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Abstract. Quantitative brain biometry from MRI is essential for eval-
uating brain growth in preterm-born neonates, yet manual measure-
ment is time-consuming and suffers from inter-rater variability. Exist-
ing automation approaches require dense voxel-wise annotations that
are costly to obtain and sensitive to domain shifts. We present MEA-
SURE (Measurement Estimation via Anatomical Slice Understanding
and REgression), the first annotation-efficient deep learning framework
for Kidokoro-protocol neonatal brain biometry. Our two-stage approach
mirrors the clinical workflow: a ViT-based multi-task slice selector iden-
tifies optimal measurement planes, followed by a multi-task regression
network with measurement-specific spatial attention that jointly pre-
dicts all biometrics without voxel-level supervision. Experiments on 470
developing Human Connectome Project subjects demonstrate that ex-
plicit plane selection consistently outperforms end-to-end 3D volumetric
baselines, and our proposed predictor outperforms multi-task regression
approaches on simulated thick-slice data.

Keywords: Neonatal Brain MRI - Brain Biometry - Multi-task Learn-
ing

1 Introduction

Preterm birth affects approximately 15 million infants annually, with very preterm
infants (<32 weeks) at substantial risk for neurodevelopmental impairment [1].
MRI at term-equivalent age is essential for characterizing brain development and
injury [2, 6], where quantitative biometry—measuring anatomical structures on
standardized planes provides objective markers that correlate with long-term
outcomes [3, 5]. Common biometric measurements include transcerebellar diam-
eter (TCD), biparietal width (BPW), interhemispheric distance (IHD), deep
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Fig. 1. Overview of MEASURE. (a) ViT-based multi-task slice selector model struc-
ture. (b) Multi-task regression model with proposed SAFA, attention pooling.

gray matter area (DGMA), and left /right ventricular diameters (L-VD, R-VD).
However, manual measurement requires expertise and takes 15-30 minutes per
scan with considerable inter-rater variability (intraclass correlation coefficients
of 0.70-0.90 [2]).

For neonatal brain injury assessment using the Kidokoro system [2], the only
prior automation for it’s brain biometry quantitative measurement is the pipeline
by van Eijk et al. [7], which depends on brain segmentation requiring manual
quality control. Nearly all deep learning approaches also rely on dense annota-
tion: segmentation-based methods derive measurements from delineated bound-
aries [8,17], while landmark-based methods detect keypoints through heatmap
regression [9, 18]. The recent FeTA Challenge [12, 13] highlighted how segmentation-
reliant methods can struggle to surpass simple age-based regression.

We propose MEASURE, a framework that predicts neonatal brain biom-
etry for Kidokoro protocol [2] directly from MRI without dense annotations.
Our two-stage approach mirrors the clinical workflow: a ViT-based multi-task
slice selector identifies measurement-relevant planes, then a multi-task regres-
sion network jointly predicts measurements for each biometric. Our contribu-
tions are threefold: (1) this the first annotation-efficient deep learning framework
for Kidokoro-protocol neonatal biometry quantitative measurement, eliminat-
ing dense supervision requirements; (2) a principled two-stage design mirroring
clinical workflow; and (3) comprehensive evaluation demonstrating that explicit
plane selection outperforms end-to-end volumetric approaches.
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2 Method

The MEASURE framework operates in two stages: a multi-task slice selector
identifies measurement-relevant planes, then a multi-task predictor jointly re-
turns biometry measurements.

2.1 Multi-Task Slice Selector

The selector predicts slice-wise suitability scores and returns the Top-K most
suitable slices per task, labeled according to the Kidokoro protocol [2]. As shown
in Fig. 1(a), we use a multi-task selector for the coronal view (four heads for five
measurements, as BPW and THD share a target slice) and a single-task selector
for the axial view (DGMA).

