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Abstract. Reliable fetal brain biometry is important for prenatal neu-
rodevelopmental evaluation and disease diagnosis, yet current clinical
practice relies largely on manual annotation, which is time-consuming
and susceptible to inter-observer variability. While deep learning has
been applied to automated biometry, pre-trained models tend to under-
perform when deployed in unseen clinical environments due to domain
shifts. Motivated by the lack of domain adaptation methods specifically
tailored to biometry tasks, we propose BioTTA, a backbone-agnostic,
source-free unsupervised test-time adaptation (TTA) framework that
leverages geometric consistency between landmark heatmaps and re-
gressed biometric scalars as a powerful self-supervisory signal for online
adaptation. Specifically, BioTTA jointly optimizes three complementary
self-supervised objectives at test time, namely length consistency loss,
entropy minimization loss, and boundary-gradient loss, all further con-
strained by atlas-guided anatomical priors, to enable robust adaptation
without target labels or access to source data. Extensive experiments on
multi-center datasets demonstrate that BioTTA achieves measurement
errors on target domains comparable to or lower than those of super-
vised fine-tuning, while maintaining expert-level diagnostic performance.
Code: https://github.com/birthlab/BioTTA.
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1 Introduction

Fetal MRI has been increasingly used as a complement to US imaging for con-
firming or ruling out equivocal findings . Reliable fetal brain biometry us-
ing MRI enables precision assessment of fetal brain maturation and development,
supports standardized diagnosis of brain anomalies such as ventriculomegaly
(VM), cerebellar hypoplasia, and germinal matrix hemorrhage (GMH), and fa-
cilitates gestational age (GA) estimation |§|, However, biometry on clinical
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Fig. 1. Anatomical landmarks and biometric measurements used in this study. (a—k)
RLV-A, LLV-A, RLV-C, LLV-C, BBD, CBD, TCD, FOD, VAD, VH, and CCL (see
Section 3.1 for definitions). (I-n) Axial, coronal, and sagittal views.

2D thick-slice MRI scans is inherently limited by the difficulty of acquiring truly
orthogonal reference planes in the presence of unpredictable fetal and maternal
motion, the subjectivity of slice selection and anatomical landmark placement,
and partial volume effects |12].

Recent studies show that radiologists manually annotate reconstructed 3D
MRI volumes generated via slice-to-volume reconstruction (SVR), improving
both accuracy and reproducibility . However, manual measurements on 3D
volumes remain labor-intensive and prone to inter- and intra-rater variability due
to subjective landmark placement. With the advancement of deep learning, au-
tomated landmark detection and brain biometry methods have been introduced
to solve the problem, which can be categorized into three paradigms: (1) shape
computation or direct measurement prediction based on automatic
segmentation; (2) localization and measurement via coordinate heatmap regres-
sion [1,[7,[12,[13]; and (3) reinforcement learning based on the Markov decision
processes [18].

Despite achieving reliable performance comparable to human experts [2],
existing brain biometry tools exhibit substantial performance degradation on
cross-domain datasets due to variations in data acquisition centers, scanning
equipment (e.g., Philips, Siemens, and GE), imaging protocols (e.g., TSE, FSE,
HASTE, SSFSE, TrueFISP, FIESTA, and BTFE sequences, as well as field
strengths ranging from 0.55T to 3T), and SVR methods (e.g., NiftyMic and
NeSVoR), along with the broad span of gestational ages (20 to 38 weeks) and
the diversity of brain morphological anomalies . Although domain generaliza-
tion has advanced fetal brain segmentation , it remains largely unex-
plored in biometry. To bridge this gap, we propose BioTTA, a backbone-agnostic,
source-free unsupervised test-time adaptation (TTA) framework that operates
in two stages: supervised pretraining on a labeled source domain, followed by
sample-wise adaptation on unlabeled target data without access to source data.
Specifically, three complementary TTA objectives are introduced at test time: (1)
a length consistency loss, enabled by a differentiable sparse-weighted landmark
detector that permits gradient flow from biometric measurements back through
heatmap predictions, to distill global geometric knowledge into the heatmap
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branch; (2) an entropy minimization loss that sharpens spatial confidence; and
(3) a boundary-gradient loss that anchors landmarks onto anatomically salient
edges, all further constrained by atlas-guided anatomical priors.

