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Abstract. Computational phantoms are widely used in medical imaging
research, yet current systems to generate controlled, clinically meaningful
anatomical variations remain limited. We present AbdomenGen, a se-
quential volume-conditioned diffusion framework for controllable abdom-
inal anatomy generation. We introduce the Volume Control Scalar
(VCS), a standardized residual that decouples organ size from body
habitus, enabling interpretable volume modulation. Organ masks are
synthesized sequentially, conditioning on the body mask and previously
generated structures to preserve global anatomical coherence while sup-
porting independent, multi-organ control. Across 11 abdominal organs,
the framework generates realistic anatomies, achieving highest fidelity
for major solid organs (e.g., liver Dice 0.83 ± 0.05). VCS yields stable
single-organ calibration over [−3,+3] and disentangled multi-organ mod-
ulation. To showcase clinical utility on a hepatomegaly cohort selected
from Merlin Dataset, Wasserstein-based VCS selection reduces distri-
butional distance by 73.6% relative to the training distribution. These
results demonstrate calibrated, distribution-aware anatomical generation
suitable for controllable abdominal phantom construction.
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Generation · Anatomical Modeling

1 Introduction

Computational anatomical phantoms underpin virtual imaging trials, radiation
dosimetry, and surgical simulation [17, 22, 4]. As deep learning systems are de-
ployed, retrospective data still undersample rare, extreme, and pathological
anatomies, precisely where failures concentrate. Phantom populations enable
controlled stress-testing by generating and enriching such regimes on demand [8].
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A useful population therefore requires fidelity (realistic, spatially coherent or-
gans), diversity (habitus/morphology/inter-organ variation), and targeted con-
trollability (clinically grounded, calibrated enrichment).

To our knowledge, no existing method satisfies all three requirements for
multi-organ abdominal shape synthesis with habitus-aware, organ-wise control.
Model-based phantom frameworks, such as the XCAT and related extensions
[17, 6], range from manual construction to scalable deep learning pipelines, but
do not support deliberate or calibrated anatomical manipulation. Fully genera-
tive approaches offer more flexibility, yet remain limited to single-organ synthesis
or uncalibrated latent interpolation [11, 15, 12]. MAISI targets paired CT image
and mask synthesis with coarse volume conditioning, but shape controllability is
secondary and does not support independent organ-wise manipulation within a
fixed anatomical context [8]. Recent controllable abdominal and full-torso gener-
ators target CT/MRI image-volume synthesis [10, 21, 23, 1] or text-conditioned
mask-and-CT generation [7], leaving habitus-calibrated, organ-wise multi-organ
shape control unaddressed.

We propose AbdomenGen, a sequential, volume-conditioned diffusion frame-
work for controllable abdominal phantom generation over 11 structures. We tar-
get the abdomen because its mix of deformable solid organs, filling-dependent
hollow structures, and compact organs with tight margins imposes strong inter-
organ constraints that stress controllable generation. Two challenges motivate
our design: raw organ-volume conditioning produces contradictory signals against
body habitus conditioning, and joint multi-organ generation struggles to main-
tain spatial consistency. Our main contributions are:

1. AbdomenGen: a diffusion framework generating 11 abdominal organs se-
quentially, each conditioned on the body mask and prior structures, for spa-
tial coherence with independent organ-wise control.

2. Volume Control Scalar (VCS): a habitus-decoupled conditioning vari-
able resolving the contradictory-signal problem of raw-volume conditioning,
giving a calibrated, interpretable size-control axis.

3. Distribution-level controllability: assigning VCS distributions matches
a target population, reducing Wasserstein distance to a hepatomegaly cohort
by 73.6% without retraining.

2 Method

Problem Formulation. Organ synthesis is modeled as conditional generation
of an organ signed distance field (SDF) as shown in Fig. 1. For organ o, let So

denote its SDF, B the body-mask SDF, Sctx
o an aggregated context SDF from

surrounding organs, and vo ∈ R a scalar size control. We learn

pθo
(
So | B,Sctx

o , vo
)
.

Shapes are represented as SDFs [19, 5], giving a smooth geometric signal on
a fixed grid.
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Fig. 1: Overview of AbdomenGen. sequential organ generation framework
based on a denoising diffusion U-Net with FiLM conditioning. To generate or-
gan oi (shown left to right for colon), the model pθi takes as input the body mask
signed distance field (SDF) B, current context SDF Sctx

i , and volume control
scalar vo. The scalar is injected through a FiLM adapter to modulate intermedi-
ate network features. The generated organ SDF Ŝoi is obtained and incorporated
into the context to form Sctx

i+1. Organs are generated in a predefined order (bot-
tom), and the accumulated outputs form the final full abdominal anatomy.

