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Abstract. Standard plane localization is a critical prerequisite in ultra-
sound scanning for disease diagnosis. Although three-dimensional (3D)
ultrasound acquires volumetric data superior to two-dimensional (2D)
imaging, manually localizing multiple standard planes simultaneously
within 3D volume remains labor-intensive and prone to inter-observer
variability. To address this, we propose an anatomy-aware multi-task
learning framework with structural prior integration and inter-plane ge-
ometric constraints to jointly localize multiple standard planes. To val-
idate the effectiveness and generalizability of our method, we curated a
multi-center dataset comprising 800 fetal brain volumes. Our approach
outperforms state-of-the-art methods, achieving localization errors of
1.09 mm / 3.85°, 1.11 mm / 3.93° and 1.20 mm / 4.03° on three key
standard planes of the fetal brain (i.e., the transventricular plane, the
transthalamic plane and the transcerebellar plane, respectively). These
findings underscore the method’s potential to enhance clinical ultrasound
scanning workflows.

Keywords: 3D ultrasound · Fetal brain · Standard plane localization ·
Multi-task learning · Geometric constraints

1 Introduction

Fetal brain ultrasound, as a non-invasive imaging modality, plays a pivotal role
for assessing neurodevelopment and detecting anomalies [3]. Clinical guidelines
require acquisition of several standard planes (SPs), including transventricular
(TV), transthalamic (TT), and transcerebellar (TC) planes [6] (see Fig. 1). Each
of these planes contains key anatomical structures [19]. Although 3D ultrasound
enables full brain volume capture and retrospective SP extraction, automated
SP localization remains challenging due to poor image quality, large 3D search-
ing space, and high inter-subject anatomical variability. Robust and precise SP
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(a) TV plane (b) TT plane (c) TC plane (d) Fetal brain SPs

Fig. 1: Examples of standard planes in 3D fetal brain ultrasound.

localization is essential to boost diagnostic efficiency and to reduce operator
dependency.

Existing approaches for standard plane localization in 3D ultrasound can be
broadly categorized into two paradigms. The first paradigm treats the task as
2D slice classification, where densely sampled planes are classified using hand-
crafted features [13] or deep convolutional neural networks [1, 2]. To improve
the performance, recent studies have incorporated attention mechanisms [9, 15]
and multi-task learning [4, 5]. Additionally, anatomical prior knowledge has been
leveraged to enrich feature representations [12, 23] or to constrain the searching
space [14, 18]. However, 2D-based approaches ignore 3D geometric consistency
and are sensitive to sampling strategies.

The second paradigm directly estimates continuous plane parameters from
the volume [10]. These approaches often employ anatomical landmarks or refer-
ence planes to initially restrict the solution space firstly [16, 21]. Reinforcement
learning [7, 22, 25] and diffusion models [8] have also been explored to iteratively
refine plane estimates. Such multi-stage strategies or iterative optimization are
struggling with error propagation, initialization bias and computational cost.

Despite progress, current methods still struggle to achieve robust and precise
SP localization that fully exploits the rich anatomical and spatial context em-
bedded within 3D ultrasound volumes. Critically, each SP is defined by specific
anatomical structures, thus integrating detailed structural priors holds consider-
able promise for improving localization accuracy. Moreover, multiple SPs derived
from the same fetal organ exhibit well-defined geometric relationships (as shown
in Fig. 1(d)). However, Current approaches typically predict them independently,
thereby ignoring valuable inter-plane constraints and forgoing opportunities for
shared representation learning.

To address these limitations, we propose a unified framework to jointly esti-
mate the parameters of multiple SPs by explicitly integrating anatomical struc-
ture information. The main contributions are summarized as follows:

1. We formulate multi-plane localization as a multi-task learning problem, en-
abling shared representation learning across SPs and thereby enhancing both
computational efficiency and inter-plane consistency.

2. We incorporate segmentation mask of key anatomical structures not only to
guide image feature extraction but also to serve as direct geometric cues for
plane parameter prediction.
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Fig. 2: Overview of our proposed anatomy-aware multi-plane localization frame-
work. The segmentation network (Stage 1) produces an anatomical mask, which
is fused with the ultrasound volume for joint multiple plane localization (Stage
2).

3. We introduce a novel inter-plane geometric constraint loss to explicitly en-
codes the known spatial relationships among SPs to regularize the joint
prediction process.

2 Method

Our method comprises two sequential stages, as illustrated in Fig. 2. In the first
stage, we use a 3D segmentation network to delineate key anatomical structures
within the fetal brain ultrasound volume, producing a voxel-wise anatomical
mask. In the second stage, we introduce an anatomy-aware localization module
for joint localization of the three standard planes of the fetal brain: TV, TT, and
TC. Specifically, both the 3D ultrasound volume and the predicted anatomical
mask are processed by a multi-task regression network, which simultaneously
predicts the parameters of all three planes. This unified design explicitly in-
tegrates structural priors to guide accurate and geometrically consistent plane
localization.