a. Source Domain Training

Preprocessing BioCNN or
BioFormer

Pred length Length label
Z o~ )

Original image

Downsampling Input image
L)

Registration

Normalization

Ground Truth
Croping

Fixed welghts

Pred heatmap Heatmap label”

b. Target Domain Test-time Adaptation
BioCNN or e lgth e
Input BioFormer

Atlas biometrics Atlas Input image

9
- )

d Fixed
atlas label  transformation transformation Each point

Atlas heatmap  Constrained heatmap BioTTA Result

===) Pretraining/Adapting Inference ---+ Pretraining Backpropagation ---» Adapting Backpropagation

Fig. 2. Overview of BioTTA . (a) Source domain training: a flexible backbone (BioCNN
or BioFormer) is trained to predict biometric measurements and generate landmark
heatmaps. (b) Target domain test-time adaptation: the pretrained backbone is adapted
via self-supervised optimization of geometric and uncertainty constraints, incorporating
atlas-informed anatomical priors to produce the final landmark heatmaps.

2 Method

2.1 Source Domain Training

On the labeled source domain, a shared encoder is trained in conjunction with
two task-specific decoders, one for landmark heatmap prediction and the other
for direct biometry regression (Fig. ) To evaluate backbone generality, the
architecture is instantiated with both a CNN backbone (BioCNN) and a
Transformer backbone (BioFormer). The heatmap decoder generates Gaus-
sian probability maps supervised by an MSE loss Lj,,, while the regression
decoder maps deep features to scalar lengths via global pooling, optimized with
an L1 loss L;eq:
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where H,, and H 9t denote the predicted and ground truth heatmaps, respectively.
I, and 19 denote the predicted and ground truth scalar lengths. N denotes the
number of landmarks, and M denotes the number of biometric measurements,
with N = 22 and M = 11, as shown in Fig. [l

2.2 Target Domain Test-Time Adaptation

During inference on unlabeled target data, all convolutional and fully connected
layers remain frozen, and only the affine parameters (v, ) of the batch normal-
ization layers present in the convolutional modules are updated online following
the TENT paradigm [21]. Three complementary self-supervised objectives are
proposed for TTA (Fig. 2p):

Length Consistency Loss (L., ). The regression branch, which integrates
global features holistically, is inherently more robust to domain shift than the
spatially sensitive heatmap branch. L;.,, distills its geometric knowledge into the
heatmap branch by enforcing consistency between pairwise landmark distances
and the regressed scalar measurements. However, the argmax operation for ex-
tracting landmark coordinates from heatmaps is non-differentiable, blocking gra-
dient backpropagation from the measurement space to the heatmap predictions.
A sparse-weighted differentiable landmark detector is introduced to solve the
problem. Specifically, for each predicted heatmap channel ﬁn(n =1,...,N), let
K., denote the set of spatial coordinates (i,j, k) of the top k voxels (k = 50)
with the highest activations. A weighting coefficient for each voxel is computed
as the softmax-normalized activation:

exp (H,(i,j,k)/7)
Z(i’,j’,k’)G’Cn exp (Hn(ilvj/a k/)/T) 7

where 7=0.05 controls the sharpness of the weighting. The landmark coordinate
pn € R? is computed as a weighted sum:

Pn = Z wn(imjv k) ’ (ivja k) (3>

(1,5,k)EKs

wn(ivjv k) = (2)

The Euclidean distance DS,ZZ)Z, between each pair of landmark endpoints po,,_1

and po,, is then aligned with the pseudo label D£Z;) from the regression decoder:

1 M 2
- (m) _ p(m)
b= 3y 3% ot o3 "

Entropy Minimization Loss (L.,:). To suppress background noise and
drive the model toward sharp, high-confidence peaks at the anatomical land-
marks, the Shannon entropy of the spatial probability distribution is minimized.
Specifically, for each channel of the predicted heatmap ﬁn, softmax normal-
ization along the spatial dimensions yields a probability distribution H,,, from



Maximizing Domain Generalization in Automated Fetal Brain Biometry 5

which the entropy loss is computed as:

