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Abstract— Cardiac ultrasound diagnosis is critical for car-
diovascular disease assessment, but acquiring standard views
remains highly operator-dependent. Existing medical segmenta-
tion models often yield anatomically inconsistent results in im-
ages with poor textural differentiation between distinct feature
classes, while autonomous probe adjustment methods either rely
on simplistic heuristic rules or black-box learning. To address
these issues, our study proposed an anatomical prior (AP)-
driven framework integrating cardiac structure segmentation
and autonomous probe adjustment for standard view acqui-
sition. A YOLO-based multi-class segmentation model aug-
mented by a spatial-relation graph (SRG) module is designed
to embed AP into the feature pyramid. Quantifiable anatomical
features of standard views are extracted. Their priors are fitted
to Gaussian distributions to construct probabilistic APs. The
probe adjustment process of robotic ultrasound scanning is
formalized as a reinforcement learning (RL) problem, with
the RL state built from real-time anatomical features and
the reward reflecting the AP matching. Experiments validate
the efficacy of the framework. The SRG-YOLOv11s improves
mAP50 by 11.3% and mIoU by 6.8% on the Special Case dataset,
while the RL agent achieves a 92.5% success rate in simulation
and 86.7% in phantom experiments.

I. INTRODUCTION

Cardiac ultrasound (US) diagnosis plays a pivotal role
in the clinical assessment of cardiovascular diseases [1].

*This work was supported in part by the National Science Foundation of
China under Grant 62203180, in part by the Hubei Science and Technology
Major Program under Grant 2023BAA016, Grant 2024BCB009, and Grant
2023BCA002, and in part by the Interdisciplinary Research Program of
HUST under Grant 2025JCYJ028 and Grant 2024JCYJ047. (Corresponding
author: Yiwei Wang)

1The authors are with the State Key Laboratory of Intelligent Manufactur-
ing Equipment and Technology, Huazhong University of Science and Tech-
nology, Wuhan, Hubei 430074, China. caozhiyan@hust.edu.cn,
wang yiwei@hust.edu.cn, huanzhao@hust.edu.cn,
dinghan@hust.edu.cn

2Zhengxi Wu is with the School of Biomedical Engineering, Harbin
Institute of Technology (Shenzhen), Shenzhen, Guangdong 518055, China.
e1350337@u.nus.edu

3Pei-Hsuan Lin is with the Information Intelligence Lab, Department
of Electrical Engineering, National Chung Hsing University, Taichung 402,
Taiwan. linl90050@gmail.com

4Yiwei Wang is also with the Institute of Medical Equipment Science
and Engineering, Huazhong University of Science and Technology, Luoyu
Road 1037, Wuhan, Hubei 430074, China.

5Li Zhang is with the Department of Ultrasound Medicine, Union
Hospital, Tongji Medical College, Huazhong University of Science
and Technology, Jiefang Avenue 1277, Wuhan, Hubei 430022, China.
zli429@hust.edu.cn

6Zhen Xie is with the Institute of Systems Science (ISS), Na-
tional University of Singapore (NUS), Singapore 119615, Singapore.
xav.xie@nus.edu.sg

†These authors contributed equally to this work and share the first
authorship.

However, the acquisition of cardiac standard views, such
as the apical four-chamber (A4C) view, which visualizes
the right ventricle (RV), left ventricle (LV), right atrium
(RA), and left atrium (LA) in a single plane, remains highly
operator-dependent [2]. It requires operators to simultane-
ously analyze the cardiac structure of the US image and
adjust probe posture. Variability in these two capabilities
across operators leads to inconsistencies in view acquisition
[3]. To improve acquisition reproducibility, robotic US scan-
ning has emerged as a promising paradigm [4]. For such
systems to match expert performance, they must achieve two
tasks: accurate perception of cardiac structures and precise
adjustment of probe posture. A growing body of research
has focused on these tasks [5], [6], yet existing approaches
still suffer from unreliable structure perception in US images
[7] and unstable probe adjustment under clinical variability
[8]. These limitations stem from insufficient utilization of
anatomical priors (APs) [9], [10], the inherent anatomical
relationships of the heart (Fig. 1).

