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ABSTRACT: Transthoracic Echocardiography (TTE) often suffers from a limited field of view (FoV), which may
obscure peripheral cardiac structures and hinder comprehensive visual assessment. Although FoV extension can
be formulated as outpainting, public studies on echocardiographic FoV outpainting remain scarce and are mainly
represented by cGAN-based reconstruction methods such as echoGAN. However, in noisy ultrasound images with
weak boundaries, the challenge is not only realistic texture synthesis, but also structural continuity across the observed-
generated boundary. To address this issue, we propose a structure-aware diffusion framework for echocardiographic
FoV outpainting. To the best of our knowledge, this is the first work to introduce diffusion models into this task, moving
beyond the existing cGAN-based formulation. Our framework combines a diffusion baseline, a Structural Cue Encoder
(SCE) for structure-sensitive conditioning, and Structure-aware Diffusion Learning (SDL) for structural regularization
during denoising. Experiments show clear and consistent improvements over cGAN-based reconstruction, producing
more coherent structures, smoother transitions, and better FoV extension quality.

KEYWORDS: Field-of-view extension; diffusion model; image generation; outpainting; structure-aware learning;
transthoracic echocardiography

1 Introduction

Transthoracic Echocardiography (TTE) is one of the most widely used imaging modalities for cardiac
examination because of its non-invasiveness, accessibility, low cost, and real-time capability [1]. It provides
essential information for evaluating cardiac anatomy, chamber motion, and functional abnormalities.
However, ultrasound acquisition imposes a trade-off between field of view (FoV) and image resolution [2]:
a narrower FoV preserves local details but may obscure peripheral structures and reduce contextual
information, thereby limiting TTE interpretability.

From the perspective of image analysis, this limitation naturally motivates the problem of echocardio-
graphic FoV extension, that is, recovering missing peripheral content while preserving visible structures.
This task can be formulated as image outpainting [3,4], as shown in Fig. la. However, echocardiographic
FoV outpainting remains underexplored [5]. A representative method, echoGAN [5], uses a cGAN frame-
work [6] to synthesize missing regions and expand the observable area, demonstrating the feasibility of
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TTE FoV extension. At the same time, its formulation also reveals a fundamental challenge that remains
insufficiently addressed.
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Figure 1: (a) Echocardiographic FoV outpainting task and (b) qualitative comparison.

The difficulty of echocardiographic FoV outpainting is not merely to generate realistic textures. In TTE,
weak boundaries and fragmented structures often degrade image quality [5]. Thus, the synthesized region
must remain structurally compatible with the observed FoV, with smooth transitions, coherent contour
continuation, and anatomically plausible extension. A visually smooth result may still be unsatisfactory if it
breaks contour continuity. Therefore, for this task, the central issue is not only how to fill the missing area,
but more importantly how to preserve structural continuity during FoV completion.

This observation also clarifies an important limitation of existing echocardiographic outpainting
research. Current methods mainly emphasize image-level realism [5], which is insufficient for noisy ultra-
sound images where boundary patterns and contour transitions are critical. Existing approaches show the
feasibility of FoV extension, but do not fully model structural continuity during generation, as shown
in Fig. 1b. Once this limitation is recognized, a key methodological question naturally arises: how to
effectively model structure-sensitive FoV outpainting in echocardiography?

In this work, we argue that diffusion models provide a more suitable foundation for this problem
than conventional GAN-based reconstruction. Beyond strong generation, diffusion models align well with
echocardiographic outpainting because they synthesize images through iterative denoising [7,8], enabling
progressive structural refinement. This makes them suitable for structure-sensitive FoV completion, where
the missing region must be refined while remaining consistent with observed structures. Based on this
observation, we first establish a diffusion-based baseline for echocardiographic FoV outpainting, in which
the incomplete input image is used as a condition and a complete FoV image is progressively generated
through iterative denoising, as shown in Fig. 2.
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Figure 2: Diffusion-based baseline for echocardiographic FoV outpainting. (Top) shows the inference process.
(Bottom) shows the training process.

Nevertheless, simply replacing a cGAN with a diffusion model is still not enough. The conditioning
signal should also encode informative structural cues to guide contour coherence and boundary continuity.
One possible solution is to use an external segmentor or preprocessing model to explicitly extract anatomical
structures for the input image, but it makes the condition dependent on another model and may discard
details needed for echocardiographic completion.

Motivated by this observation, we choose to learn structural conditions in an implicit manner. Specif-
ically, we introduce a Structural Cue Encoder (SCE) to learn structure-oriented representations from the
incomplete image itself, making latent features more sensitive to boundaries and contours while preserving
image information. During training, an auxiliary decoder reconstructs pseudo-structural targets generated
by fixed operators, using them only as weak supervision rather than inference-time inputs. This design
keeps inference simple and distills noisy low-level responses into robust latent cues for diffusion-based
FoV outpainting.

Once latent structural cues are extracted, the remaining challenge is how to use them to reconstruct
the missing structure. Structure-sensitive conditions alone are insufficient; the denoising process must also
recover the unknown region coherently. Since standard diffusion training mainly relies on noise prediction
and appearance modeling, it lacks explicit structural guidance. Therefore, structural constraints should be
introduced into diffusion learning to better guide the reconstruction of missing regions.

This consideration motivates the second core component of our method, namely the Structure-aware
Diffusion Learning (SDL) scheme. Instead of only regularizing the final output, SDL imposes progressive
structural constraints during denoising, allowing structural cues to guide the refinement process. Specifically,
SDL promotes edge consistency, seam continuity, and high-frequency consistency, thereby improving
contour coherence, boundary smoothness, and local structural fidelity in FoV outpainting.