N
1 ~ S
Eent:7NZZHH(’Lv]ak)loan(zvjvk)' (5)

n=11,5,k

Boundary-Gradient Loss (Lyouna). To leverage the prior that biometric
landmarks inherently reside on structural edges marked by intensity discontinu-
ities, image gradient magnitude is employed as a self-supervised signal to drive
predictions toward high-contrast anatomical boundaries. Specifically, the input
image x is first smoothed with the Gaussian kernel (o = 1.0) to reduce noise,
and the Scharr operator is applied to compute the 3D gradient magnitude map
G = ||Vz||2. The Hinge loss is employed to penalize predicted landmarks residing
in low-gradient regions:

N
1
£bound = N § max (07 Tgrad — G(pn)) ’ (6>
n=1

where G(p,,) is the gradient magnitude sampled at the predicted coordinate p,,
via trilinear interpolation, and 74,44 is an adaptive gradient threshold (i.e., the
median of the gradient map).

Final Loss. Liotar = MenLien + AentLent + AvoundLoound- The hyperparam-
eters Ajen, Aent and Apoung were empirically set to balance the loss terms and
kept constant across all experiments.

Atlas-guided Anatomical Priors. To enforce anatomical plausibility and
mitigate outliers, a gestational age-matched spatio-temporal fetal brain atlas [6]
is introduced as a structural prior. Specifically, ANTs (SyNAggro) is utilized to
non-linearly register the standard atlas to the target image space. The registered
atlas labels are propagated to the target space, yielding an anatomical mask (10 x
10x 10) that constrains the predicted heatmaps, thereby ensuring landmarks are
located within valid structures. Final localizations and biometry measurements
are subsequently obtained via the differentiable detector.

3 Experiments and Results

3.1 Data Acquisition and Annotation

A total of 259 fetal brain MRI images from five centers were included. Specif-
ically, source domain: WCT dataset (West China Second University Hospital,
TSE, 1.5T, SVR with NiftyMIC, n=81). Target domain for quantitative eval-
uation: FeTA dataset (publicly available [16], FSE, 1.5T or 3T, SVR with [14]
or [19], n=50) and LFC dataset (publicly available |7], FSE, 1.5T, SVR with
NeSVoR, n=>50). Target domain for diagnostic evaluation: FeTA dataset (19
normal, 21 VM) and OoD-GMH dataset (Sichuan Provincial Woman’s and Chil-
dren’s Hospital and Chengdu Women’s and Children’s Central Hospital, SS or
TSE, 1.5T or 3T, SVR with NeSVoR, 66 normal, 12 GMH-IVH). All brain
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Fig. 3. Comparison of fetal brain biometry on the FeTA dataset. The color of each
landmark indicates the Euclidean distance error from the ground truth.

volumes in WCT and FeTA were annotated following a reproducible biome-
try protocol (Fig. : Right Lateral Ventricle-Axial (RLV-A), Left Lateral
Ventricle-Axial (LLV-A), Right Lateral Ventricle-Coronal (RLV-C), Left Lateral
Ventricle-Coronal (LLV-C), Bone Biparietal Diameter (BBD), Cerebral Bipari-
etal Diameter (CBD), Transverse Cerebellar Diameter (TCD), Fronto Occipi-
tal Diameter (FOD), Vermis Anteroposterior Diameter (VAD), Vermis Height
(VH), and Corpus Callosum Length (CCL). The LFC dataset was only provided
with landmark annotations for TCD, VAD, and VH. The OoD-GMH and FeTA
datasets were annotated by an expert, with clinical diagnoses derived according
to internationally established criteria. Specifically, VM is diagnosed when atrial
width >10mm and graded as mild (10-12mm), moderate (12.1-14.9mm), or
severe (>15mm) . GMH is graded into three severity tiers according to the
modified Papile classification based on hemorrhage extent and ventricular
size. VM diagnosis is therefore evaluated on both datasets.

3.2 Experimental Settings

For quantitative evaluation, BioTTA was compared against two target-label-free
(a,b) and two target-supervised (c,d) methods: (a) Source Model, which directly
applies the pretrained model to quantify domain shift; (b) FetalSynthGen , a
domain randomization method via synthetic data augmentation; (¢) DGMLD 3],
a boundary-aware domain generalization method only for cerebellar biometry,
fine-tuned with 10 labeled target samples; and (d) Supervised Fine-tuning of the
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Table 1. Performance comparison of biometry measurements on two OoD target
datasets (FeTA and LFC). Measurement errors are reported as Meanigig (in mm).
The average row presents the mean error and the relative improvement percentage (in
subscript) compared to the source model baseline. PCM@d denotes the percentage of
measurements where the prediction error is strictly less than d (d = 4 mm). Methods
are grouped into target-label-free and target-supervised categories. Bold: best result

among target-label-free methods.