2.1 Anatomical Structure Segmentation

Standard planes in 3D ultrasound are defined by the presence and spatial ar-
rangement of specific anatomical structures. To encode this prior knowledge, we
employ a VB-Net [17] to segment the input 3D ultrasound volume and gener-
ate voxel-wise labels of key anatomical structures in the fetal brain. We adopt
the original network architecture while optimizing the training configuration for
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our specific dataset and task. To accommodate our ultrasound dataset, all in-
put volumes are resampled to isotropic spacing of 1.0 × 1.0 × 1.0 mm3 using
linear interpolation. All other training settings follow the coarse model config-
uration described in [17]. The resulting segmentation mask provides structured
anatomical priors for informing the subsequent plane localization stage.

2.2 Anatomy-Aware Standard Plane Localization

To focus computation on anatomically relevant regions, we first compute a
bounding box to enclose all foreground voxels in the anatomical mask and apply
this cropping jointly to both the original ultrasound volume and the mask. Then,
the cropped inputs are processed by two parallel encoders: (1) an anatomy-aware
image encoder and (2) an anatomical mask encoder. Their outputs are fused to
enable multi-task regression of the three standard plane parameters.

Anatomy-Aware Image Encoder This encoder processes the cropped ultra-
sound volume in conjunction with the anatomical mask via a spatial attention
mechanism. Initial image features fi are extracted using a 3D 3× 3× 3 convolu-
tion with batch normalization (BN) and rectified linear unit (ReLU). The initial
image features and mask are concatenated and passed through a convolutional
subnetwork (3 × 3 × 3 conv, ReLU, 1 × 1 × 1 conv, and sigmoid) to generate
an attention map A. Then, this attention map is element-wise multiplied with
the initial image features fi. Subsequently, four downsampling steps are applied,
each using 2 × 2 × 2 max-pooling (stride 2) and a basic block (3 × 3 × 3 conv,
BN, and ReLU) that doubles feature channels. The final image features f̂i are
flattened. This design captures increasingly abstract and context-rich image rep-
resentations.

Anatomical Mask Encoder The segmentation mask encodes rich spatial re-
lationships among anatomical structures essential for defining standard planes.
To capture inter-structure spatial relationships, we employ a mask encoder with
the same architecture as the image encoder but without the attention module,
extracting anatomical features f̂m directly from the segmentation mask. The final
anatomical features f̂m are flattened.

Feature Fusion and Plane Regression The encoded image features f̂i and
anatomical features f̂m are concatenated and fed into a two-layer fully-connected
MLP (256 units, ReLU, and 256 units). For standard plane k ∈ {TV,TT,TC},
the network outputs a 4-dimensional vector: its first three components are L2-
normalized to yield the unit plane normal nk, and the last component gives the
signed distance dk from the origin. Here the origin is set as the center of an
ultrasound volume. The multi-task formulation enables shared representation
learning across all three planes.
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2.3 Loss Function

The total loss function consists of two components: (1) three per-plane regression
losses (LTV, LTT, LTC) that penalize errors in normal orientation and distance
offset; and (2) two inter-plane geometric constraint losses (Lparallel, Lcoplanar)
that encode consistent anatomical relationships among the standard planes.

Single Plane Loss Each standard plane in 3D space is represented by ax +
by + cz = d. When the coefficients are normalized such that a2 + b2 + c2 = 1,
the plane’s unit normal is given by n = (a, b, c), and the signed distance from
the origin to the plane is d.

The single plane loss combines an angular term and a distance term: (1) to
emphasize small-angle errors, we use the squared magnitude of the cross product
between predicted and ground-truth normals; (2) for the distance offset, we adopt
the L1 loss. The loss for a single plane is formulated as:

Lk = α · ∥nk
E × nk

G∥2 + β · |dkE − dkG|, (1)

where nE and nG are the predicted and ground-truth unit normals, dE and
dG are the corresponding signed distances, k ∈ {TV,TT,TC}, and α, β are
balancing weights.

Inter-Plane Geometric Constraint Loss Despite inter-subject anatomical
variability, the spatial configuration of fetal brain structures imposes consistent
geometric relationships among the standard diagnostic planes. Specifically: (1)
the TV and TT planes are clinically required to be nearly parallel; and (2)
the TC plane is acquired with a slight caudal tilt relative to TV/TT, but its
orientation remains anatomically constrained such that the normals of all three
planes approximately lie in a common anatomical plane. To enforce these priors,
we introduce two geometric constraint losses.

Lparallel = max
(
0, cos (τp)− nTV

E · nTT
E

)
, (2)

where nTV
E and nTT

E are the normalized predicted plane normals for the TV
and TT planes, respectively, and τp is the maximum allowable angle deviation
in radian.