Based on the above designs (i.e., diffusion-based baseline, SCE, and SDL), we propose a structure-aware
diffusion framework for echocardiographic FoV outpainting. To the best of our knowledge, this is the first



4 Comput Mater Contin. 2026;88(3):73

diffusion-based method for this task, moving beyond the existing cGAN-based formulation represented by
echoGAN [5]. Our framework aims to make structural continuity a central objective of FoV completion,
rather than treating the task as generic image-level reconstruction.

It is worth noting that structure-aware generation has also been investigated before the recent rise of
diffusion models. In particular, GAN-based image-to-image translation has provided a broad foundation
for learning mappings between different image domains, including paired translation, unpaired trans-
lation, edge-to-image synthesis, and modality conversion [9,10]. Beyond generic adversarial translation,
subsequent studies have further incorporated structural priors into GAN-based generation. For example,
structure-aware adversarial learning has been explored for infrared image translation [11], edge-guided
adversarial learning has been used for medical image translation [12], and gradient-guided GAN-based
super-resolution has been developed to reduce geometric distortion and preserve image structures [13].
These studies demonstrate that structural information is important for generative modeling and should
not be regarded as exclusive to diffusion-based methods. However, most existing structure-aware GAN
studies are designed for general image translation, medical modality translation, or image enhancement,
rather than echocardiographic FoV outpainting. In this task, the model must recover missing peripheral
regions under speckle noise, weak boundaries, and cone-shaped ultrasound acquisition constraints, while
maintaining continuity across the observed-generated interface. Therefore, our work focuses on how to
formulate structure-aware FoV extension within a diffusion-based framework tailored to echocardiographic
images. The main contributions of this work are summarized as follows:

«  We introduce a diffusion framework for progressive TTE FoV extension.

«  We devise an SCE to learn structural cues from incomplete echocardiographic inputs.
«  We develop an SDL to impose structural constraints during diffusion training.

«  Experiments show clear superiority over previous GAN-based reconstruction.

2 Related Work

2.1 Echocardiographic Image Generation

Generative modeling has attracted increasing attention in ultrasound imaging, where data synthesis can
support image simulation, augmentation, and downstream analysis [14]. Early work was mainly dominated
by GANs and conditional variants [14,15], which synthesize realistic ultrasound appearances under different
acquisition or anatomical settings. In echocardiography, such models are useful due to limited data, strong
variability, and acquisition-dependent artifacts. Recently, echoGAN [5] extended this direction to TTE FoV
outpainting by formulating view extension as a cGAN-based reconstruction problem. It uses domain-aware
augmentation to simulate cone-shaped ultrasound FoV and outpaint occluded side regions, broadening the
observable area while preserving realistic echocardiographic appearance.

Alongside GAN-based approaches, diffusion-based ultrasound generation has begun to emerge [16,17].
Echo from Noise [16] used DDPMs guided by cardiac semantic maps to synthesize ultrasound images for
segmentation, showing the value of anatomical guidance. Latent-diffusion-based ultrasound generation [17]
has also been explored by fine-tuning large diffusion models on ultrasound datasets. These studies suggest
that diffusion models are promising alternatives to adversarial learning in ultrasound generation. However,
despite this progress, diffusion models have not yet been introduced into the clinically important task of
echocardiographic FoV outpainting.

Difference from prior work. Existing ultrasound generation studies [16,17] mainly focus on image synthe-
sis or augmentation, while echoGAN [5] introduces echocardiographic FoV outpainting as a dedicated task.
Following this line, we extend FoV extension from the current cGAN-based formulation to a diffusion-based

framework, with stronger emphasis on structural continuity.
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2.2 Image Outpainting and FoV Extension

Image outpainting aims to infer plausible content outside the observed image boundary and has been
widely studied in natural-image generation [3,4]. In medical imaging, it is more challenging because synthe-
sized regions must be both realistic and anatomically meaningful [18]. This challenge is greater in ultrasound,
where weak boundaries, speckle noise, and structural ambiguity make coherent generation difficult [5,19].
In this context, echoGAN is important because it formulates TTE FoV extension as an outpainting task
and shows that missing side regions can be reconstructed using cone-shaped ultrasound-specific masking
patterns [5].

Beyond echocardiography, related ideas have also appeared in broader medical imaging [20]. Structure-
or pathology-preserving outpainting has been explored in modalities such as MRI, where maintaining
clinically meaningful content is essential [21]. These studies suggest that medical outpainting is gradually
shifting from generic visual completion toward structure-aware and clinically constrained completion [18].

Difference from prior work. Existing medical outpainting literature has shown the feasibility of extending
truncated views or recovering missing image regions [22,23]. However, echocardiographic outpainting still
mainly focuses on image-level reconstruction [5,24]. Our method differs in that it treats structural continuity
as the main modeling target, rather than only recovering visually plausible missing regions.

2.3 Structure-Aware Generative Modeling

Beyond echocardiographic image generation, structure-aware generative modeling has also been
explored in several GAN-based tasks. Early image-to-image translation frameworks demonstrated that
adversarial learning can be used to learn mappings between different visual domains and can support
tasks such as edge-to-image synthesis, paired translation, and unpaired translation [9,10]. Building on
this foundation, later studies introduced more explicit structural mechanisms into adversarial generation.
For example, StawGAN incorporated structural awareness into infrared image translation to improve the
shape and definition of generated objects [11]. In medical imaging, edge-guided GAN-based translation has
been explored to preserve anatomical structures across imaging domains [12]. In image super-resolution,
structure-preserving GAN methods have used gradient guidance or learned structure extractors to reduce
geometric distortion while maintaining perceptually realistic details [13]. These studies indicate structure-
aware generation is a broad research direction that predates diffusion models.

Nevertheless, these methods are mainly developed for image translation, modality conversion, or image
enhancement, and they do not directly address the specific challenges of echocardiographic FoV outpainting.