Biometry | Target-label-free \ Target-supervised
(mm) Source FetalSynthGen BioTTA DGMLD Supervised
Model |26] (Ours) 18] Fine-tuning
Target Domain: FeTA Dataset Backbone: BioCNN
RLV-A 2.34243.175 2.124 19 903 1.66511.724 — 0.88210.694
LLV-A 2.13342.797 1.74941 527 1.33110.923 — 1.287+0.840
RLV-C 1.90943.087 2.97249.725 1.81245 288 — 1.08640.940
LLV-C 1.72543.125 1.64711.992 1.63211.364 — 1.45241 201
BBD 4.16515.673 2.15741.770 1.22611.205 — 1.44541 224
CBD 2.5574+4.277 1.456+1.399 1.39511.428 — 1.368+1.180
TCD 2.1664+3.743 1.37511.909 1.61341.641 1.09141 328 2.29543 857
FOD 6.203+13.372  4.678+115.227 0.989410.901 — 1.526+1.197
VAD 2.5584+4.968  2.49514 786 1.418+1.106 2.42211 855 1.93845.271
VH 2.45043.885 3.57216.768 1.30911.099 1.805+1.170 1.34541 444
CCL 2.163+4.221  2.956+5.541 1.667+1.508 — 1.82641.725
Average ‘ 2.761 2.471(_10'50%) 1.460(_47.12%) ‘ 1773(—35.78%) 1-495(-45.85%)
PCM@4mm ‘ 87.73% 88.64% 94.77% ‘ 89.17% 95.68%
Target Domain: FeTA Dataset Backbone: BioFormer
RLV-A 2.97342.987 2.56912.256 2.47512 558 — 2.83713.069
LLV-A 2.92144.755 2.97243.377 2.25941.674 — 3.0574+4.412
RLV-C 4.0924 4 320 2.64943.254 2.35942.449 — 3.75117 593
LLV-C 2.361+2.038 2.48542.118 2.106+1.852 — 3.22843 657
BBD 5.741110.570  4.41446.550 2.144 11 449 — 1.408+1.699
CBD 5.40016.435 6.71117 573 3.40512 438 — 2.421 19 949
TCD 3.31244.153 4.69315.612 1.43511. 428 2.21541.742 2.904+5.733
FOD 11471416511 12.670421.232  2.67211 709 — 2.710+4.169
VAD 8.5594+12.241  2.57513.021 1.958+1.768 1.48741.147 1.82242 015
VH 4.37416.958 3.36116.525 1.93611.385 1.91641.252 3.697+8.406
CCL 4.67415 883 5.54217 505 2.01211 576 — 4.59115 881
Average ‘ 5.080 4.604(_9.370%) 2'251(-55.69%) ‘ 1'873(—63413%) 2.948(_41_97%)
PCM@4mm ‘ 67.05% 72.73% 84.09% ‘ 94.17% 82.05%
Target Domain: LFC Dataset Backbone: BioCNN
TCD 3.62515.697 1.8661+2.073 1.40511.534 | 10.08046.193 1.386+1.514
VAD 1.206+1.681 1.67613.058 0.98511.102 4.001+£1.913  0.90810.875
VH 1.31841.370 1.43242 038 0.962_10.985 7.701+3.798 0.941+0.901
Average ‘ 2.050 1.658(_1912%) 1.117(_45.51%) ‘ 7.261(4,254‘2%) 1.078(_4741%)
PCM@4mm ‘ 88.33% 91.67% 96.67% ‘ 25.83% 98.33%
Target Domain: LFC Dataset Backbone: BioFormer
TCD 10.945110.363 5.72846.633 2.19812.025 9.55216.668  4.22316.089
VAD 14.713+16.853 6.0531+12.845 1.503+1.200 4.22312.458 1.32841 408
VH 5.373+6.093 4.014+4.849 1.89711.359 5.99143 874 1.970+1.610
Average | 10344 5.265(4010%) 1.866( s1.06%) | 6-589( 56 30%) 2-507(75.76%)
PCM@4mm ‘ 49.17% 72.50% 91.67% ‘ 34.17% 85.00%
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source model with 10 labeled target samples, serving as a practical upper bound.
All methods are implemented with both BioCNN and BioFormer backbones for
fair comparison. The mean measurement error (in mm) and the Percentage of
Correct Measurements (PCM) are reported, with PCM@4 mm adopted as the
clinical acceptance criterion following [13|. For diagnostic evaluation, BioTTA is
benchmarked against three radiologists of increasing seniority using accuracy,
F1, and false negative rate (FNR) for disease classification and severity grading.
BioTTA Training Setup. All experiments ran on an NVIDIA H100 GPU; source
training used AdamW (Ir=10"2) for 100 epochs, while TTA used Ir=5x10"4
for 5 epochs to enable rapid distribution alignment without overfitting.

