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ABSTRACT

Conditional atlases aim to represent phenotype-dependent anatomy, but conventional template and registration
measures do not directly assess condition representativity. Condition representativity refers to how well the spec-
ified phenotype is reflected in the generated atlas. To improve this property, we propose perturbed-condition
training. For the same target image, the method compares templates generated from matched and perturbed con-
ditions, and encourages lower dissimilarity for the matched condition. The proportion of comparisons in which the
matched condition yields lower dissimilarity is termed the matched-condition win rate. We evaluate the method
on 1,120 femoral computed tomography (CT) volumes from the New Mexico Decedent Image Database! using
5-fold subject-level cross-validation, conditioning on age and weight. Compared with a conventional conditional-
template baseline, our model increases a template Dice score from 0.871 to 0.903 and a post-registration Dice
score from 0.885 to 0.929, while matched-condition win rates improve by 16.5-26.9 percentage points across the
two attributes, with no observed deformation folding. These results suggest that perturbed-condition training
improves condition representativity while preserving template and registration performance.

1. INTRODUCTION

Conditional atlases aim to capture anatomical variation associated with subject attributes by generating condition-
specific templates. The conventional method generates templates from subject attributes and aligns them to
individual subjects through deformable registration.? However, a conditional template may remain close to
the population template, and the registration may compensate for this template—subject condition mismatch.
Therefore, template similarity and registration accuracy may not fully reflect how well the supplied condition is
represented.

Recent work has improved conditional atlas construction in many directions. Adversarial training has im-
proved template image quality and sharpness.> CAS-Net jointly generates age-specific fetal-brain atlases and
tissue segmentations.* Diffeomorphic formulations have modeled condition-dependent anatomical variation,’
while AtlasMorph jointly learns intensity and label templates with improved atlas centrality.® However, these
approaches primarily focus on atlas construction and registration quality. They do not explicitly enforce whether
the supplied condition is represented in the generated atlas.

This paper introduces perturbed-condition training to improve condition representativity. For each target
subject, we call its recorded phenotype the matched condition and a valid alternative phenotype the perturbed
condition. The method encourages lower target dissimilarity under the matched condition than under the
perturbed condition. We quantify the condition representativity using the matched-condition win rate, which is
the rate at which the matched condition yields a lower dissimilarity. Our experiments evaluate femoral atlases
conditioned on age and weight on CT data from the New Mexico Decedent Image Database (NMDID).%7

2. METHOD

We propose perturbed-condition training to construct conditional atlases that better represent specified pheno-
types. To this end, we define condition consistency. It requires that for a given subject, the matched condition
yields lower target dissimilarity than a valid perturbed condition in both the generated template and its registered
output (Fig. 1).
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Figure 1. Overview of perturbed-condition training. Matched and perturbed conditions pass through shared
template-generation and registration networks. The condition consistency objectives encourage the matched condition to
yield lower dissimilarity to the target anatomy throughout template generation and registration.

2.1 Conditional Template Generation and Registration

Let I; € REXWXD {enote the -th femoral CT volume, and let ¢; € C denote its normalized condition vector,
such as [age, weight]. Our conditional template follows a standard formulation,? defined as:

T; =T(ci) = To + gi(ci), (1)

where Ty is the fixed voxelwise mean and g; predicts a condition-dependent residual. The shared decoder g;
produces the full-resolution residual from a trilinearly upsampled half-resolution feature map. The registration
network®? takes the conditional template and target image as input and predicts a stationary velocity field.
Exponentiating this field gives the forward and inverse deformations:

v; = go(T(¢1), I), uﬁWd = exp(v;), uinv = exp(—v;), IA, =T(c;) o utvd, (2)

3

where ude and ul™ are the forward and inverse deformations, and I: is the registered template. The base

obJectlve comblnes mean squared error (MSE) with centrality, smoothness, and deformation-magnitude terms:
ﬁbase = MSE(I27 IZ) + )\center”ﬂng + )\smootthu?Nd”% + Amagnitude||u£Wd”§7 (3)

where the quantity @ is a running estimate of the population mean inverse deformation. Its penalty follows
unbiased atlas construction and keeps the template centered on the population.? '°