Difference from prior work. Compared with these structure-aware GAN-based methods, our work
focuses on the echocardiographic FoV extension setting and further exploits the iterative denoising
mechanism of diffusion models to impose structural constraints on intermediate clean-image estimates.

2.4 Advanced Diffusion-Based Image Enhancement

Recent diffusion-based image enhancement studies have shown strong potential in image super-
resolution, restoration, and high-resolution synthesis. A representative early work is SR3, which formulates
image super-resolution as an iterative refinement process and progressively generates high-resolution images
conditioned on low-resolution inputs [25]. Beyond standard super-resolution, DDRM further demonstrates
that diffusion priors can be used for general image restoration and linear inverse problems, including super-
resolution, deblurring, inpainting, and colorization [26]. These studies indicate that diffusion models are
effective not only for unconditional generation, but also for recovering degraded or missing visual content
through conditional denoising.
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More recent studies have explored how to better exploit diffusion priors, multi-scale representa-
tions, and efficient sampling strategies in high-resolution restoration. For example, StableSR leverages
the generative prior of pre-trained text-to-image diffusion models for real-world image super-resolution,
and introduces a time-aware encoder and controllable feature wrapping to balance perceptual quality
and fidelity [27]. Multi-scale adversarial diffusion further introduces multi-scale generation guidance to
learn feature information at different scales from low-resolution images, thereby enhancing representation
capability for super-resolution [28]. These studies show that diffusion priors, multi-scale guidance, and
efficient sampling strategies are important directions for preserving fine details and improving the scalability
of diffusion-based image enhancement.

Difference from prior work. Although these diffusion-based enhancement methods are relevant to FoV
extension, our task is different from conventional image super-resolution or restoration. Most existing meth-
ods aim to improve the resolution or quality of already observed image content, whereas echocardiographic
FoV outpainting requires the model to synthesize unobserved peripheral anatomical regions outside the
limited ultrasound FoV. Moreover, the generated region must remain structurally coherent with the observed
region across the mask boundary. Therefore, our work focuses on structure-aware FoV completion and
introduces SCE and SDL to enhance boundary continuity, contour coherence, and structural consistency
during iterative denoising.

2.5 Neural Networks and Machine Learning in Medical Applications

Neural networks and machine learning have been increasingly used in a wide range of biomedical and
clinical analysis tasks, which suggests that learning-based methods can provide useful computational tools
for extracting patterns from complex biomedical data and supporting disease-related analysis.

In medical imaging, deep learning methods have also been widely studied for image interpretation,
segmentation, classification, and computer-aided diagnosis across different imaging modalities [29]. Recent
clinical reviews further suggest that deep learning-based image analysis has the potential to support disease
diagnosis and improve medical imaging workflows, while also emphasizing the importance of clinical
validation, interpretability, and safe deployment [30]. These studies demonstrate the broader utility of neural
networks and machine learning in clinically relevant medical applications.

Difference from prior work. Different from the above studies that mainly focus on general biomedical
analysis, disease diagnosis, medical image interpretation, or clinical decision support, this work investigates
aspecific echocardiographic image generation problem, namely field-of-view extension for TTE images. Our
goal is not to directly perform disease prediction or diagnostic classification, but to improve the visual com-
pleteness and structural continuity of echocardiographic images through structure-aware diffusion-based
FoV outpainting.

3 Method
3.1 Problem Formulation

Following the task setting in echoGAN [5], we construct echocardiographic FoV outpainting from
paired complete and incomplete images. During training, the complete image is used as the supervision
target, denoted by x € R”*". A binary mask m € {0,1}"*" indicates the observed region, where m;; = 1
retains pixel (i, j) and m;; = 0 removes it. The incomplete input is defined as

X=mox, (D
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where ® denotes element-wise multiplication. In this way, x serves as the reconstruction target, while X is
the input to the FoV outpainting model.

The goal of echocardiographic FoV outpainting is to recover a complete image X from the incomplete
observation x:

% = F(x,m), (2)
where F denotes the outpainting model. The reconstruction should preserve the observed region and

plausibly complete the missing region.

In this paper, our framework consists of two main parts: a condition encoder for extracting conditioning
information from the incomplete image and a denoising U-Net for conditional diffusion generation. We
first describe the basic diffusion baseline, composed of the condition encoder and denoising U-Net, and
then introduce two dedicated designs: SCE, an improved condition encoder, and SDL, an improved learning
scheme for the denoising U-Net.

3.2 Diffusion-Based Baseline

We first establish a diffusion-based baseline for echocardiographic FoV outpainting, which serves as
the foundation of the proposed framework.

3.2.1 Input and Output

As shown in Fig. 2, the baseline takes the incomplete image X and mask m as inputs. During training, it
predicts the noise ¢, while at inference it progressively reconstructs a complete FoV image %, from Gaussian
noise conditioned on the input representation z.

3.2.2 Network Formulation

The baseline consists of a condition encoder E. and a denoising U-Net €g. Given X and m, the condition
encoder extracts a latent condition feature

z. = E.(x,m), (3)

which is injected into the denoising U-Net for conditional generation.

Let x¢ denote the clean complete FoV image sampled from the data distribution D(x). Following the
standard diffusion formulation [7], a noisy sample at timestep ¢ € {1,..., T} is generated by

Xt = \/d_tX() +V1-a; €, €~ N(O,I), (4)
where &; = [1'_,(1- B;) and {B;} L, is a predefined noise schedule.