Each slice is resized to 224 x 224 with aspect-ratio—preserving padding. From
S=29 candidates per view, we retain the top S’ slices (S'=22, ~70%) ranked
by nonzero pixel fraction, preserving anatomical ordering. Each retained slice s
is represented as a 2.5D input [4] by stacking (s—1, s, s+1) along the channel
dimension, yielding x € RS X3xHXW

From the manual target slice index ¢, for each selector head g, we derive
per-slice labels: strong positive (class 2) for s = ¢4, weak positive (class 1) for
its immediate neighbors (|s — ¢4| = 1), and negative (class 0) otherwise. This
3-class scheme models annotation ambiguity: adjacent slices are near-optimal
measurement planes, so penalizing them as hard negatives would be counter-
productive when the predictor consumes the Top-K candidates. A ViT back-
bone [14] extracts per-slice embeddings f, € R”, and task-specific 3-class heads
yield suitability scores asy = ps4(2) (the strong-positive probability), where
Ds,q(c) = softmax(z, 4). for ¢ € {0,1,2}.

2.2 Selector Objective

The selector is optimized with class-weighted cross-entropy for slice discrimina-
tion:

s G

w 1

CE~ " oq DD ., 108Pug(ysg) o
s=1g=1

where ap<aj;<asg, and G is the number of selector heads in the corresponding
view. We further use a set-level distribution loss that concentrates probability
mass within the ground-truth neighborhood:

G s
1
Acset = _a gz:; Sz:; 4s,g log Ts,g (2)

where 7, j=softmax, (55 4) with 55 g=>"_c-ps 4(c), and gs 4 is a triangular target
(1,2,1) centered at ¢, normalized. The final loss is Lsel = S1LEE + 52 Lset-
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2.3 Multi-Task Biometry Predictor

As shown in Fig. 1(b), the model receives three slices (center, 2 neighbors) with
three coordinate channels [21]. A pretrained ResNet-34 [22] extracts feature maps
F c RCXHXW'

Slice-and-Structure Aware Feature Augmentation (SAFA). SAFA
addresses two challenges in 2.5D biometry prediction: (1) limited through-plane
context from single-slice features, and (2) spatially varying complexity across
brain regions.

Through-plane augmentation: For the 3 neighboring slices in input (s_1, g, $41),
we compute inter-slice difference maps AT = 5,1 — 5o and A~ = 59 —s_1. A
lightweight CNN 1) encodes these differences, and the output is fused with back-
bone features F via learned projection:

F' =F + v Convix (¥([AT; A7) (3)

where - is a learnable scale initialized to O.

Spatially adaptive routing: The features F’ are processed by parallel fine and
coarse branches. The fine branch applies dilated depthwise convolutions [26, 27|
at the F’ spatial size to capture high-frequency structural detail. Coarse branch
uses a strided convolution followed by bilinear upsampling, capturing global
context. Their outputs Fane, Feoarse € RE*H*W are blended pixel-wise via a
soft routing mask:

Fout =r@© Fﬁne + (1 - I‘) © Fcoarse (4>

where r = o((c — 7) - t) € [0,1]7*W. Here c is a Sobel-derived edge complexity
map computed from the center input slice, 7 is a fixed threshold, and ¢ is a learn-
able temperature controlling routing sharpness, encouraging r toward binary de-
cisions at high values. Specifically, complexity map is normalized per-sample to
[0, 1], 7 is fixed as the midpoint of [0,1].

Measurement-Specific Attention Pooling. Motivated by spatial attention
mechanisms [31], each of the N measurements learns its own spatial attention
map over the routed feature map Foy € REXTXW rather than sharing a single
global average pooling operation:

a; = softmax(¢;(Fout)+Ab;), m; = Z a;(h,w)Four(h,w), i=1,..., Nneas.
h,w

(5)
where ¢; : REXHXW _y REXW g 5 learnable attention head and b; € R¥*W
a learnable spatial prior (shown in Fig. 1(b)), yielding measurement-specific
feature vectors m; € R for individual regression heads.