Accurate segmentation of cardiac structures is the founda-
tion of autonomous robotic US scanning [3]. Mainstream
medical segmentation models are primarily appearance-
based [11]. They learn pixel-level patterns from image
intensity and texture, but lack explicit integration of the
anatomical constraints [12]. When faced with low-quality
images, anatomical variability, or sparse annotations [5],
[13], these models often produce anatomically inconsistent
results [9], [14]. Such limitations have motivated the incorpo-
ration of APs and topology-aware mechanisms. Some studies
employed graph neural networks to encode contour-level
topology [7], some designed topological losses that penalize
structural errors [15], [16], and others modeled inter-structure
dependencies to leverage multi-target relations [17], [18].
However, in cardiac US structure segmentation scenarios, the
images exhibit poor textural differentiation between distinct
feature classes [19]. Even with the integration of APs, exist-
ing methods still suffer from three issues in these scenarios
(Fig. 2): missed detection of low-contrast or edge structures,
mislabeling between texturally similar entities, and duplicate
predictions caused by speckle noise.

Autonomous probe adjustment aims to align the probe
from arbitrary initial postures to imaging cardiac standard
views [1]. Despite significant advancements in autonomous
robotic US scanning [3], their utilization of APs remains
limited. Some studies explicitly incorporated APs by design-
ing strategies based on anatomical feature feedback [6] or
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Fig. 1. Framework of anatomical prior (AP)–driven robotic cardiac standard view acquisition system. The AP standard takes the apical four-chamber
(A4C) standard view as an example.
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Fig. 2. Typical segmentation challenges in cardiac US imaging. (a)
represents missed detection of the RV when obscured by lung artifacts,
(b) denotes mislabeling between the RV and LV, and (c) describes duplicate
prediction of the LV.

developing geometric-based algorithms [20]. However, these
methods typically rely on simple heuristic rules, which are
inadequate for complex, multi-faceted quality-evaluated tasks
like acquiring cardiac standard views [21]. Other studies
designed learning-based methods by learning end-to-end
correlations between US images and probe movements [22],
[23] or constructing the convolutional neural network (CNN)
feature differences between real-time images and standard
views to guide servo actuation [8], [24]. However, the first
type demands large-scale annotated data to ensure stability,
where clinical high-quality labeled samples are scarce due
to high labeling costs and privacy restrictions [5]. The
second type, leveraging feature differences for servo control,
relies on CNN models trained exclusively on phantom data.
This servo strategy limits their adaptation to the anatomical
variability in clinical scenarios.

To address the above limitations, our study proposes
an AP-driven cardiac standard view acquisition framework.
This framework integrates cardiac structure segmentation and
autonomous probe adjustment, with the A4C view as an
example (Fig. 1). The key insight of our framework is that
APs can serve as a unifying bridge between the semantic
segmentation of the US image and the probe adjustment for
the robotic US scanning process. For the segmentation, APs
impose explicit spatial–topological constraints that guide
learning toward anatomically consistent predictions. For the
probe adjustment, APs act as interpretable standard bench-
marks to guide probe movements. The framework follows
a three-step workflow grounded in APs. First, it uses APs
to enhance the reliability of cardiac structure segmentation.
Second, quantifiable anatomical features were extracted from
the segmentation results. Third, the autonomous probe ad-
justment is formulated as a reinforcement learning (RL)
problem, where the RL state reflects real-time anatomical sta-

tus and the reward function reflects the APs. The framework
ensures robust structure perception and stable probe control,
even under clinical variability of sim-to-real discrepancies.

The main contributions are listed as follows.
• A spatial-relation graph (SRG)-augmented YOLO seg-

mentation model is proposed, which embeds spatial-
topological constraints, enhancing robustness against
missed detection, mislabeling between classes, and du-
plicate prediction issues.

• An AP-guided RL problem for probe adjustment is
developed, which overcomes the limitations of heuristic
rules and black-box learning, facilitating simulation
validation and zero-shot deployment on phantoms.

• An experimental platform for autonomous robotic ac-
quisition of the cardiac standard A4C view is estab-
lished, with its functionality validated through cardiac
phantom experiments.

II. METHODS

The proposed AP-driven framework consists of three
sections. In Sec. II-A, the YOLO-based multi-class car-
diac segmentation model, augmented with an SRG module,
generates anatomically consistent masks from US images.
Then, quantifiable anatomical features are extracted from
segmentation masks in Sec. II-B. Priors of these features
are fitted to Gaussian distributions to construct probabilistic
APs, which serve as a quantifiable statistical benchmark
for the anatomical features of standard views. In Sec. II-C,
probe adjustment is formalized as a Markov decision process
(MDP)-based RL problem. The RL state is constructed
from current anatomical features, and its reward reflects the
matching degree between these features and pre-fitted priors,
ensuring interpretable, AP-aligned movements.

A. Multi-class Cardiac Segmentation Model

Reliable cardiac structure segmentation serves as the foun-
dation for autonomous robotic US scanning [3]. To enhance
the reliability of cardiac structure segmentation, this section
proposes a YOLO-based multi-class segmentation model
augmented with the SRG module.