As shown in Fig. 2 (bottom), given the noisy sample x;, the denoising U-Net predicts the injected noise
conditioned on the incomplete image representation:

¢ =€g (X1, 2, 1). (5)

This follows the standard diffusion formulation [7], where accurate noise prediction helps recover the
underlying clean image for complete FoV generation.
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3.2.3 Training Objective

Based on the above formulations, the baseline is trained with the standard noise prediction loss:
_ 2
Ebase —Exo,e,t[H €— €9 (xt’zc’t)Hz]- (6)

This baseline is not the final form of our framework, but serves as the foundation for later designs. It
can be viewed as a pre-training stage that provides an initial conditional diffusion model, upon which the
SCE replacement and SDL optimization are built.

3.3 Structural Cue Encoder (SCE)

The baseline condition encoder only provides general conditional information for diffusion generation.
However, echocardiographic FoV outpainting requires more informative structural cues. Therefore, we
replace the baseline condition encoder E, with a Structural Cue Encoder (SCE), denoted by E;.

3.3.1 Structural Encoding

Given the incomplete input X and mask m, SCE extracts a structure-sensitive representation
zs = E{(X,m) to replace the generic condition z.. The denoising U-Net is then reformulated as ¢ = ¢
(x4, 25, ).

SCE is a lightweight multi-branch convolutional encoder for structural representation learning. As
shown in Fig. 3, it combines standard convolutions for appearance encoding, directional convolutions with
asymmetric kernels [31] (e.g., 1x3 and 3 x 1) for orientation-sensitive boundaries, and dilated convolu-
tions [32] for longer-range contour dependencies. The fused multi-scale and multi-directional features form
a compact structural embedding for diffusion-based FoV outpainting.

Structural Cue Encoder (SCE)

Standard Convolution Branch
Auxiliary Decoder

> ’ Conv U » Conv L ‘i C;)I;’ U n (3-stage upsampling)
X.

i 7x7 5x5 a—
Extension X X Conv | —» m —
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Figure 3: Structural cue encoder (SCE). (Left) shows the architecture of the proposed SCE, while (right) shows its
representation learning process.
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3.3.2 Representation Learning

To encourage z, to capture structural information, we attach an auxiliary decoder D, during training and
supervise the encoder-decoder branch with a pseudo-structural target derived from %. This target combines
gradient- and edge-based responses.

For gradient response, inspired by [33], we use fixed horizontal and vertical kernels to capture boundary
variations. The derivatives are computed as G, = K, * X and G, = K, * X, where * denotes convolution and
Ky, K, are fixed directional operators. The gradient magnitude is defined as

Gumag(%) = \/(Ky  £)2 + (K, % 2)? + 6, (7)
where ¢ is a small constant for numerical stability. We then compute a masked normalized gradient map

. M © Gmag (%)
G(%) = max(Gumag (%)) + &’ ®)

which suppresses invalid responses outside the observed FoV and normalizes the gradient scale, yielding a
more robust pseudo-structural target.

For edge response, we use a Laplacian operator to highlight contour-sensitive second-order variations.
For each pixel (i, j), the response is computed as

L(X)ij=Xio1,j+ Kig1,j + Xijo1 + Xi o — 4% ), 9)
which is then normalized as

E(%) = G(M) (10)

T

where o(+) is the sigmoid function and 7 is a temperature parameter. The final pseudo-structural target is
obtained by channel-wise concatenation: s* = Concat (G(%), E(%)).

3.3.3 Training Objective

The decoder reconstructs this target from the latent representation, i.e., § = D;(z;). We define the
structural reconstruction loss as

Loce = |$=s"|1 + (||Vx§ = Vis™ 1+ [V,8 - V},s*||1) , (11)

where V and V, denote horizontal and vertical finite-difference operators.

This auxiliary supervision encourages the encoder to learn structure-sensitive latent features that
capture boundary and edge variations, providing more informative conditions for FoV outpainting.

We note that the gradient- and Laplacian-based pseudo-structural targets are not the only possible
choices for SCE supervision. Frequency-domain and multi-scale representations, such as wavelet-based
high-frequency sub-bands, can also be used to provide structural cues that are potentially robust to
ultrasound speckle noise. Previous studies [34,35] have shown that wavelet-based and multi-scale methods
are effective for ultrasound despeckling and medical image denoising because they can separate noise-
dominated components from meaningful structural information while preserving edges and diagnostic
details. To examine this possibility, we further implemented a wavelet-based SCE variant and compared it
with the proposed design in the ablation study.
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3.4 Structure-Aware Diffusion Learning (SDL)

Although SCE provides more informative structural conditions for diffusion-based FoV outpainting,
this alone is still insufficient. Echocardiographic FoV completion also requires the missing region to
be reconstructed in a structure-preserving manner under these cues. To this end, we further develop a
Structure-aware Diffusion Learning (SDL) scheme to enhance the denoising U-Net itself.

3.4.1 Intermediate Clean-Image Estimation

In standard diffusion training [7], the denoising U-Net predicts the injected noise rather than directly
generating an image-domain output. Given x; and z,, it outputs é = €y (xy, s, t). Since our structural
supervision is defined in the image domain, we first recover an intermediate clean-image estimate from the
current diffusion state.

Following the standard diffusion formulation, at an arbitrary timestep t, the corresponding clean-image
estimate can be reconstructed as

4 :xt—\/l_o-lté
o VE

The reconstructed X, serves as an image-domain proxy of the current denoising result at timestep ¢,

(12)

enabling structural constraints to be imposed on intermediate denoising results [36].

3.4.2 Progressive Structural Constraints

Based on the intermediate clean-image estimate X,, we impose step-wise structural constraints to
encourage coherent FoV completion. SDL regularizes %, from three complementary aspects: edge consis-
tency, seam continuity, and high-frequency consistency.

(1) Edge consistency. We enforce consistency between the edge activations of Xy and x,. Using the same
Laplacian-style operator as in SCE, the edge consistency term is

Eedge = HE(QO) _E(XO)’

(13)

1 b
where E(-) denotes the normalized edge response. This term encourages the model to recover contour-
sensitive transitions in the missing region.

