interfaces necessary for accurate dose calculation.

2 Method

2.1 Problem Formulation and Framework Overview

Let € 2 C RP*HXW denote the CT density field and ¢ € 92 denote the
corresponding surface. The objective is to learn the inverse mapping p(z|c).
This mapping is ill-posed, yielding N valid internal configurations for a single
surface c. In standard conditional RF, this 1-to-/N ambiguity creates a trajectory
conflict, resulting in velocity vector averaging and degraded tissue contrast.
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Fig.1. Overview of the SuRe-Flow architecture. The Contrastive Representation
Learning module embeds masks to construct a database for retrieving priors. The
Retrieval-Augmented Flow via ControlNet module injects the retrieved prior to con-
dition a pre-trained RF. To enforce sharp interfaces, a frequency penalty is computed
on the extrapolated target during trajectory optimization.

SuRe-Flow formulates surface-to-CT synthesis as retrieval-augmented gener-
ation to disentangle the conflicting trajectories. As shown in Fig.[I} point-cloud
surfaces and CT-derived contours are both voxelized into the same occupancy-
mask input. First, 3D body masks are embedded via contrastive representation
learning to construct an offline database comprising mask embeddings and their
corresponding CT latents. The retrieval-augmented flow module then queries
this database using the target voxelized surface to extract a reference prior. A
trainable ControlNet subsequently integrates this prior to condition a frozen,
pre-trained RF model. Finally, a standard RF loss is coupled with a dose-aware
focal frequency penalty to enforce sharp tissue interfaces.

2.2 Contrastive Representation Learning for Anatomical Retrieval

Retrieving structurally isomorphic priors via voxel-wise metrics (e.g., Dice sim-
ilarity) across a large-scale database is computationally prohibitive. To enable
efficient retrieval, we train an encoder Fyqk, based on SegResEncoder [14], to
map the surface into a compressed embedding space. The topological surface is
first voxelized into a binary occupancy mask m € {0, 1}P*H*W tq facilitate 3D
convolutions. A projection head then maps the encoder’s 512-D global average-
pooled embeddings into a 256-D space for contrastive training.

This contrastive representation is learned by minimizing the Normalized
Temperature-scaled Cross Entropy loss [1]. Positive mask pairs (1, m;) are gen-
erated via stochastic augmentations, including random affine transformations,
scaling, and elastic deformations. Negative samples comprise all other masks
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within the same batch. The loss is computed as:
exp(sim(h;, h;)/T)
SN Mgy exp(sim(hy, by ) /7)

where h denotes the 256-D projection, sim(+,-) represents cosine similarity, 7 is
the temperature scaling parameter, and N is the batch size.

Following contrastive training, we construct an approximate nearest neighbor
index of the 512-D Ls-normalized embeddings for all training masks using the
FAISS library [9]; validation/test masks are excluded. For each target, the top-5
nearest anatomical neighbors are precomputed. During training, we regularize
the generation by randomly sampling one reference prior from this top-5 neigh-
borhood. During inference, the top-1 retrieved neighbor conditions the model.

Econt = - IOg (1)

2.3 Retrieval-Augmented Flow via ControlNet

To provide a robust anatomical foundation for the ill-posed surface-to-CT trans-
lation, we leverage a large-scale latent RF model (MAISI-V2 [19]) pre-trained
on over 107k CT volumes. Freezing this generative backbone Frp preserves gen-
eralized CT representations without catastrophic forgetting.

We adapt the frozen Fry via a trainable ControlNet Fcy, that integrates
the mask condition ¢ = Fek(m) and the anatomical prior zyer = Evar(Tret),
where 2,c¢ is the retrieved reference CT and Eyag is MAISI’s VAE encoder [5].
We deliberately project ¢ to match the spatial dimensions of zyef (R‘lx% XX %)
to facilitate multi-scale conditioning and reduce GPU memory overhead.

Specifically, z; and ¢ are concatenated [z, ¢] and fed into Fey, to anchor the
generation to the target surface, while z..f is injected into intermediate blocks
of Fcir via spatial cross-attention. The queries @ are derived from Fcyp hidden
spatial features, while keys K and values V are projected from z,.s. This allows
the network to query the retrieved internal anatomy where the surface condition
is ambiguous. The target mask constrains geometry; the retrieved latent sup-
plies only an anatomical prior. The ControlNet outputs are then added to the
corresponding hidden states of Frp through zero-initialized 3D convolutions.