1) Overall Structure: The overall structure of the segmen-
tation model includes a YOLO-style backbone, a multiscale
neck, the SRG module, and a segment head, as illustrated
in Fig. 3. Conventional YOLO models rely solely on image
intensity and texture features, which could lead to anatomical
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Fig. 3. Framework of the YOLO-based multi-class cardiac segmentation model with the spatial-relation graph (SRG) module. Specifically, a backbone
extracts semantic features from the input image. A multi-scale neck then fuses multi-resolution features to enhance the representation of cardiac structures.
The SRG module subsequently embeds AP-guided constraints into the neck feature maps to promote anatomical consistency in the predictions. Finally, a
segmentation head decodes the enhanced features into bounding boxes and instance segmentation masks.

errors (e.g., mislabeling LV as RV) in images with poor
textural differentiation between distinct feature classes [19].
The SRG module is added to guide learning toward clinically
plausible anatomical structures.

2) Spatial-relation Graph Module: The SRG module
serves as the graph-based component for embedding AP-
guided spatial-topological constraints into the segmentation
model. Positioned between the multi-scale neck and segment
head of the YOLO pyramid, it processes the neck-output
features to model anatomical relationships between image
regions. This module is compatible with multiple YOLO
variants, where the YOLOv11s is adopted as an instantiation
in this section.

The workflow of the SRG module begins with adapting
input features for graph-based modeling. The feature map
Xinput ∈ RC×H×W (output by the neck) is first downsampled
to X↓ ∈ RC×H′×W ′

(with H ′ < H and W ′ < W ). Here, C
denotes the number of feature channels, H and W represent
the height and width of the input feature map, respectively.
The downsampled feature map X↓ is then reshaped into a
graph structure G ∈ RN×C , where each node gn represents
a local image region and carries a C-dimensional feature
vector encoding the appearance information of that region.

To inject global spatial context consistent with AP defi-
nitions, the SRG module performs global encoding on the
graph G. For each node gn in the (H ′,W ′) lattice, nor-
malized polar coordinates (rgn , θgn) are computed to ensure
global spatial information aligns with clinical descriptions
of cardiac structure layout. These node-specific coordinates
form a global spatial map Pg = {(rgn , θgn) | gn ∈
{g1, . . . , gN}}, which is concatenated with the graph feature
map G to form a (C + 2)-dimensional representation that
fuses appearance and global spatial cues. A global encoder
then processes this concatenated map into a globally encoded
feature map X̃ ∈ RN×C :

X̃ = ReLU
(
[ G ∥ Pg ] ·Wg

)
, (1)

where ∥ denotes channel-wise concatenation and Wg ∈
R(C+2)×C is a linear layer.

Based on global encoding, the SRG module models fine-
grained local anatomical relationships via a local relation

scorer, which quantifies how anatomically relevant pairs of
nodes are. For every pair of nodes (pn, qn), two metrics are
computed to capture AP-compliant local relationships: angu-
lar offset ∆θpq = arctan2

(
sin(θpn

− θqn), cos(θpn
− θqn)

)
and radial offset ∆rpq = rpn

− rqn . These offsets directly
correspond to the spatial constraints in APs: ∆θpq describes
the angular relationship between two regions (e.g., RV being
anterior to LV) and ∆rpq reflects their radial difference (e.g.,
LA being deeper than LV). To translate these offsets into
actionable feature weights, the globally encoded matrix X̃ is
broadcast to a 3D tensor RN×N×C to enable pairwise feature
comparison, forming a pairwise descriptor ξpq that combines
the broadcasted features of pn and qn with ∆θpq and ∆rpq .
Specifically, write X̃ = [x̃1, . . . , x̃N ]⊤ with each x̃n ∈ RC .
Then define the broadcasted tensors X̃(p), X̃(q) ∈ RN×N×C

by setting X̃
(p)
pq = x̃p and X̃

(q)
pq = x̃q for all pairs (p, q). A

multi-layer perceptron with LeakyReLU activation function
serves as the local relation function ϕe(·), which is applied
to ξpq to output the raw affinity score spq:

ξpq =
[
X̃(p)

pq ∥ X̃(q)
pq ∥ ∆θpq ∥ ∆rpq

]
, (2)

spq = ϕe(ξpq) = w⊤
b · LeakyReLUα(Wa · ξpq) , (3)

where LeakyReLUα(x) = max(0, x) + α min(0, x), ξpq ∈
R2C+2, Wa ∈ Rd×(2C+2) and wb ∈ Rd are learnable
parameters with a hidden width d = C/2. A row-wise
softmax operation on the adjusted scores ŝpq = spq + bpq
generates an attention matrix A ∈ RN×N , where each
element apq ∈ [0, 1] represents the attention weight of node
qn relative to pn. This matrix acts as a dynamic adjacency
graph that amplifies contributions from anatomically related
nodes (e.g., anatomically adjacent nodes) and suppresses
noise from irrelevant regions (e.g., background artifacts).