Sequential Generation Strategy. We synthesize the abdomen by generat-
ing organs sequentially in a fixed order, from large spatially defining structures
to smaller, more dependent organs. For organ oi, a fixed-size context SDF by
aggregating previously generated organs is formed as: Sctx

i = maxj<i Soj . This
representation encodes occupied space without increasing input channels as i
grows. During training, Sctx

i is built from reference mask; at inference it is con-
structed autoregressively from generated predictions.

Volume Control Scalar (VCS). We aim to explicitly control organ size, but
organ volume is coupled to global body habitus. Prior work reports associa-
tions between liver/spleen volume and anthropometric measures [13, 16], and we
observe similar trends: organ volume is partially predictable from body mask vol-
ume, with Pearson correlations of r = 0.64 (liver), r = 0.52 (kidneys), r = 0.24
(spleen), and r = 0.28 (stomach). Conditioning on raw organ volume would
therefore partially re-encode information already provided by the body mask
B and may request body–organ volume pairs not supported by the training
distribution.
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To decouple size control from habitus, we model the expected organ volume
as a linear function of body volume,

V̂oi(VB) = aiVB + bi,

with (ai, bi) fit on the training set. We define the residual and its standardized
form (VCS) as

roi = V ref
oi − V̂oi(VB), vi =

roi − µi

σi
, (1)

where (µi, σi) are the mean and standard deviation of residuals for organ i. We
apply this uniformly across organs for consistency; even when correlations are
weak (e.g., gallbladder), residualization keeps the control variable decorrelated
from global body scale while preserving anatomical coherence.
Diffusion Architecture with FiLM. A denoising diffusion model is trained
per organ [9]. At timestep t, the network input is xt = [Snoisy

o,t ; B; Sctx
o ], i.e.,

the noisy organ SDF, the body-mask SDF B, and a context SDF encoding sur-
rounding organs. We condition on the volume control scalar vo using FiLM [14]
and use x0-parameterization to predict the clean SDF: Ŝo = fθo(xt, t, vo).

Training Objective. Let Ŝoi denote the predicted SDF, Sref
oi the reference

mask, and soft occupancy map is obtained via sigmoid function as M̂oi = σ(10⊙
Ŝoi) and M ref

oi is obtained by simple thresholding. We use an ℓ1 reconstruction
loss LSDF and binary cross-entropy loss LBCE as,

LSDF = ∥Ŝoi − Sref
oi ∥1 LBCE = BCE

(
M̂oi ,M

ref
oi

)
.

Additionally, we introduce a differentiable reverse Dice penalty Lov to dis-
courage context-organ overlap. After the initial training epochs, we activate a
VCS calibration loss Lvcs, where the predicted organ volume (computed from
the generated mask) yields a standardized residual v̂i that is matched to the
target control vi:

Lov = 1−
2
∑

x M̂i(x)M
ctx
i (x)∑

x M̂i(x) +
∑

x M
ctx
i (x) + ϵ

, Lvcs = ∥v̂i − vi∥22 .

Thus, the total loss function is, L = LSDF + LBCE + Lov + Lvcs

3 Experimental Setup

Data. We use 556 abdominal CT scans from Duke University Health System,
split into 314 training, 42 internal validation, and 200 held-out test cases. Multi-
organ masks were produced by the organ segmentation framework DukeSeg [6]
and reviewed by a physician for quality control. These masks serve as reference
anatomical supervision for training and evaluation. We also evaluate distribution
matching on an external hepatomegaly cohort (from MERLIN) [2]. Volumes are
cropped to the abdominal region (liver to rectum), resampled to a 1283 grid,
and converted to signed distance functions.
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Table 1: Anatomical fidelity: generated vs. reference masks. Dice and
ASSD/HD95/Chamfer (mm) reported as Mean ± Std

Organ Dice↑ ASSD↓ HD95↓ Chamfer↓
Liver 0.83± 0.05 5.84± 2.35 17.55± 9.34 11.68± 4.69