Lcoplanar = max
(
0, |nTV

E ·
(
nTT

E × nTC
E

)
| − τc

)
, (3)

where nTV
E , nTT

E and nTC
E denote the normalized predicted plane normals for

the TV, TT, and TC planes respectively, and τc is a coplanarity error threshold.
The total loss is the sum of three per-plane losses and two geometric regu-

larizers:

Ltotal = λ1 · (LTV + LTT + LTC) + λ2 · (Lcoplanar + Lparallel) , (4)

where λ1 and λ2 balance between three per-plane losses and two inter-plane
geometric constraint losses.
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3 Experimental Results

3.1 Data Collection and Cohort Characteristics

We constructed a multi-center 3D fetal brain ultrasound dataset comprising 800
volumes from 780 pregnant women in the second trimester. All raw volumes were
anonymized, and those with severe artifacts, poor image quality, or incomplete
coverage were excluded by experienced sonographers. Data were acquired across
four clinical sites. Maternal age ranged from 18 to 46 years.

Annotation was performed using 3D Slicer, where both anatomical struc-
ture segmentation mask and standard planes were manually delineated by two
trained annotators under sonographer supervision. A two-stage quality control
procedure was applied, with ambiguous cases reviewed by senior clinicians to
yield consensus ground truth. The dataset was partitioned by patient into train-
ing (580), validation (70), and testing (150) sets to prevent data leakage.

3.2 Implementation Details

Our method was implemented in PyTorch and trained on an NVIDIA H20 GPU
using the Adam optimizer with a learning rate of 1e-4 and batch size of 96. All
volumes were resampled to a uniform spacing of 1.0×1.0×1.0 mm3 and normal-
ized to [0, 1] using min-max normalization. Data augmentation included random
translation, rotation, and scaling with a probability of 0.5, applied to the re-
sampled volumes. Subsequently, volumes were cropped to 128×128×128 voxels
centered at the image center. The best model for testing was selected in terms
of validation performance. Loss weights in Eq. (1) and Eq. (4) were α = 100.0,
β = 1.0, λ1 = 1.0, λ2 = 100.0. Thresholds τp = 0.002 and τc = 0.003 were deter-
mined based on statistical analysis of plane orientations in the training cohort
and validated on the validation set to ensure generalizability.

3.3 Result Analysis

We evaluate localization accuracy using three metrics: angular deviation (Ang),
distance error (Dis), and Structural Similarity (SSIM) [20]. Ang and Dis are
defined as:

Ang = arccos

(
nE · nG

∥nE∥ · ∥nG∥

)
, (5)

Dis = |dE − dG|, (6)

where nE and nG are the predicted and ground-truth unit normals, and dE, dG
are distances from the volume origin.

Inter- and intra-observer variability analysis on 60 random cases validated
the reliability of anotations of SPs. High consistency was observed across all
three SPs (inter-observer: 2.41°–2.43° angular deviation, 0.58–0.79 mm distance
error; intra-observer: 2.29°–2.36° in angle, 0.61–1.12 mm in distance), confirming
a robust, reliable benchmark for all localization experiments.
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Table 1: Comparison of different methods on SPs localization. ‡ indicates p <
0.001, † indicates p < 0.01, ∗ indicates p < 0.05.
Plane Metric Seg Regress UDF RL-US ITN Ours

TV
Ang(°) 5.04±3.68‡ 5.67±7.40† 7.05±7.41‡ 8.29±4.03‡ 10.49±6.26‡3.85±2.15

Dis(mm) 1.42±6.43 1.46±1.35‡ 1.57±1.26† 2.12±1.81‡ 2.56±2.45‡ 1.09±0.85

SSIM 0.80±0.12 0.79±0.12‡ 0.77±0.12‡ 0.74±0.14‡ 0.70±0.15‡ 0.82±0.11

TT
Ang(°) 5.03±3.67‡ 5.85±7.44‡ 7.37±7.92‡ 7.05±3.89‡ 8.62±5.95‡ 3.93±2.56

Dis(mm) 1.57±6.40 1.18±1.08 1.48±1.37‡ 3.31±3.57‡ 2.79±2.81‡ 1.11±0.93

SSIM 0.81±0.11∗ 0.80±0.12‡ 0.78±0.12‡ 0.74±0.14‡ 0.72±0.15‡ 0.82±0.11

TC
Ang(°) 4.10±2.36 6.75±7.58‡ 8.73±7.46‡ 7.95±3.65‡ 8.00±4.87‡ 4.03±2.79

Dis(mm) 2.24±6.20∗ 1.30±1.07 1.81±1.45‡ 2.19±1.74‡ 2.65±3.00‡ 1.20±1.00

SSIM 0.75±0.12‡ 0.75±0.12‡ 0.72±0.13‡ 0.65±0.15‡ 0.66±0.17‡ 0.78±0.12

TT

TV

OursRL-USUDF ITNRegressSegGround Truth

TC

Fig. 3: Visual comparison of SPs localization results of one subject across dif-
ferent methods. Red arrows in the ground truth mark regions with clear inter-
method localization discrepancies.