To integrate the above context, the SRG module employs
an attention-based aggregation mechanism with a multi-head
attention design. The attention matrix A is shared across all
heads to reduce parameter redundancy. For each head h,
a learnable projection matrix Wh ∈ RC×C transforms the
globally encoded matrix X̃ into head-specific feature values
V (h) ∈ RN×C . Feature aggregation is then performed via
matrix multiplication of A and V (h), followed by ReLU
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activation to introduce non-linearity, yielding head-specific
aggregated features M (h) ∈ RN×C . Features from all heads
are summed to fuse multi-view anatomical context into a
single aggregated matrix M ∈ RN×C , and a final projection
matrix Wo ∈ RC×C converts M into Y ∈ RN×C .

The final step of the SRG module is the feature fu-
sion, which preserves fine-grained appearance details from
the original input while retaining AP-constrained graph-
enhanced features. The aggregated matrix Y is reshaped back
into a 2D feature map Y↓ ∈ RC×H′×W ′

, matching the spatial
dimensions of X↓ to enable channel-wise concatenation. The
concatenated map [X↓ ∥ Y↓] is processed by a 1×1 convolu-
tion to re-weight channels, fusing appearance features (from
X↓) and graph-enhanced anatomical features (from Y↓) at
each spatial location while preserving spatial resolution.

The fused map Z↓ ∈ RC×H′×W ′
is then upsampled to the

original resolution of Xinput and combined with a residual
projection of Xinput (via a 1 × 1 convolution) to form the
final output Xoutput ∈ RC×H×W . This residual connection
preserves low-level structural features that are critical for
the segmentation of small anatomical structures, while the
upsampled fused features ensure anatomical constraints are
maintained across the entire feature map. The Xoutput is
then passed to the segment head, where it is decoded into
bounding boxes and instance segmentation masks. These
masks provide reliable information for the anatomical feature
extraction and autonomous probe adjustment.

B. Anatomical Feature Extraction for Cardiac Standard View

To translate the anatomical laws of the cardiac standard
view into quantifiable statistical benchmarks, this section
focuses on the extraction of anatomical features and the
construction of their statistical priors.

To enable the extraction of anatomical features aligning
with clinical standards, the cardiac entity sets are defined
to organize the features in a standardized manner. Let C
denotes the total set of cardiac entities. For a specific
standard view, the view-included entity set cin ⊂ C rep-
resents entities that should be visualized in the standard
view, and the view-excluded entity set cex ⊂ C \ cin
denotes entities that should not be visible in this view.
For example, the A4C standard view has the view-included
entity set cin = {LV,RV,LA,RA} and view-excluded entity
set cex = {aorta}, according to the American Society of
Echocardiography (ASE) guidelines [1].

The anatomical features are extracted from the instance
masks generated by the segmentation model, focusing on
the relative position features and the size ratio features.
The relative position features capture the angular and radial
constraints between pairs of target entities within the cardiac
standard view. The target entity pair set Ptar = {(ci, cj) |
ci, cj ∈ cin, ci ̸= cj} ∈ R2×m is defined according to the
anatomical connectivity between the two entities in each pair.
For example, the target entity pair set of the A4C standard
view is Ptar = {(LV, RV), (LA, RA), (LV, LA), (RV, RA)},
yielding m = 4 pairs. For each pair (ci, cj) ∈ Ptar, the polar
angle difference ∆θi,j = θci − θcj describes the angular

offset between ci and cj , where θc is the average polar
angle of all pixels in the entity c. Meanwhile, the radial
difference ∆ri,j = rci − rcj quantifies the radial offset,
where rc is the average normalized radius of all pixels in
the entity c. These values are organized into the angular
offset vector ∆Θin = [∆θi,j | (ci, cj) ∈ Ptar]

⊤ and the radial
offset vector ∆Rin = [∆ri,j | (ci, cj) ∈ Ptar]

⊤. The size
ratio features reflect the stable volume proportion constraints
between entities within the cardiac standard view. Using the
clinically recognized LV as the reference [1], the pixel area
Sc of each entity c ∈ cin is normalized by the area of LV SLV
to a relative area ratio αc = Sc

SLV
. The ratios are organized

into a size ratio vector αin = [αc | c ∈ cin]⊤.
To convert real-time anatomical features into a quantifiable

benchmark for probe adjustment, the priors of these features
are constructed as the Gaussian distribution parameters that
characterize the statistical properties in qualified standard
views. For the relative position features, each angular offset
∆θi,j in ∆Θin follows N (µθ

i,j , (σ
θ
i,j)