Spleen 0.68± 0.13 6.22± 2.71 18.79± 9.23 12.44± 5.41

Kidneys 0.60± 0.23 18.34± 36.34 33.74± 58.26 36.68± 72.67

Pancreas 0.53± 0.19 6.79± 4.93 25.88± 21.76 13.58± 9.86

Stomach 0.68± 0.15 6.36± 4.15 21.48± 18.24 12.72± 8.30

Small bowel 0.48± 0.15 9.16± 6.30 31.49± 26.62 18.32± 12.60

Colon 0.33± 0.16 24.94± 17.76 78.57± 43.72 49.89± 35.51

Rectum 0.65± 0.17 5.87± 8.75 17.07± 14.98 11.73± 17.50

Duodenum 0.51± 0.22 6.52± 5.28 22.08± 19.62 13.03± 10.56

Gallbladder 0.60± 0.16 4.20± 1.33 12.39± 5.23 8.39± 2.66

Urinary bladder 0.65± 0.08 5.66± 6.68 16.04± 8.76 11.31± 13.37

Training and inference. We implement a 3D diffusion U-Net in MONAI [3]
with channel widths [32, 64, 64, 128, 256]. Models are trained for 1000 linear-β
diffusion steps to predict x0 (clean SDF) using AdamW (10−4 learning rate, 10−4

weight decay). For robustness to missing controls, we drop conditioning signals
with probability p = 0.3. A full 11-organ generation takes ∼7min/patient on an
RTX A5000 (∼38 s/organ, 10-step DDIM [18]); sequential synthesis keeps peak
memory at organ level.
Evaluation. After rigid ANTs registration [20], we report Dice, and extract sur-
face points with PCA alignment to report ASSD, HD95, and symmetric Chamfer
distance (mm). Manifold realism is assessed by nearest-training-neighbor dis-
tances (Chamfer) for both generated and test samples. Diversity is measured
via pairwise Dice/Chamfer dispersion among generated livers, and distribution
matching is quantified by the 1D Wasserstein-1 distance (W1) between generated
and target liver-volume distributions across VCS sweeps.

4 Results

4.1 Shape Fidelity and Diversity

Table 1 shows strongest agreement for the liver (Dice 0.83± 0.05), with perfor-
mance decreasing for smaller or more variable organs. Two organs stand out: the
kidneys, modeled as a single aggregate label despite being disconnected and often
Left/Right-asymmetric (Dice spread 0.60±0.23), and the colon, whose elongated
tubular anatomy is poorly captured by an SDF, producing path discontinuities.

To rule out memorization, we compare each generated sample’s nearest-
training-neighbor distance against the corresponding reference-mask distance
(Table 2). Across all 11 organs the difference ∆ stays near zero within ±1mm
Chamfer; kidneys and colon are the only exceptions, consistent with the repre-
sentation limits above. Since differences are computed end-to-end over the full
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Table 2: Manifold realism Chamfer distance (mm) for all organs reported as
Mean ± std. (A) Generated-to-nearest-training sample distance (B) reference-
test-to-nearest-training distance (empirical anatomical variability); (C) Differ-
ence ∆ = (A)−(B), near zero indicating generated shapes lie within test-set
variability.

Organ (A) Gen-vs-NN (B) Ref-vs-NN (C) Difference (∆)
Liver 11.28± 2.02 12.04± 2.41 −0.86± 2.18

Spleen 6.93± 1.58 7.19± 1.68 −0.27± 1.74

Kidneys 8.45± 11.20 5.82± 0.71 +2.73± 11.54

Pancreas 7.63± 1.89 7.34± 1.03 +0.24± 2.15

Stomach 8.53± 1.66 8.95± 1.93 −0.32± 2.35

Small bowel 14.74± 1.85 15.12± 3.40 −0.48± 3.44

Colon 33.53± 9.76 28.89± 7.23 +4.51± 9.80

Rectum 7.07± 1.78 7.50± 1.12 −0.42± 1.89

Duodenum 7.09± 1.08 7.55± 1.25 −0.42± 1.49

Gallbladder 5.41± 1.38 4.70± 0.65 +0.72± 1.05

Urinary bladder 4.98± 0.65 5.90± 1.06 −0.92± 1.20

Table 3: Liver diversity: AbdomenGen vs. MAISI. Pairwise dispersion over
generated livers (mean ± std), with MAISI reported across its usable size range.

Model Pairwise Dice↓ Pairwise Chamfer (mm)↑
MAISI (size=1.0) 0.957± 0.043 3.71± 3.43

MAISI (size=0.9) 0.803± 0.057 13.97± 4.31

MAISI (size=0.8) 0.802± 0.098 13.37± 6.69

Ours (ref masks VCS) 0.755± 0.096 17.01± 6.82

sequence, the small late-stage values indicate sequential error remains bounded
rather than compounding. HD95 also showed similar trends across all organs.