2.2 Perturbed-Condition Training

We improve condition representativity by maintaining condition consistency. Let ¢;” be the recorded condition
for subject 7, called the matched condition. During training, a perturbed condition c; is sampled uniformly
within the valid attribute range, with a minimum normalized difference § from the matched value for each changed
continuous attribute. Both conditions are fed into the shared decoder g; to produce templates T;r = T(c;r) and
T =T(c; ), which are independently registered to the same target image with the shared registration network:

LF =T} oexp(go(T, 1)), I, =T, oexp(gu(T}, 1)) (4)

Two condition consistency objectives enforce lower image dissimilarity for TiJr than 7, and for f;r than 1/';_:

L8P = max (0, mempt + MSE(I;, T;7) — MSE(I;, 7)) (5)

L = max (o, Mreg + MSE(I;, I.") — MSE(I;, T;)) , (6)
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Figure 2. Qualitative comparison for one subject. Two Figure 3. Template variation with age. Other at-
orthogonal slices, templates from the population baseline, tributes are fixed. Top: templates for ages 30 to 90 years.
conditional baseline, and our method, and their absolute Bottom: differences from the 60-year-old template. Tem-
differences from the target. Our template shows smaller plates change progressively with age, indicating sensitiv-
visual differences from the target than the baselines. ity to the conditioning attribute.

where mympr and myeg specify the minimum MSE advantage required for the matched condition at the template
and registration stages, respectively. These condition consistency objectives encourage lower dissimilarities under
the matched condition.

Registration can compensate for differences in the generated templates, allowing high registration accuracy
to coexist with weak condition representativity. The two terms enforce condition consistency by working jointly
on template generation and registration:

L = Lpase + )\tmpl»cgrcnpl + Arcgﬁgig. (7)

3. EXPERIMENTS AND RESULTS
3.1 Experimental Setup

Our experiments evaluate whether perturbed-condition training improves condition representativity while pre-
serving template similarity and registration performance. We used 1,120 foreground-masked femoral CT volumes
from NMDID.»7 Five-fold subject-level cross-validation kept both femurs of each individual in the same fold.
Each held-out fold contained 224 volumes, and Table 1 reports mean + standard deviation across folds. Volumes
were centered on the femoral foreground, cropped to 160 x 192 x 416, and independently min-max normalized
to [0,1]. Age and weight were normalized using training-fold ranges.

We compared an unconditional population baseline, a conventional conditional-template baseline,? and our
perturbed-condition training model. The conditional baseline and our model share the same template generator
and registration network. Models were trained for 1,000 epochs using the Adam!! optimizer with learning rate
104, batch size 1, and 100 steps per epoch. For conditional models, the registration network was frozen for 400
epochs while the template generator used direct reconstruction, followed by 600 epochs of joint optimization.
Checkpoints were selected by the lowest validation loss. The same preprocessing, folds and total number of
training steps were used for all models. We set A¢mpl = Areg = 1.5, Acenter = 1, Asmooth = 0.02, Anagnitude = 0.01,
Mimpl = 3 X 1074, Myeg = 4 x 107% and 6§ = 0.2.

Template similarity and registration performance were evaluated using the Dice coefficient (Dice), 95th-
percentile Hausdorff distance (HD95), average symmetric surface distance (ASSD), and the percentage of voxels
with a non-positive Jacobian determinant, reported as Fold. Condition representativity was evaluated with the
matched-condition win rate and the mean matched-condition error gaps

Ntcst
[MSE(L»,TZ._) — MSE(IZ»,TZ*)} y o Areg

Ntcst

! [MSE(Q, I7) — MSE(L, ff)} . (8)

Ntest

A
=1

The win rate is the percentage of test pairs for which the matched condition gives lower error than the perturbed
condition. A value above 50% indicates that the matched condition wins more often. A positive error gap



Table 1. Template similarity and registration performance for the population baseline, conditional baseline, and
our method.