The ControlNet is optimized using the velocity matching objective:

1
Lae = / Euyort [llv6 (s zrer, ) — (21 — 20)|[2] dt (2)
0

where zg ~ N(0,I) and z; = Evag(x) is the target CT latent. By explicitly
conditioning the predicted vector field on z.e¢, this formulation narrows the so-
lution space, disentangling the intersecting ODE trajectories that arise from the
1-to-IN ambiguity.

2.4 Dose-Aware Frequency Penalty

In superficial electron beam therapy, accurate dosimetry depends strictly on
steep electron density gradients Vp. at tissue interfaces. To explicitly enhance
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the preservation of these high-frequency structural transitions during generation,
we introduce a dose-aware frequency penalty.

At any continuous timestep ¢ € [0, 1], utilizing a first-order Euler step, we ex-
trapolate the predicted target latent 2; directly from the current state z; [6/I6]:
21 = zt + (1 — t)vg(2t, ¢, 2ref, t). We then transform both the predicted target
Z1 and the ground-truth target z; into the frequency domain via a Fast Fourier
Transform F(-). To force the network to prioritize sharp structural boundaries,
we apply a Focal Frequency Loss [8], which utilizes a dynamic spectrum weight-
ing matrix W(u,v,w) to down-weight low-frequency global structures and ex-
plicitly penalize discrepancies in the high-frequency domain:

£freq = ]EZU,zl,t U|W(U7U,U}) © ('F(él) - ‘F(Zl))Hg] (3)

where © is the Hadamard product. According to Parseval’s Theorem, minimizing
this spectral distance guarantees a reduction of high-frequency structural vari-
ance in spatial domain. The final objective for ControlNet training is a weighted
sum of the RF loss and the frequency penalty : Liotal = LRF + AMlfroq-

3 Experiments and Results

3.1 Datasets and Preprocessing

We utilized the CADS dataset [18], comprising 22,022 CT volumes aggregated
from 100+ imaging centers across 16 countries. The dataset was partitioned
into 20,022 training, 1,000 validation, and 1,000 testing volumes. All volumes
were resampled to a 1 x 1 X 3 mm resolution. Voxel intensities were clipped
to [-1000, 1000] HU and min-max normalized to [0, 1]. External body contours
were extracted using TotalSegmentator [17].

3.2 Anatomical Prior Retrieval Analysis

We evaluated the retrieval module using DSC, ASSD, and HD95 across the
20,022-patient retrieval database (Table . The Top-1 neighbor yielded a mean
DSC of 0.9442 £ 0.05 and an ASSD of 3.12 £ 0.84 mm. Top-3 and 5 neighbors
maintained comparable alignment, validating the local neighborhood sampling
during training. Conversely, bottom-ranked matches (Bottom-1 to 5) exhibited
substantial deviation, confirming the retrieval module’s discriminative capacity.
Qualitative evaluations (Fig. [2) are consistent with these quantitative met-
rics. The visualizations show stable external contours and internal structural
proportions between the target queries and corresponding Top-5 neighbors.

3.3 Ablation Study on Anatomical Depth

To isolate module contributions, we conducted a surface-stratified ablation study.
Euclidean distance transforms generated inward from the external surface de-
fined three depth zones: Zone 1 (0-20 mm; critical therapeutic range), Zone 2
(20-50 mm; extended boundary), and Zone 3 (50-100 mm; near-field anatomy).
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Table 1. Quantitative Evaluation of Anatomical Prior Retrieval

Retrieval Rank DSC ¢t ASSD (mm) | HD95 (mm) |
Top-1 0.9442+0.05 3.12+0.84 9.19 +6.99
Top-3 0.9275 4+ 0.04 3.68 £ 1.05 11.86 4+ 8.24
Top-5 0.9077 +0.04 415+ 1.16 12.81 £9.06
Bottom-5 0.8373 +0.03 8.80 £ 3.10 19.22 +£15.20
Bottom-3 0.8335 4+ 0.04 9.45 £+ 3.45 23.38 +16.10
Bottom-1 0.8017 £ 0.05 9.90 £ 2.95 25.33 £ 17.80
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Fig. 2. Qualitative results of anatomical prior retrieval. The retrieved neighbors exhibit
similar external contours and internal anatomical proportions to the target query.