Figure 2 illustrates representative samples.

Liver diversity vs. MAISI. Table 3 compares liver dispersion against MAISI
across its size parameter. Small values (0.1–0.3) produce partially cropped livers
and are not meaningful anatomical baselines, so we restrict comparison to high-
size parameter for MAISI. Across all settings AbdomenGen attains the greatest
inter-sample variability, consistent with patient-specific conditioning producing
a broader range of plausible shapes.

4.2 Volume Controllability and Calibration

VCS ablation. We train the same architecture with raw-volume, z-score-volume,
and VCS conditioning, then sweep each and measure liver-volume targeting (Ta-
ble 4). Raw-volume targets poorly, as the request re-encodes information already
in the body mask, while z-score improves it and VCS performs best (239.1 mL,
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Fig. 2: Qualitative evaluation: Rows correspond to Liver (cyan, anteroposte-
rior view) and Spleen (pink, posteroanterior view). Columns (left to right) show
Reference Masks and VCS = −2, 0, and +2 respectively. As VCS varies, target
organ volume (below each rendering) exhibits controlled changes while surround-
ing anatomical structures remain spatially coherent.

Table 4: VCS conditioning ablation (liver). Lower MAE indicates more ac-
curate volume targeting; slope closer to 1 a stronger response to the requested
control; higher R2 more consistent calibration.

Conditioning MAE (mL)↓ Slope (→1) R2↑
Raw volume 460.3 0.39 0.13
Z-score volume 286.3 0.59 0.50
VCS (ours) 239.1 0.74 0.70

slope 0.74, R2 0.70). For weakly correlated organs the linear habitus model re-
duces VCS to a centered, scaled volume parameter while preserving a standard-
ized control axis.

Single-organ calibration. Fig 3(a) shows all evaluated organs exhibit a stable
scaling response to VCS. Normalization to baseline (VCS =0) generation en-
ables cross-organ comparison. Liver and kidneys follow a near-linear trend, while
spleen and gallbladder show amplified growth at positive VCS. The tight 95%
CIs indicate consistent realization of the requested volumes.

Distribution matching to hepatomegaly. To match a pathological target distribu-
tion, we sweep liver VCS and compute the Wasserstein-1 distance between gen-
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(a) Cross-organ VCS calibration. (b) Distribution-level calibration.

Fig. 3: (a) Mean organ volume change (∆%). Shown relative to VCS = 0
(mean ± 95% CI) as VCS is swept over [-3, 3]. (b) Kernel density estimates
of liver volumes. Training cohort (dotted), Merlin hepatomegaly reference
masks (solid), and Generated samples under the selected VCS setting (dashed).
Vertical dashed lines denote cohort means.

erated liver volumes and the Merlin hepatomegaly cohort [2]. The optimum oc-
curs at VCS= 4.9, reducing W1 from 899.5 mL (training vs. Merlin) to 237.0mL
(73.6%). Figure 3(b) shows that, at this setting, generated volumes closely align
with the Merlin distribution while remaining distinct from the training cohort.

Independent multi-organ control. Figure 4 evaluates joint liver–spleen condition-
ing. Changing one organ’s VCS shifts samples primarily along the intended axis
with minimal movement in the orthogonal dimension, indicating limited cross-
organ coupling. This enables targeted exploration of underrepresented joint con-
figurations beyond high-density regions of the training distribution.

5 Conclusion

We introduce a statistically grounded volume-conditioning strategy for control-
lable anatomical generation. Our Volume Control Scalar (VCS) parameterizes
organ size as a standardized residual relative to body habitus, yielding an inter-
pretable control axis. This enables calibrated volume modulation with approxi-
mately linear response and supports stable independent control across multiple
organs. By selecting VCS operating points to match clinically defined target dis-
tributions, the framework can synthesize cohort-calibrated phantom populations
without latent-space interpolation heuristics or post-hoc registration.
Limitations and future work. Sequential synthesis can accumulate small ge-
ometric errors across organs, volume control alone does not fully specify local
morphology, and the SDF representation performs less reliably for tubular struc-
tures such as the colon. Future work will ablate the sequential generation order,
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Fig. 4: Joint liver–spleen volume distributions under independent VCS con-
ditioning (±2). Gray contours denote the empirical training distribution; colored
clusters show diverse controlled generations.

extend the approach to additional anatomical regions, incorporate richer con-
ditioning signals (e.g., shape and tissue descriptors), and quantify downstream
impact in image synthesis, segmentation stress-testing, and simulation pipelines.
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