2). Here, µθ
i,j denotes

the average angular offset of entity pair (ci, cj) ∈ Ptar in
standard views, and (σθ

i,j)
2 denotes the squared standard de-

viation quantifying physiological variability. Similarly, each
radial offset ∆ri,j in ∆Rin follows N (µr

i,j , (σ
r
i,j)

2), with
µr
i,j as the average radial offset and (σr

i,j)
2 as its squared

standard deviation. For size ratio features, each αc in αin
follows N (µα

c , (σ
α
c )

2), where µα
c is the average area ratio

of entity c relative to LV in standard views, and (σα
c )

2 is
its squared standard deviation. These Gaussian parameters
are estimated from a prepared dataset. For any feature f
(e.g., ∆θi,j or αc), given its sample set Df = {f1, . . . , fM}
from M standard views, the mean (e.g., µθ

i,j , µα
c ) is the

arithmetic average of Df , and the squared standard deviation
(e.g., (σθ

i,j)
2, (σα

c )
2) is the mean squared deviation from

this mean. Together, these parameters form an interpretable
standard benchmark for guiding probe adjustment.

C. Autonomous Probe Adjustment

Acquiring the cardiac standard view requires precise US
probe adjustment. Formulating autonomous probe adjustment
as an RL problem under an MDP enables the agent to learn
optimal probe strategies by integrating AP knowledge and
interactive feedback. The MDP formulation is defined as
M = (S,A, T ,R), where S is the state space, A is the
action space, T : S×A×S → [0, 1] is the transition function,
R : S ×A → R is the reward function. The goal is to learn
a policy π : S → A that maximizes the cumulative reward,
guiding the US probe to the optimal standard view.

1) State Definition: When the probe is adjusted to a new
posture, it captures a new US image I(t) at the time step t,
which is processed by the segmentation model to generate
instance masks. These masks are fed into the AP feature
extraction to compute the state s(t) ∈ S. The state s(t))
integrates four metrics reflecting AP conformity:

s(t) = [αin(t)
⊤,αex(t)

⊤, ϕall(t), sposition(t)]
⊤, (4)

where αin is the area ratio vector of the current image defined
in Sec. II-B, and αex = [αc | c ∈ cex]⊤ represents the
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relative area of excluded entities cex. The global polar angle
ϕall measures the deviation of the cardiac centroid from the
ideal image center.

The position correlation feature sposition ∈ [0, 1] quantifies
the consistency of position relationships in the current view
with the prior:

sposition =
1

2
∑

(ci,cj)∈Ptar
wi,j

·∑
(ci,cj)∈Ptar

wi,j [p(∆θi,j | µθ
i,j , (σ

θ
i,j)

2)

+ p(∆ri,j | µr
i,j , (σ

r
i,j)

2)],

(5)

where wi,j ≥ 0 are hyperparameters reflecting the clinical
importance of each pair’s position relationship, ∆θi,j and
∆ri,j represent the measured angular and radial differences
between chambers ci and cj in the current view, µθ

i,j , (σ
θ
i,j)

2

and µr
i,j , (σ

r
i,j)

2 are the prior mean and variance of these
features, and p(·) denotes the probability density function of
the Gaussian distribution.

2) Action Space: To focus on fine-grained control relevant
to standard view acquisition, the adjustment of the US probe
is constrained to a single degree of freedom. The proposed
action space is discrete with seven fine-tuning operations
A = {a0, a1, a2, a3, a4, a5, a6}. Here, actions a0 and a1
correspond to the US probe rotating along the x-axis with
a positive or negative angle δ, actions a2 and a3 represent
rotation along the y-axis with a positive or negative angle
δ, actions a4 and a5 denote rotation along the z-axis with a
positive or negative angle δ, and action a6 means maintaining
the current posture, respectively.

At each time step t, the agent selects an action a(t) from
the action space A, which is then executed by the system to
interact with the cardiac model.

3) Reward Function: When a new state s(t) is reached
at the time step t, the RL agent receives a reward r(t). The
reward r(t) is designed to evaluate the conformity of the
current state to APs, integrating area ratio consistency of
view-included entities rin and excluded entities rex, global
polar angle rationality |ϕall|, and position consistency sposition:

r(t) = w1 · rin + w2 · rex + w3 · |ϕall|+ w4 · sposition, (6)

where w1, w2, w3, w4 ≥ 0 are hyperparameters representing
the importance of each metric.