We evaluated three configurations: a ControlNet-adapted Baseline RF (sur-
face conditioning only), Baseline + Retrieval Prior, and SuRe-Flow (Baseline
+ Retrieval + Frequency Penalty). As Table [2| demonstrates, the Baseline RF
struggles with the ill-posed mapping. Integrating the retrieval prior (zpf) an-
chors the generation, reducing MAE in the critical Zone 1 from 30.2 to 5.3 HU,
with corresponding error reductions in Zones 2 and 3. Finally, the dose-aware fre-
quency penalty yields consistent PSNR improvements across all depths, ensuring
the superficial structural fidelity required for accurate Zone 1 dosimetry.

3.4 Comparison with State-of-the-Art

We benchmarked SuRe-Flow against three generative baselines: a 3D Regression
model, a 3D GAN adapted from Crowe et al. [2], and a frozen MAISI-v2 CT
generation model [I9] with surface conditioning ControlNet. To validate clini-
cal motivation, we report image metrics alongside the superficial Zone 1 MAE.
Furthermore, we simulate electron beam therapy within Monaco TPS, reporting
the 3D Gamma Index passing rate (2%/2mm) to quantify dosimetric viability.
As shown in Table [3] the Regression and GAN baselines yield high Zone
1 errors, resulting in low dosimetric passing rates. The MAISI-v2 RF achieves
improved metrics, but its lack of an anatomical prior and high-frequency con-
straints results in a Zone 1 MAE of 30.2 HU and a sub-clinical Gamma passing
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Table 2. Depth-Stratified Ablation Study on Generative Performance

Depth Zone Model Variant PSNR 1+ MAE (HU) |

Baseline RF 30.57 £1.24 302£7.1
Zone 1 (020 mm) + Retrieval Prior  35.73 £ 1.10 53+1.4
SuRe-Flow (Full) 36.83 +0.95 50+1.1

Baseline RF 19.35+£2.15 114.5+18.3
Zone 2 (20-50 mm) + Retrieval Prior  20.28 £1.85 102.7+15.6
SuRe-Flow (Full) 21.33 +1.42 94.1+12.4

Baseline RF 19.77 £2.41  121.8 £22.1
Zone 3 (50-100 mm) + Retrieval Prior  19.94 +2.10 107.3 +18.5
SuRe-Flow (Full) 20.98 +1.76 101.6 +14.8

rate. SuRe-Flow integrates both modules, reducing the superficial error to 5.0
HU, which corresponds to a 96.7% dosimetric passing rate.

Qualitative comparisons (Fig.|3) reflect the quantitative results. The Regres-
sion model produces structural blurring, and GAN introduces adversarial arti-
facts. The MAISI-v2 RF generates plausible global anatomy but exhibits spatial
ambiguity and smoothed boundaries at tissue interfaces. In contrast, SuRe-Flow
reconstructs sharp density gradients that closely align with the ground truth.

Table 3. Quantitative Comparison with State-of-the-Art Models

Method Overall Surface  Dosimetry
MAE | PSNR 1+  FID | Zone 1 MAE | Gamma 1
3D Regression 105.19 £ 25.32 20.51 + 1.30 11.46 78.5 &+ 28.5 72.3%
3D GANJ[2| 72.70 + 17.24 20.80 + 1.66 5.43 69.6 £+ 19.4 76.8%
MAISI-v2 RF [19] 36.72 £ 13.10 22.17 4+ 2.96 2.47 30.2 £ 7.1 89.4%
SuRe-Flow 32.14 + 12.86 25.68 + 2.95 1.56 5.0 + 1.1 96.7%

4 Conclusion

We proposed SuRe-Flow, a retrieval-augmented rectified-flow model for super-
ficial radiotherapy, and evaluated it on a 1,000-patient test set. The retrieval
module identified matched anatomical priors with a Top-1 DSC of 0.94, demon-
strating anatomical alignment. Depth-stratified ablation confirmed integrating
this prior with a dose-aware frequency penalty reduced deep spatial ambiguity
and superficial boundary errors. SuRe-Flow outperformed existing state-of-the-
art models. It reduced the MAE in the 0-20 mm superficial zone to 5.0 HU
and yielded a 96.7% 3D Gamma Index passing rate (2%/2mm), establishing
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Fig. 3. Qualitative comparison of synthetic CT generation across baseline models and
SuRe-Flow. SuRe-Flow preserves fine structural details and sharp boundary gradients.

the feasibility of a CT-free workflow for superficial treatments. Future work will
validate noisy/occluded optical scans and investigate 4D anatomical tracking .
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