Template Similarity Registration Performance
Method Dice 1 HD95 (mm) | ASSD (mm) |} Dice 1 HD95 (mm) | ASSD (mm) | Fold (%) |
Pop. 0.853£0.031 6.214+0.67 2.114+0.57 0.855+0.018 6.101+0.41 1.93+0.34 0.0000

Cond. 0.871£0.024 5.56+0.93 1.73+£0.28 0.885+0.023 5.16+0.64 1.66£0.30 0.0000
Ours 0.903+0.036 5.08+0.60 1.79+0.17 0.9291+0.031 4.42+0.27 1.35+0.22 0.0000

Table 2. Condition representativity evaluation and loss ablation. T-only and R-only retain only the template or
registration contribution to the condition consistency objective, respectively.

a eight: — e: — ears

(a) Weight: 40-120 kg (b) Age: 30—-90 y:

Metric Cond. Ours T-only R-only Metric Cond. Ours T-only R-only
Template win (%) 1 60.1 78.3 63.5 55.1 Template win (%) 1 65.1 81.6 64.7 57.9
Agmpt T 8.54x107% 1.26x1073 5.92x107* 6.91x107°%  Agmp T 1.38x1072 2.50x1072 4.50x10° 5.16x10~°
Post-reg. win (%) 1 65.9 92.8 60.1 91.9 Post-reg. win (%) 1 62.5 86.8 52.0 83.6
Aveg T 3.93x107% 1.65x1072 1.03x107°% 1.53x1072  Ayee T 3.12x107% 1.14x1072 3.26x10~7 7.14x10~3

indicates a mean advantage for the matched condition. Attribute-specific tests in Table 2 compare one evaluated
attribute while holding the others fixed.

3.2 Template Similarity and Registration Performance

Our templates show smaller visual differences from the target than the population and conditional baseline
templates (Fig. 2). When age varies and other attributes are fixed, the age sweep shows progressive template
changes across the evaluated range (Fig. 3). This qualitative result complements the pairwise measures by
showing that nearby conditions do not produce visually abrupt changes.

The conditional baseline improves most measures over the population baseline. Our model gives the high-
est template Dice, lowest template HD95, and best post-registration Dice, HD95, and ASSD (Table 1). The
conditional baseline has a slightly lower template ASSD than our model. No folding was observed for any
method.

3.3 Condition Representativity and Ablation

The conditional baseline improves average template and registration metrics over the population baseline, but
matched-condition win rates are only 60.1-65.9% for the evaluated attributes. Together, Tables 1 and 2 indicate
that average similarity and condition representativity capture different aspects of performance. For weight, our
model raises template and post-registration win rates from 60.1% and 65.9% to 78.3% and 92.8%. For age, they
rise from 65.1% and 62.5% to 81.6% and 86.8% (Table 2).

The post-registration-only variant (R-only) accounts for most of the post-registration gain, reaching 91.9%
for weight and 83.6% for age. The template-only variant (T-only) does not reliably preserve its initial advantage,
consistent with registration compensating for template differences. The combined model gives the highest win
rates at both stages, suggesting complementary roles between L£I7P! and L£7¢9.

4. CONCLUSION

We introduced perturbed-condition training to improve representativity in conditional femur atlases. Our method
enforces condition consistency, requiring the matched condition to yield lower target dissimilarity throughout
template generation and registration. We evaluated conditional femur atlases conditioned on age and weight
using NMDID femoral CT. The proposed method improves most template and post-registration measures and
increases matched-condition win rates, with no observed deformation folding. These results suggest that condition
consistency improves representativity and that registration metrics alone do not fully capture this property. The
current evaluation is limited to attribute values within the observed age and weight ranges. Future work will
evaluate the method across additional anatomical structures and phenotype distributions, including cardiac and
neuroimaging applications.
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