The area ratio consistency metrics rin and rex collectively
quantify the alignment of the relative area ratios of cardiac
entities with the prior. For either entity set c ∈ {cin, cex},
the consistency of the area ratio is calculated as:

rc =
1∑

c∈c wc

∑
c∈c

wcp(αc), (7)

where wc ≥ 0 is the weight assigned to the entity c, and
p(αc) is the prior-aligned probability term adapted to the
type of c:

p(αc) =

{
N (αc|µα

c ,(σα
c )2)

max(N (·|µα
c ,(σα

c )2)) if c ∈ cin

−αc if c ∈ cex.
(8)

TABLE I
COMPARISON EXPERIMENTS ON THE Special Case DATASET.

Models mAP50 mAP50–95 mIoU mDice

YOLOv5s 0.397 0.146 0.411 0.490
YOLOv8s 0.352 0.128 0.397 0.478
YOLOv11s 0.423 0.169 0.426 0.506
FastSAM-S 0.418 0.144 0.373 0.456
FastSAM-X 0.407 0.165 0.357 0.427
H-SAM – – 0.261 0.334
U-Mamba (Bot) – – 0.234 0.299
DAM-Seg – – 0.345 0.494
Ours (v5) 0.416 0.157 0.423 0.503
Ours (v8) 0.441 0.170 0.416 0.495
Ours (v11) 0.471 0.194 0.455 0.530

The RL agent is first trained in a cardiac simulation envi-
ronment (Fig. 1) based on the proposed MDP formulation,
and then deployed to the real-world experiment scenario for
practical validation.

III. EXPERIMENTS AND RESULTS

To validate the proposed framework, experiments focus on
evaluating the segmentation model’s performance in clinical
cases (Sec. III-A) and validating the RL approach in robotic
standard cardiac view acquisition deployment (Sec. III-B).
Each subsection details the corresponding setup and results.

A. Segmentation Model Evaluation

1) Evaluation Setup: To validate the ability of the SRG
module to address the challenges in US cardiac segmentation
(missed detection, mislabeling between classes, duplicate
prediction), a Special Case evaluation dataset was curated
by manually sampling 145 challenging A4C images from
real-world US scanning videos acquired by physicians. The
private dataset for the segmentation model training comprises
465 US images (415 for training, 50 for validation). Each
image is annotated with 6 anatomical labels, namely the RV,
LV, RA, LA, mitral valve (MV), and tricuspid valve (TV).

2) Evaluation Results: The proposed segmentation model
was evaluated on the Special Case dataset with four metrics:
mAP50, mAP50–95, mIoU, and mDice. All the models were
trained under a unified protocol, which included identical
train and validation splits, fixed seeds, learning-rate schedule,
and data augmentation strategies.

Table I summarizes the general results for all four evalu-
ation metrics on the Special Case dataset, covering compar-
isons among the SRG-augmented YOLO variants, their base-
lines (YOLOv5s/8s/11s [25]), FastSAM-S/X [26], H-SAM
[27], U-Mamba [28], and DAM-Seg [29]. While a unified
protocol ensured consistency across models, method-specific
setups were still preserved. H-SAM was implemented with
its official release, which sets the input size to 512. U-Mamba
was trained via nnU-Net, which automatically configured the
preprocessing and training patch sizes (382 × 640 in our
evaluation). For DPT-based DAM-Seg, the input resolution
was fixed to 224×224 to preserve the ViT-Base (16×16 patch
size) token grid and its learned absolute positional embed-
dings. For H-SAM, U-Mamba, and DAM-Seg, the optimizer
type and initial learning rate were retained as specified in
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(a) Ground Truth (b) H-SAM (e) FastSAM-S (f) FastSAM-X(c) U-Mamba (g) YOLOv11s (h) SRG-YOLOv11s(d) DAM-Seg

1 – a 1 - b 1 - c 1 - d 1 - e 1 - f 1 - g 1 - h

2 – a 2 - b 2 - c 2 - d 2 - e 2 - f 2 - g 2 - h

3 – a 3 - b 3 - c 3 - d 3 - e 3 - f 3 - g 3 - h

RV
LV
RA
LA
MV
TV

Fig. 4. Visualized examples present scenarios involving the three critical errors in cardiac US segmentation: missed detection, mislabeling between classes,
and duplicate predictions. Each row corresponds to a distinct segmentation scenario. The first column shows the ground truth, and each subsequent column
displays the output of one evaluated model. As a result, the segmentation results in 3-b, 3-e, 3-f, and 3-g exhibit missed detection, the results in 1-b, 2-b,
2-g, 3-c, 3-d, and 3-e show mislabeling between classes, and the results in 1-b, 1-g, 2-b, 2-g, 3-c, 3-d, and 3-f have duplicate predictions. Notably, the
SRG-YOLOv11s does not exhibit any of these three critical errors across the scenarios.