Anatomical Attention Regularization (AAR). Three terms regularize the
attention maps: symmetry (applied only to L-VD and R-VD, whose attention
maps should be horizontal mirror images), smoothness (spatial coherence, ap-
plied to all six maps), and distinctiveness (penalizing cosine similarity between
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Fig. 2. Visualization of 6 measurement pooling attention maps for a subject.

all map pairs):

6

Laar = lla ~ i, (ar) [+ = S (IVaai 11V, a:]1) + 3 max(0, (4, 4,) — 7)
i=1 i#j

(6)
where ay,,ag € R?*W denote the attention maps for L-VD and R-VD respec-
tively, flip,, denotes flipping, a; = aflat/||afla ||y is the flattened and £3-normalized
attention map, and 7,4 is a margin controlling the distinctiveness penalty (distinct
from the routing threshold 7). As shown in Fig. 2, the learned spatial attention
weighting maps are anatomically accurate even without voxel-level supervision.

| =

2.4 Predictor Objective

For each measurement 4, heads predict a value §; and log-variance logo?. The
loss combines four terms. Concordance Correlation Coefficient (CCC) loss [25]
directly optimizes clinical agreement:

2050ypgy (7)
o5 + 05+ (g — y)?

Locc=1-

Negative log-likelihood [30] loss:

1 o, (y—9)?
Lnir = 3 log o + 92 (8)
A bilateral symmetry constraint penalizes left /right ventricular prediction dif-
ferences beyond a learnable margin: Ly, = ReLU(|§ — gr| — m). The final

objective combines these with MSE loss and AAR regularization:
Lored = a1 Loce + asw(e)Lnir + azlyse + @aloym + asw’'(€)Laar  (9)

where w(e)=min(1, e/20) warms up the NLL term. For the AAR regularization,
w'(e)=min(1, max(0, (e—10)/20)) implements a delayed start: or can cause the
model to lock onto incorrect anatomical regions if starts too early.

3 Experiments

3.1 Dataset and Preprocessing

We use the developing Human Connectome Project (dHCP) [11], a publicly
available neonatal brain MRI dataset acquired at 3T with T2-weighted sequences
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Table 1. Biometry prediction performance and ablation study. 15%, 2°¢ = 3td
T higher is better; | lower is better.

ICC 1 Pearson r 1 MAE |

Method Type TCD BPW R-VD L-VD DGMA IHD TCD BPW R-VD L-VD DGMA IHD TCD BPW R-VD L-VD DGMA IHD
Comparison Methods

PMA - 697 722 052 222 367 .032 .730 .735 .060 463 149 1.80 4.88 110 091 085 0.86
SUNETRV2 3D ©.649 .787 .104 .094 .758 .10l : .690 .807 .192 781229 0200 2.68 093 1.08 055 0.80
BrainAge 3D 780 .903 .459 552 .821 .416 - .805 .909 .505 835 445 164 1.84 082 092 049 0.83
ViT3D 3D 675 .812 175 .259 731 .16l : .710 .825 .246 750 272 0197 263 094 1.02 059 0.80
MECDS? 2D | 816 907 622 .673 814 418 853 915 .666 832 479 143 1.88 0.69 077 048 0.77
SePL! 2D 0 .800 .909 .629 .660 .824 .352 - .842 924 673 848 438 0 150 176 0.69 0.78 047 0.76
MEASURE (Ours) 2D .847° .924" .674" .722" .837 .485" .880" .930 .711" .759" .855 .564 1.33" 1.62" 0.66 0.73 0.46 0.71"
Ablation Study (MEASURE variants)

Base — 1734 904 447 558 .806 367 :.763 912 511 .627 .821 424 : 1.73 188 0.82 0.88 0.51 081
w/o Attn Pool & AAR 828 919 596 .673 833 .502 .840 .920 .635 .702 .841 525 152 181 0.3 080 048 0.76
w/o SAFA 857° 920 .699° .748° 829 459 : 870 .924 .718° .770° 836 500 - 1.34 1.77 0.64° 0.71° 0.48 0.76
Full Model - 0 .847 .924 674 .722 .837 .486  .880 .930 .711 .759 .855 .564 1.33 1.62! 066 0.73 046 0.71!