(2) Seam continuity. FoV outpainting requires smooth transition across the observed-generated
boundary. Let B(m) denote the mask boundary, and let Q;, be a narrow band centered on B(m). The seam
continuity term is

1

Eseam =T~
|Qb| (i,

> (‘foco,z’j - VxXOJJ" + |Vy’%0,ij - vnyJJ’D ] (14)
ey

where V, and V, are horizontal and vertical finite-difference operators. This term promotes structural
continuity near the observed-generated interface.

(3) High-frequency consistency. Preserving fine local details is also important for echocardiographic
FoV outpainting. Let (-) denote a high-pass filtering operator. The high-frequency constraint is

Lns = ||H(%X0) = H(x0)ll, - (15)

This term helps maintain local sharpness and reduces over-smoothed completion.
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3.4.3 Training Objective

By combining the above constraints, the SDL loss is formulated as
Lsar = ﬁedge + Lseam + Lhf- (16)

Thus, SDL injects structural bias into diffusion training through intermediate clean-image estimates,
enabling more structure-preserving reconstruction of the missing region.

3.5 Training and Inference

Training. The framework is trained in three stages. First, the baseline encoder E. and denoising U-Net
€p are optimized with Ly, (Eq. (6)). Second, SCE E; is trained with L. (Eq. (11)) and then replaces E..
Third, with E; fixed, the denoising U-Net is further optimized using SDL with Lq; (Eq. (16)).

Inference. During inference, only SCE and the denoising U-Net are used. Given x and m, SCE produces
zs = E{(X,m), and the denoising U-Net performs reverse diffusion conditioned on z; to generate the
complete FoV image.

4 Experiments
4.1 Datasets

We follow the setting of echoGAN [5] to conduct experiments on two public datasets.

CAMUS [37]. CAMUS is a public 2D echocardiography benchmark with apical two-chamber (2CH)
and four-chamber (4CH) images from 500 patients. Its standardized views and clear structures make it
suitable for evaluating structural coherence in FoV outpainting.

EchoNet-Dynamic [38]. EchoNet-Dynamic contains 10,030 apical four-chamber (A4C) videos with
clinical labels and expert tracings. Compared with CAMUS, it is larger and more variable, providing a
realistic benchmark for evaluating model robustness.

4.2 Implementation Details

Following echoGAN, incomplete FoV inputs were generated by masking peripheral side regions while
preserving the central observed region. All experiments were implemented in PyTorch on a single NVIDIA
3090 GPU. We used T = 1000 diffusion steps with a linear noise schedule from 10™* to 2 x 1072. The baseline
was trained with AdamW using a learning rate of 1 x 107%, weight decay of 1 x 107*, and batch size of 8. For
SCE, Sobel kernels were used as K, and K y> with & = 107% and 7 = 0.1. For SDL, the seam band width was set
to 5 pixels, and the denoising U-Net was further optimized with AdamW at a learning rate of 5 x 107>,

4.3 Evaluation Metrics

Following echoGAN [5], we use FID [39] as the main metric and report LPIPS [40], PSNR [41], and
SSIM [42] for image-level comparison. To assess structural quality, we further report FSIM [43], GMSD [44],
and PFOM [41] to measure feature similarity, gradient distortion, and edge preservation, respectively.

4.4 Quantitative Results
4.4.1 Typical Evaluation

Table 1 reports quantitative results under four FoV outpainting settings, namely Cut 30, Cut 46, Cut 60,
and Cut 80, on CAMUS and EchoNet-Dynamic.
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Table 1: Quantitative comparison under different outpainting sizes. Best results are in bold.

CAMUS EchoNet-Dynamic
Cut30 Cut46 Cut60 Cut80 Cut30 Cut46 Cut60 Cut80

FID| 122.08 143.83 14574 149.63 60.24 74.33 89.21 110.42
LPIPS| 0.053 0.09 0.13 0.12 0.16 0.16 0.16 0.22
PSNRT 2391 21.46 19.77 19.95 20.15 20.14 20.13 17.89
SSIM| 0.28 0.31 0.47 0.46 0.48 0.48 0.48 0.59

FID| 10959 158.68 208.59 194.03 75.94 88.67 106.77  132.81
LPIPS| 0.1642 0.21 0.27 0.26 0.21 0.25 0.29 0.35
PSNR?T 1159 9.31 7.54 779 7.04 7.03 7.03 6.99
SSIM| 0.57 0.70 0.80 0.80 0.78 0.82 0.85 0.90

FID| 99.80 163.05 240.32 273.60 62.49 77.94 78.28 112.28
LPIPS| 0.26 0.37 0.46 0.51 0.14 0.21 0.258 0.33
PSNRt  15.57 12.90 11.58 10.24 22.34 19.84 17.85 15.74
SSIM| 0.34 0.48 0.60 0.63 0.19 0.29 0.39 0.53

FID| 92.41 104.67 112,58 11891 55.73 66.85 71.48 96.35
LPIPS| 0.041 0.071 0.097  0.095 0.121 0.145 0.148 0.187
PSNRT  25.12 22.84 2096 20.74 23.06 20.93 20.76 18.84
SSIM| 0.24 0.27 0.40 0.38 0.16 0.24 0.31 0.44

Method Metric

echoGAN [5]

CoMoDGAN [24]

TFill [19]

Ours

Opverall, our method achieves the best performance across both datasets and all cut settings. Compared
with echoGAN [5], the average FID is reduced from 140.32 to 107.14 on CAMUS and from 83.55 to 72.60 on
EchoNet-Dynamic, corresponding to relative improvements of 23.6% and 13.1%. Averaged over all settings,
FID is reduced by about 18.4%, demonstrating the advantage of the proposed diffusion-based formulation.