We compare our method with five baselines: (1) segmentation-based (Seg),
using anatomical structure centroids to predict planes; (2) regression-based (Regress),
employing a 3D CNN trained with MSE loss for explicit plane parameters re-
gression; (3) unsigned distance field-based (UDF) [24], extracting planes from
predicted distance fields generated by VB-Net; (4) RL-US [21], a reinforcement
learning-based ultrasound standard plane localization method; and (5) ITN [11],
an iterative transformation network for standard plane detection.

Table 1 reports quantitative results on TV, TT, and TC planes. Paired
t-tests confirm our method achieves state-of-the-art performance across most
of the metrics, with statistically significant improvement over all competitors.
Segmentation-based method shows competitive performance but larger variance,
as segmentation failures under poor visualization propagate to localization out-
liers. Our method can capture inter-structure relationships for consistent pre-
dictions. UDF, RL-US, and ITN show higher errors, suggesting implicit repre-
sentations or reinforcement strategies struggling with clinical precision. Lower
variance indicates robustness of our method.
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Table 2: Ablation study for analyzing different components. * means that each
column indicates whether the corresponding component is included (✓) or ex-
cluded (✗): anatomy-aware attention, anatomical mask encoder, inter-plane ge-
ometric constraint loss.

Plane Metric Strategies*

(✗ ✓ ✓) (✓ ✗ ✓) (✓ ✓ ✗) (✓ ✓ ✓)

TV
Ang(°) 4.652±2.993 4.623±3.121 4.113±2.352 3.850±2.153

Dis(mm) 1.149±0.872 1.136±0.967 1.148±0.867 1.085±0.849
SSIM 0.805±0.116 0.807±0.118 0.814±0.114 0.816±0.110

TT
Ang(°) 4.617±3.004 4.636±3.111 4.250±2.918 3.929±2.561

Dis(mm) 1.112±1.017 1.099±1.012 1.171±1.009 1.108±0.926
SSIM 0.814±0.117 0.815±0.117 0.817±0.114 0.821±0.109

TC
Ang(°) 5.273±4.136 5.521±4.479 4.646±3.434 4.031±2.789

Dis(mm) 1.296±1.015 1.368±1.000 1.316±1.018 1.198±0.997
SSIM 0.760±0.123 0.758±0.126 0.768±0.123 0.784±0.120

The qualitative visualization in Fig. 3 is fully consistent with quantitative
findings. The planes generated by Seg and Regress show higher anatomical con-
sistency with the ground truth than those from UDF, RL-US, and ITN. Specif-
ically, UDF, RL-US and ITN exhibit obvious misalignment of key anatomical
landmarks, and detail loss in the TT and TC planes. In contrast, our method
achieves near-perfect alignment with the ground truth across all planes.

3.4 Ablation Study

We evaluate component contributions by removing the anatomy-aware attention
module, anatomical mask encoder, and inter-plane geometric constraint loss (Ta-
ble 2). Full model performs best across all planes. Ablation results confirm that
both the anatomy-aware attention and mask encoder are critical for integrat-
ing anatomical structure information, driving the core performance gain of our
framework. Inter-plane geometric constraint loss has smaller but consistent im-
pact across all planes.

3.5 Clinical Biometric Evaluation from SPs

Biometric analysis on testing cases shows that measurements from predicted
planes are clinically equivalent to ground truth. Absolute errors are minimal:
0.39±0.38 mm for atrial width of the lateral ventricle in the TV plane, 0.43±0.42
mm for biparietal diameter in the TT plane, and 0.83±0.86 mm for cisterna
magna depth in the TC plane. Paired t-tests suggests no significant differences
across all planes (p > 0.05), validating diagnostic reliability of our method.

4 Conclusion

We have presented a two-stage framework for multiple standard planes local-
ization in 3D fetal brain ultrasound: (1) deep learning segmentation of key
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anatomical structures, and (2) multi-task regression of standard planes. We ex-
plicitly leverage anatomical priors via anatomy-aware image encoding, anatomi-
cal structure encoding, and inter-plane geometric constraints. Experiments show
our approach outperforms state-of-the-art methods, achieving errors of 1.09–1.20
mm and 3.85°–4.03° across three planes. Limitations include dependency on seg-
mentation quality and potential challenges with rare anatomical anomalies. Fu-
ture work includes end-to-end training, extending to additional standard planes
within the fetal brain, generalizing the framework to standard views of other
anatomical structures (e.g., fetal heart and abdomen).
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