¥ Input slices chosen by our selector. ~ Sig. better than 2"%-best comparison method
(p<0.05). 1 Sig. better than w/o SAFA (p<0.01). ° Not statistically significant.

at isotropic resolution. We select 470 subjects scanned at term-equivalent age
(36—42 weeks PMA), consistent with the Kidokoro scoring system [2]. Expert
measurements for six biometrics were obtained by a single experienced clin-
ician following the Kidokoro protocol measurement procedure [2]. Intra-rater
reliability, assessed via re-measurement at a >3-month interval on a randomly
sampled 97-subject subset. Routine clinical neonatal MRI typically uses thick-
slice acquisitions due to time constraints and motion sensitivity [29]. To evaluate
under thick-slice conditions, we simulate clinical acquisitions by first applying a
Gaussian slice profile along the through-plane axis, downsampling to 5 mm slice
thickness and 0.8 mm in-plane resolution via bilinear interpolation, and adding
Rician noise [28] to both axial and coronal views. Expert measurements for six
biometrics are obtained following the Kidokoro protocol. All experiments use
5-fold cross-validation with subject-level splits, reporting Intraclass Correlation
Coefficient (ICC), Pearson r, and Mean Absolute Error (MAE).

3.2 Neonatal Biometry Prediction

We compare against three baseline categories: PMA regression as the lower
bound [12]; 3D models (SwinUNETR-V2 [10], 3D ViT [15], BrainAge [16]) to as-
sess whether explicit plane selection outperforms end-to-end volumetric regres-
sion; and recent multi-task regression methods adapted from related domains
(MECDS [19], SePL [20]), as no DL prior exists for Kidokoro neonatal biometry.
For 2D methods, inputs are slices chosen by our selector. van Eijk et al. [7] is
the only prior automated Kidokoro pipeline, but is not open-sourced and was
validated on a private dataset, precluding direct comparison.

Table 1 shows MEASURE ranks first across all six biometrics and all three
metrics, with statistically significant improvements on the majority of com-
parisons. 3D models consistently underperform 2D slice-based methods, vali-
dating our two-stage design: explicit plane selection concentrates features on
measurement-relevant anatomy, while 3D networks must simultaneously local-
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Table 2. Bland-Altman analysis [23]: model vs. human intra-rater variability (>3-
month interval). LoA Ratio <1 indicates model is more consistent than human re-
measurement.

Measure Human BLoA Model BLoA LoA Ratio Coverage

BPW —0.24 (=7.77; 7.30) 0.71 (—4.37; 5.79) 0.66 (0.45; 1.10)  97.7%
IHD —0.32 (—2.22; 1.57) —0.01 (—1.84; 1.82) 0.99 (0.77; 1.29)  90.8%
TCD 0.17 (—2.47; 2.80) 0.12 (—3.29; 3.53) 1.28 (1.04; 1.64)  88.5%
DGMA —0.13 (—1.39; 1.13) —0.11 (—1.36; 1.14) 1.17 (0.90; 1.48)  90.8%
L-VD —0.37 (=3.04; 2.30) 0.05 (—1.92; 2.03) 0.73 (0.62; 0.87)  97.7%
R-VD —0.30 (—2.79; 2.18) 0.09 (—1.60; 1.69) 0.68 (0.54; 0.88)  98.9%
Table 3. Ablation on selector loss components.
Top-1 Recall@2

Cross - Class-wtd Set-level 1y ppw g yp 1.vD DGMA TCD BPW R-VD L-VD DGMA

Entropy CE loss
v X X 933 .833  .833 .967 933 1.00 .900 1.00 1.00 1.00
X v X .967 .867 .833 900 .967 1.00 .933 1.00 1.00 1.00
X X v 900 .833 .800 .933 900 1.00 .900 1.00 1.00 967
X v v .867 .867 .867 1.00 933 1.00 .967 1.00 1.00 1.00