LPIPS and PSNR show similar improvements. Compared with echoGAN, our method reduces LPIPS
by 22.6% on CAMUS and 14.1% on EchoNet-Dynamic, while improving PSNR by 1.15 and 1.32 dB,
respectively. These gains are more evident under larger cut settings, indicating robustness when peripheral
FoV completion becomes more challenging.

As shown in Fig. 4 (left), our method is also more stable than CoMoDGAN ([24] and TFill [19] as
outpainting difficulty increases. Although TFill is competitive in easier settings, especially on EchoNet-
Dynamic Cut 30, its performance drops faster under larger cuts. CoMoDGAN shows a similar trend,
particularly on CAMUS. In contrast, our method consistently maintains the best overall results, supporting
the robustness and generality of the proposed framework.

4.4.2 Structure-Aware Evaluation

Although the results in Table 1 show clear advantages in image-level metrics, these metrics mainly
reflect visual quality and perceptual fidelity. To further assess structural quality, we additionally report FSIM,
GMSD, and PFOM, as detailed in Section 4.3.

As shown in Table 2, our method achieves the best performance across all three structural metrics on
both datasets and all cut settings. On CAMUS, compared with echoGAN [5], the average FSIM improves
from 0.772 to 0.834, GMSD decreases from 0.105 to 0.078, and PFOM increases from 0.712 to 0.799,
corresponding to gains of 8.0%, 25.7%, and 12.1%, respectively. Similar improvements are observed on
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EchoNet-Dynamic, where FSIM increases from 0.803 to 0.859, GMSD decreases from 0.097 to 0.078, and

PFOM improves from 0.747 to 0.825.

Typical Evaluation: FID

Structure-aware Evaluation: GMSD
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Figure 4: Performance variation curves on CAMUS under different outpainting (cut) sizes. (Left) reports FID, a
typical image-level evaluation metric, where lower values indicate better visual fidelity and distributional similarity.
(Right) reports GMSD, a structure-aware metric, where lower values indicate better gradient consistency and structural
preservation. Overall, our method achieves the lowest FID and GMSD across different cut sizes, demonstrating superior
visual quality and structural robustness under increasing outpainting difficulty.

Table 2: Structure-aware evaluation under different outpainting sizes. Best results are in bold.

AM Ech -D i
Method Metric CAMUS choNet-Dynamic
Cut30 Cut46 Cut60 Cut80 Cut30 Cut46 Cut60 Cut80
FSIM? 0.836 0.791 0.742 0.718 0.861 0.824 0.786 0.742
echoGAN [5] GMSD| 0.082 0.097 0.114 0.126 0.074 0.089 0.104 0.121
PFOM?t  0.781 0.732 0.684 0.651 0.814 0.768 0.721 0.683
FSIM? 0.701 0.642 0.588 0.561 0.722 0.681 0.639 0.601
CoMoDGAN [24] GMSD| 0.121 0.146 0.171 0.184 0.116 0.133 0.151 0.169
PFOM?t  0.612 0.554 0.497 0.469 0.641 0.598 0.556 0.517
FSIM? 0.763 0.701 0.628 0.596 0.846 0.792 0.751 0.703
TFill [19] GMSD|]  0.103 0.129 0.152 0.169 0.081 0.098 0.117 0.136
PFOM?t  0.703 0.641 0.578 0.541 0.793 0.741 0.696 0.652
FSIMtT  0.887  0.852 0.812 0.784 0913 0.879 0.842 0.801
Ours GMSD| 0.066 0.071 0.081 0.093 0.059 0.071 0.084 0.098
PFOM? 0.862 0.817 0.774 0.741 0.889 0.846 0.803 0.761

These results support our main claim that the proposed method not only generates plausible outpainting
results, but also better preserves structural patterns, boundary transitions, and contour continuity. Moreover,
as shown in Fig. 4 (right), our method remains more stable as the cut size increases from Cut 30 to Cut 80.
Its average FSIM drop is 11.9%, smaller than echoGAN [5] (14.0%), TFill [19] (19.4%), and CoOMoDGAN [24]
(18.4%), with similar trends observed for GMSD and PFOM.
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4.4.3 View-Wise Evaluation

In the original quantitative comparison, CAMUS was evaluated as a combined dataset containing
both apical two-chamber (2CH) and apical four-chamber (4CH) images. To further examine whether the
proposed method performs consistently across different TTE views, we conduct a view-wise analysis by
separately evaluating CAMUS-2CH and CAMUS-4CH under the representative Cut 60 setting.

As shown in Table 3, the proposed method consistently outperforms echoGAN [5] on both CAMUS-
2CH and CAMUS-4CH. On CAMUS-2CH, our method reduces FID from 147.82 to 114.03 and LPIPS
from 0.134 to 0.099, while improving PSNR from 19.61 to 20.81. In terms of structure-aware metrics,
our method also improves FSIM from 0.736 to 0.807, reduces GMSD from 0.115 to 0.083, and improves
PFOM from 0.678 to 0.767. Similar improvements can also be observed on CAMUS-4CH. These results
indicate that the proposed structure-aware diffusion framework can provide consistent improvements across
different apical TTE views in CAMUS, not only in image-level quality but also in structural continuity and
boundary preservation.

Table 3: View-wise evaluation on CAMUS under the Cut 60 setting. 2CH and 4CH denote apical two-chamber and
apical four-chamber views, respectively.