TABLE II
ABLATION ON SRG-YOLOV11S: EFFECT OF THE GLOBAL ENCODING AND LOCAL RELATION SCORER.

Variant Global Local Precision Recall mAP50 mAP50–95 mIoU mDice

SRG-YOLOv11s ✓ Full 0.471 0.480 0.471 0.194 0.455 0.530
SRG-YOLOv11s ✗ Full 0.461 0.496 0.468 0.185 0.444 0.523
SRG-YOLOv11s ✓ Identity 0.392 0.368 0.359 0.141 0.407 0.485
SRG-YOLOv11s ✗ Identity 0.402 0.412 0.362 0.126 0.409 0.490

YOLOv11s-only None None 0.485 0.433 0.423 0.169 0.426 0.506

Global: ✓ = global encoding enabled, ✗ = disabled. Local: Full = local affinity modeling over the neighborhood graph, Identity = identity
mapping (self-connection only, no affinities). None = no SRG module.

the authors’ official releases. Absolute scores were reported
based on these method-specific constraints. The evaluation
results shown in Tab. I validate that integrating the SRG
module into YOLOv5s/8s/11s improves performance across
all four metrics for each backbone, with the SRG-YOLOv11s
notably leading across all four evaluation metrics. Gains
remained consistent under the stricter mAP50–95. Compared
to YOLOv11s, the SRG-augmented YOLOv11s improved
mAP50 by 11.3%, mAP50–95 by 14.8%, mIoU by 6.8%, and
mDice by 4.7%. Such improvements were also observed
in the SRG-augmented YOLOv5s and YOLOv8s. Improve-
ments under mAP50–95 suggested better localization quality
across a range of IoU thresholds, while improvements in
mDice reflect sharper boundaries.

Besides, an ablation study was conducted under the same
protocol and fixed seeds on the YOLOv11s backbone to
isolately test the contributions of the global encoding and
the local relation scorer. As shown in Tab. II, enabling both
the SRG module’s global encoding and full local relation
scorer yielded the best results on four metrics. With only
the SRG’s global encoding ablated, the variant’s performance
remained above the YOLOv11s-only baseline. Replacing the
full local relation scorer with an identity mapping degraded
all metrics in both global encoding settings, underscoring
the necessity of learned local relations. Furthermore, while
the local relation scorer alone already outperformed the

TABLE III
PARAMETERS OF THE MDP SIMULATION FOR RL TRAINING.

Param. Value Param. Value Param. Value

δ 1◦ w1 0.7 w2 0.14
w3 3 w4 0.1 ∀(i, j) ∈ Ptar : wi,j 1
wRV 0.2 wLA 0.5 wRA 0.5

baseline, enabling global encoding provided additional stable
gains. These results indicate that learned local relations and
global encoding are complementary. The former yields clear
improvements over the baseline, while the latter adds con-
sistent gains, with a more apparent effect under stricter IoU
thresholds. At a fixed operating threshold, SRG variants trade
a small decrease in precision for a larger increase in recall,
which is a typical precision–recall trade-off. Nevertheless,
the summary metrics improve, indicating an overall gain in
detection and segmentation quality.

Fig. 4 presents visualized comparisons of A4C view
segmentation results across different models, focusing on the
missed detection, mislabeling between classes, and duplicate
prediction challenges. In the figure, baseline methods con-
sistently exhibit these errors across scenarios, while only the
SRG-YOLOv11s maintains anatomical consistency.

B. Cardiac Standard View Acquisition Experiment

1) Experimental Setup: To form the dataset for anatomi-
cal feature prior construction, the MM-WHS 2017 dataset
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[30] was utilized as a static 3D reference. Twelve high-
quality cardiac volumetric segmentation samples were se-
lected and projected into A4C images according to ASE
guidelines [1]. These samples were then merged with a
clinical A4C segmentation dataset [31]. Then, the Gaussian
distribution parameters of those anatomical features were
fitted using this merged dataset.

The RL training simulation was constructed using 12
high-quality cardiac 3D models from the MM-WHS 2017
dataset [30]. For each training episode, a cardiac model
was randomly selected, and the probe was initialized at the
cardiac apex position, paired with a random orientation that
enables visualization of an anatomically plausible cardiac
section. The double deep Q-network [32] was adopted for
RL training, with parameters in the MDP simulation setup
shown in Tab. III. After training convergence, the RL agent
achieved a test success rate of 92.5% with an average of 25.6
steps in the simulation.