ize and measure. Performance varies by structure: BPW and DGMA are well-
predicted across methods (ICC > 0.80), while THD is the most challenging due
to its narrow dynamic range (~2mm); its MAE of 0.71 mm remains clinically
acceptable despite low ICC. Ventricular measures show the clearest benefit from
measurement-specific attention pooling, confirming that lateralized structures
require spatially distinct attention. For contextual reference, van Eijk et al. re-
ported ICCs of 0.50-0.85 on the six shared biometrics using a segmentation-
dependent pipeline with manual quality control [7], broadly consistent with
MEASURE’s range. Table 2 further shows that for BPW, L-VD, R-VD, and THD,
model variability is narrower than human intra-rater variability (LoA ratio < 1),
with R-VD and L-VD achieving ratios of 0.68 and 0.73 at >97% coverage. The
ablation (Table 1, lower) reveals Attention Pooling as the most impactful com-
ponent. To validate SAFA and AAR, we apply paired Wilcoxon signed-rank
tests with Benjamini-Hochberg FDR correction [24] across all 12 ablation com-
parisons. SAFA yields FDR-significant MAE improvements on BPW and THD
(prprR=0.036 each), the two structures most sensitive to through-plane context
and fine-grained spatial detail. AAR shows a trend toward BPW improvement.
Cells where ablated variants numerically exceed the full model are marked ° in
Table 1, none are statistically significant after correction. The apparent ventric-
ular ICC advantage of w/0o AAR is expected: the symmetry loss compresses
predicted L/R asymmetry, slightly reducing prediction variance and ICC for
lateralized structures. We consider this a deliberate trade-off for anatomically
interpretable attention maps (Fig. 2).
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Table 4. Cross-domain evaluation on the FeTA 2024 dataset using MAE and ICC.

MAE (mm) | ICC 1
Model 1bBIP sBIP HV LCC TCD bBIP sBIP HV LCC TCD
GA only : 291 3.50 1.27 2.84 2.55 :0.937 0.916 0.817 0.809 0.895

Image only 1 3.69 4.34 1.52 298 2.52,0.852 0.835 0.751 0.749 0.862
Image + GA'! 288 3.16 1.51 2.91 2.09 10.932 0.921 0.729 0.799 0.916

3.3 Ablation Study

Selector Objective. Table 3 compares selector objectives. Since the predictor
consumes top-2 candidates, we report Recall@2. The adopted objective (class-
weighted CE + set-level loss) provides the most stable top-2 retrieval, achiev-
ing near-perfect Recall@2 across measurements with competitive Top-1 perfor-
mance.

Cross-domain Evaluation on Fetal Brain Biometry. To assess architec-
tural generalizability, we adapt MEASURE to fetal brain biometry using the
FeTA 2024 Challenge dataset [12,13] (70 subjects, 21-35 weeks GA). This eval-
uation tests whether our two-stage design transfers to a fundamentally different
population (fetal vs. neonatal) and gestational range (21-35 vs. 36-42 weeks),
rather than evaluating thick-slice robustness. The FeTA dataset provides only
isotropic reconstructions, which we use directly without any simulations.

We retain core components (ViT slice selector, ResNet-34 with SAFA, mea-
surement specific attention pooling) while replacing prediction heads for five fetal
targets (bBIP, sBIP, HV, LCC, TCD). Following the challenge protocol, GA is
provided as input. Table 4 shows the image-only configuration failed to converge,
consistent with FeTA 2024 findings where most methods could not surpass GA-
only regression [13]. We attribute this to limited training data and anatomical
variability caused by domain differences. The image+GA configuration improves
predictions for larger, visually distinctive structures (TCD, sBIP), while smaller
structures (HV, LCC) show no improvement over GA-only. These results demon-
strate evidence of architectural adaptability, and that learned image features
provide complementary value for sufficiently salient structures (TCD, sBIP),
consistent with FeTA 2024 challenge findings [13]. This result highlighting the
inherent difficulty of fetal biometry from T2w image for further research.

4 Conclusion

We presented MEASURE, a deep learning framework for neonatal brain biom-
etry that does not require voxel-level dense annotations. By decomposing the
problem into slice selection and measurement-specific regression—mirroring clin-
ical workflow, our approach achieves strong agreement with expert measurements
while eliminating dense annotation requirements. Experiments on the dHCP
dataset demonstrate consistent improvements over both 3D volumetric and 2D
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slice-based baselines, and cross-domain evaluation on the FeTA 2024 dataset
confirms architectural transferability. Limitations include evaluation on simu-
lated thick-slice data from a single site. bridging the domain gap to real clinical
thick-slice acquisitions with potential motion artifacts will require further vali-
dation.
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