Table 2. Diagnosis and grading performance of BioTTA versus clinical experts. Acc =
Accuracy; FNR = False Negative Rate. Bold: best; Underline: runner-up.

Dataset OoD-GMH (n = 78) FeTA (n = 40)
Tasks VM Diagnosis GMH Grading VM Diagnosis VM Grading
Metrics Acc F1 FNR | Acc F1 Acc F1 FNR | Acc F1

Medical Student 0.932 0.926 0.444 0.932 0.919 0.850 0.864 0.095 0.525 0.547
Junior Radiologist 0.905 0.889 0.667 0.878 0.854 0.875 0.889 0.048 0.625 0.649
Senior Radiologist 0.959 0.960 0.111 0.919 0.913 0.925 0.923 0.143 0.675 0.639

BioTTA 0.932 0.934 0.222 0.919 0.922 0.950 0.952 0.048 0.725 0.701

Table 3. Ablation study on the FeTA dataset. Average measurement error (mm) and
relative improvement over the source model baseline are reported. Bold: best result.

Source Model . o . ° . ° ° .
Atlas Guide o . . o o o o .
Lent o o o . o o . °
Lien o o o o . o ° °
bound o o o o o . . .
Average 2.761  2.347 1.995 5.948 1.896 3.016 1.635 1.460
g — —14.99% —27.74% +115.4% —31.33% +9.240% —40.78% | —47.12%
3.3 Results

(1) Quantitative Evaluation: BioTTA consistently reduced measurement errors
across both target datasets and backbones (Table [1} Fig. . With BioCNN,
it achieved average error reductions of 47.12% on FeTA and 45.51% on LFC,
with PCM@4 mm reaching 94.77% and 96.67%, closely matching supervised fine-
tuning. With BioFormer, where baseline domain shift was more severe, gains
were even more pronounced (55.69% and 81.96%), surpassing supervised fine-
tuning on both datasets. In contrast, FetalSynthGen [26] yielded only modest
improvements, and DGMLD |[8], despite using 10 labeled target samples, de-
graded substantially on LFC when using BioCNN. (2) Diagnostic Evaluation:
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BioTTA achieved diagnostic performance comparable to or exceeding that of the
senior radiologist (Table. Specifically, it achieved the highest F1 on the grading
task of OoD-GMH and attained the best performance across all metrics for both
VM diagnosis and grading on the FeTA dataset. (3) Ablation Study (BioCNN
backbone): The complete BioTTA framework achieved the lowest average error of
1.460 mm, a 47.12% reduction over the source baseline (Table.Notably, apply-
ing entropy minimization alone, which is equivalent to TENT |21], increased the
average error to 5.948 mm (+115.4%), suggesting that entropy minimization in
isolation is insufficient and can be detrimental for biometry adaptation without
geometric and boundary constraints.

4 Conclusion

We presented BioTTA, a source-free and backbone-agnostic test-time adaptation
framework for automated fetal brain biometry that requires neither target la-
bels nor access to source data. Extensive experiments on multi-center datasets
demonstrated that BioTTA achieved accuracy comparable to or exceeding su-
pervised fine-tuning, while providing diagnostic reliability comparable to that of
senior radiologists on out-of-distribution target domain data.
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