View Method FID| LPIPS| PSNRt SSIM| FSIMt GMSD| PFOM 1t
echoGAN [5] 147.82 0.134 19.61 0.48 0.736 0.115 0.678
CAMUS-2CH Ours 114.03 0.099 20.81 0.41 0.807 0.083 0.767
echoGAN [5] 143.66 0.126 19.93 0.46 0.748 0.112 0.689
CAMUS-4CH Ours 111.12 0.095 21.10 0.39 0.817 0.078 0.780

4.5 Qualitative Results

To further verify the advantage of the proposed method in preserving structural continuity, we
provide qualitative comparisons on representative cases. As shown in Fig. 5, we compare TFill [19],
CoMoDGAN [24], echoGAN [5], our method, and the ground truth.

Cut 46 Cut 30

Cut 60

Cut 80

Ground Truth

Figure 5: Qualitative comparison under increasing missing severity.
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Overall, previous methods still show clear limitations in echocardiographic FoV outpainting. TFill [19]
can recover plausible coarse structures, but often produces over-smoothed regions with ambiguous details.
GAN-based methods [5,24] frequently show discontinuities near the observed-generated boundary, such
as crack-like artifacts, contour distortion, and unsmooth seams. These results suggest that image-level
reconstruction or long-range dependency modeling alone is insufficient for fine structural consistency.

By contrast, the proposed method yields smoother structural transitions and more coherent contour
continuation from the observed region to the restored region. Compared with the ground truth, the
generated peripheral structures by our method are visually more consistent.

4.6 Ablation Study
4.6.1 Ablation on Main Components

We first evaluate the effectiveness of the main components by progressively adding SCE and SDL on top
of the diffusion-based baseline. The results are reported in Table 4. Introducing SCE consistently improves
both conventional and structure-aware metrics, indicating that structure-sensitive conditions provide more
informative guidance for FoV completion. Adding SDL further improves performance, showing the benefit
of imposing structural regularization during denoising. The full model achieves the best results, confirming
that SCE and SDL are complementary.

Table 4: Ablation study on the main components under the Cut 60 setting on EchoNet-Dynamic.

Method FID | LPIPS | PSNR 1 SSIM | FSIM 1 GMSD | PFOM 1t
Baseline 82.94 0.171 19.88 0.37 0.791 0.101 0.748
Baseline + SCE 77.63 0.160 20.21 0.34 0.816 0.093 0.776
Baseline + SDL 75.84 0.156 20.36 0.33 0.822 0.090 0.783
Full model 71.48 0.148 20.76 0.31 0.842 0.084 0.803

Compared with the baseline, the full model reduces FID by 13.8% and LPIPS by 13.5%, improves
PSNR by 0.88 dB, and reduces SSIM by 16.2%. It also improves FSIM and PFOM by 6.4% and 7.4%,
while reducing GMSD by 16.8%. These results show that SCE+SDL improves both image-level quality and
structural continuity.

4.6.2 Ablation on Designs in SCE

We further analyze SCE by removing each branch from the complete multi-branch encoder. As shown
in Table 5, removing any branch degrades performance, indicating that the standard, directional, and dilated
branches provide complementary cues. The directional branch contributes most to structure-aware metrics,
especially FSIM and PFOM, highlighting the importance of orientation-sensitive boundary modeling. The
complete SCE achieves the best overall performance.

4.6.3 Ablation on Designs in SDL

Finally, we study the contribution of SDL constraints, including edge consistency, seam continuity,
and high-frequency consistency. As shown in Table 6, removing any constraint degrades performance,
confirming that all three terms are useful. Removing seam continuity causes the largest drop in most
metrics, consistent with our motivation that smooth boundary transition is central to echocardiographic
FoV outpainting. The full SDL design achieves the best results across all metrics.
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Table 5: Ablation study on different branches of SCE under the Cut 60 setting on EchoNet-Dynamic.

SCE Variant FID| LPIPS| PSNRt SSIM| FSIM? GMSD | PFOM ¢
w/o standard branch 75.12 0.156 20.31 0.33 0.824 0.091 0.784
w/o directional branch 76.48 0.159 20.18 0.35 0.818 0.094 0.777
w/o dilated branch 74.86 0.154 20.35 0.33 0.827 0.090 0.786
Full SCE 71.48 0.148 20.76 0.31 0.842 0.084 0.803

Table 6: Ablation study on different structure-aware constraints in SDL under the Cut 60 setting on EchoNet-Dynamic.

SDL Variant FID | LPIPS | PSNR 1 SSIM | FSIM t GMSD | PFOM ¢

w/0 Ledge 74.33 0.153 20.41 0.33 0.829 0.089 0.791
W/0 Leam 75.06 0.155 20.27 0.34 0.823 0.091 0.782

w/0 Ly¢ 73.81 0.151 20.48 0.32 0.832 0.088 0.794
Full SDL 71.48 0.148 20.76 0.31 0.842 0.084 0.803

4.6.4 Ablation on Alternative Structural Representations

To address the concern that the proposed SCE mainly relies on spatial-domain structural operators,
we further examine an alternative frequency-/multi-scale-based structural representation. Specifically, we
implement a wavelet-based variant, termed Wavelet-SCE. In the original SCE, the pseudo-structural target is
constructed from gradient and Laplacian responses. In contrast, Wavelet-SCE replaces these spatial-domain
pseudo-targets with wavelet-domain structural targets. Motivated by the wavelet-based ultrasound denoising
analysis in [34], we apply discrete wavelet decomposition to the incomplete echocardiographic input and use
the resulting high-frequency sub-bands as structural supervision. Furthermore, inspired by the multi-scale
wavelet strategy in [35], we aggregate high-frequency sub-bands from multiple decomposition levels to form
a multi-scale wavelet structural target for training the SCE. During inference, the auxiliary decoder and all
pseudo-structural targets are discarded, and only the trained encoder is retained.