The trained RL agent was directly deployed to the A4C
view acquisition experiment, realizing a zero-shot evaluation
with no additional fine-tuning on the experimental setup.
This zero-shot deployment is made feasible primarily by
the robustness of the anatomical feature prior distributions,
allowing them to generalize across sim-to-real discrepan-
cies. Meanwhile, the SRG-augmented segmentation model
provides anatomically consistent masks of the US image,
which ensures the accurate extraction of anatomical features
for the RL state and reward calculation in real-time. The
experimental platform included a robotic arm, a US imaging
device with a probe, an F/T sensor, and a cardiac phantom,
as shown in Fig. 1.

To verify the practical efficacy of the proposed framework,
15 experiments were performed on the A4C standard view
acquisition task under a 7Hz closed-loop system with ran-
dom initial probe postures. All experiments were conducted
with fixed seeds, unified parameters, and the same trained
model to ensure the reliability of results. The difference
between the simulation and practical environment is not only
in the imaging cardiac model but also in the initial probe
placement constraint. The probe was fixed at the cardiac
apex position during simulated trials, while the practical
experiments set the probe’s initial position to be randomized
within the effective imaging range of the A4C view, leading
to more realistic variations in cardiac structure visibility.
Randomized initial probe posture setups were categorized
into three deviation levels based on cardiac structure com-
pleteness and global polar angle deviation of the initial US
image. Mild deviation refers to scenarios where all target
structures are visible and |ϕall| ≤ 0.5, moderate deviation
denotes cases where either partial structures are missing or
|ϕall| > 0.5, and severe deviation means situations where
only one or two target structures are visible and |ϕall| > 0.5.
A successful experiment was defined as acquiring an A4C
view compliant with ASE guidelines [1], where all target
structures are visible and |ϕall| ≤ 0.2.

2) Experimental Results: Among the 15 experiments, the
model achieved an overall success rate of 86.7% with an
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Fig. 5. Visualization of two representative experimental results. (a) repre-
sents a moderate deviation example, and (b) represents a severe deviation
example. In both examples, the content is organized in three rows. The
top row illustrates the action Q-value of different action indices, where the
red bar represents the selected action. The middle row presents segmented
cardiac images, with annotations of cardiac chambers, RV (green), LV
(blue), RA (orange), and LA (light blue), overlaid on them. The bottom
row displays the corresponding snapshot utilized in the experiment.

average acquisition time of 25.5s. For mild deviations, it
achieved a success rate of 100% (2 out of 2) with an
average acquisition time of 18.5 seconds. For moderate
deviations, the success rate was 85.7% (6 out of 7) with
an average time of 31.0s. For severe deviations, it achieved
a success rate of 83.3% (5 out of 6) with an average time of
21.6s. Fig. 5 presents two representative experimental results
to validate the model’s practical performance: a moderate
deviation setup in (a) and a severe deviation setup in (b).
For the moderate deviation setup, the initial probe posture
resulted in a US image where the LA was occluded by
US artifacts. During the probe tuning process, the graph-
based segmentation model effectively distinguished the LA
from surrounding artifacts. For the severe deviation setup,
the initial US frame only provided incomplete structural
information. Despite this, the RL agent evaluated the Q-
value of each candidate action and executed a fine-tuning
action sequence to converge to an ASE-compliant A4C view
in 24.0s. Notably, the system maintained stable performance
even when the random position setups led to variations
in cardiac orientation and chamber distribution, such as
different cardiac orientation tilts and a superiorly shifted RA
in Fig. 5. The adaptability to handle different conditions
stems from the integration of AP modules in not only the
semantic segmentation of US images but also the probe
adjustment of robotic US scanning, suggesting the ability to
handle real-world uncertainties in the proposed framework’s
autonomous robotic US scanning.
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IV. CONCLUSIONS

This study proposes an AP-driven framework for au-
tonomous robotic cardiac US standard view acquisition. By
injecting APs to unify segmentation and probe adjustment,
the framework achieves a closed-loop standard A4C view ac-
quisition. The SRG-augmented YOLO segmentation model
is proposed to enhance robustness against missed detection,
mislabeling between classes, and duplicate prediction issues.
The AP-guided RL probe adjustment uses anatomical fea-
ture priors as interpretable benchmarks and reward criteria,
achieving zero-shot phantom deployment.

Although the proposed framework achieved promising
results, several threads remain for future improvement. The
framework has not considered the soft tissue compliance
of the skin, which requires the integration of force control
mechanisms to improve the reliability of cardiac imaging
[8]. The system has not yet considered cardiac pulsation.
Subsequent research will focus on addressing temporal de-
formation induced by cardiac pulsation and developing the
corresponding probe strategies.
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