As shown in Table 7, Wavelet-SCE does not consistently outperform the original SCE. On CAMUS
under the Cut 60 setting, Wavelet-SCE improves LPIPS from 0.097 to 0.096, FSIM from 0.812 to 0.815,
and PFOM from 0.774 to 0.777. However, FID slightly increases from 112.58 to 113.06, and GMSD becomes
worse from 0.081 to 0.083. On EchoNet-Dynamic, Wavelet-SCE slightly reduces FID from 71.48 to 70.92 and
GMSD from 0.084 to 0.083, but LPIPS increases from 0.148 to 0.150, FSIM decreases from 0.842 to 0.840,
and PFOM decreases from 0.803 to 0.801. These mixed results indicate that wavelet-based supervision can
provide useful frequency-domain structural cues in some cases, but the improvement is limited and not
stable across datasets and evaluation metrics.

Table 7: Exploratory comparison between the original SCE and the wavelet-based SCE variant under Cut 60 setting.

Dataset Method FID| LPIPS| FSIMt GMSD| PFOM? TrainTime GPU Mem.

CAMUS Original SCE  112.58 0.097 0.812 0.081 0.774 1.00x 1.00x

CAMUS Wavelet-SCE  113.06  0.096 0.815 0.083 0.777 1.24x 1.16x
EchoNet-Dynamic  Original SCE ~ 71.48 0.148 0.842 0.084 0.803 1.00x 1.00x

EchoNet-Dynamic Wavelet-SCE ~ 70.92 0.150 0.840 0.083 0.801 1.26x L18x
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One possible reason is that the high-frequency sub-bands of ultrasound images contain both anatom-
ical boundary information and speckle noise. Although wavelet decomposition can separate frequency
components, the high-frequency wavelet responses may still amplify noise-dominated patterns when the
echocardiographic boundaries are weak or fragmented. As a result, the wavelet-based pseudo-structural
target may provide less stable supervision than the direct gradient- and Laplacian-based targets in some
settings. This explains why Wavelet-SCE slightly improves certain metrics but degrades others.

Meanwhile, Wavelet-SCE introduces extra computational overhead due to multi-level wavelet decom-
position, multiple high-frequency sub-band targets, and more complex multi-scale structural supervision.
Specifically, the training time increases to approximately 1.24-1.26x, and GPU memory consumption
increases to approximately 1.16-1.18x compared with the original SCE. Therefore, considering the trade-off
between performance stability and computational complexity, we retain the original gradient- and Laplacian-
based SCE as the main design. This choice provides a better balance among structural effectiveness,
computational efficiency, and implementation simplicity.

4.6.5 Inference Efficiency and Quality-Speed Trade-Off

Since diffusion models generate images through iterative denoising, they are generally slower than
GAN-based models that produce outputs in a single forward pass. This computational gap is important
for potential real-time clinical applications. To analyze this issue, we further evaluate the trade-oft between
reconstruction quality and inference speed under the representative Cut 60 setting. All inference times are
measured as the average time per image on a single NVIDIA RTX 3090 GPU.

Inspired by DDIM-based accelerated sampling [8], we evaluate several reduced-step inference variants
of the trained diffusion model. Specifically, we evaluate the proposed method using 1000, 100, 50, and 25
denoising steps, denoted as Ours-1000, Ours-100, Ours-50, and Ours-25, respectively. As shown in Table 8,
Ours-1000 achieves the best reconstruction quality but requires the longest inference time. When the number
of steps is reduced to 100 or 50, the inference time is substantially decreased, while most of the reconstruction
quality is preserved. For example, on CAMUS, reducing the sampling steps from 1000 to 50 decreases the
inference time from 6.82 to 0.49 s per image, while FID only increases from 112.58 to 120.39 and remains
clearly better than echoGAN [5]. A similar trend is observed on EchoNet-Dynamic.

Table 8: Inference efficiency and quality—speed trade-off under the Cut 60 setting. Runtime is measured as the average
inference time per image on a single NVIDIA RTX 3090 GPU.

Dataset Method Infer. Time | FID | LPIPS | PSNR 1 SSIM |
echoGAN [5] 0.021s 145.74 0.130 19.77 0.47
Ours-1000 6.82s 112.58 0.097 20.96 0.40
CAMUS Ours-100 0.86 s 116.24 0.100 20.71 0.41
Ours-50 0.49 s 120.39 0.105 20.42 0.42
Ours-25 0.30s 129.72 0.116 20.01 0.44
echoGAN [5] 0.020 s 89.21 0.160 20.13 0.48
Ours-1000 6.76 s 71.48 0.148 20.76 0.31
EchoNet-Dynamic Ours-100 0.84s 73.62 0.151 20.54 0.33
Ours-50 0.48 s 76.95 0.155 20.27 0.36

Ours-25 0.29s 82.38 0.162 19.89 0.41
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These results indicate that the proposed method provides a flexible quality-speed trade-off. The full-
step version is suitable for offline analysis or quality-prioritized clinical review, where structural fidelity is
more important than inference speed. In contrast, reduced-step sampling can be used when faster inference
is required. Nevertheless, we acknowledge that diffusion-based FoV outpainting is still slower than one-
step GAN inference. Therefore, real-time clinical deployment will require further acceleration, such as more
efficient samplers, diffusion distillation, and latent-space acceleration. This will be an important focus of our
future work.

4.6.6 Sensitivity Analysis on Noise Schedule

The noise schedule determines how the clean image is gradually corrupted during the forward diffusion
process and may affect the denoising difficulty at different timesteps. In the main experiments, we adopt
the standard linear schedule following DDPM [7]. To examine whether the proposed method is sensitive to
this choice, we further compare five different schedules under the representative Cut 60 setting, including
linear [7], cosine [45], quadratic [46], sigmoid [46], and exponential [46] schedules. The linear schedule [7]
increases the noise level approximately uniformly across timesteps, while the cosine schedule [45] follows
the improved DDPM formulation and controls the cumulative signal level using a cosine-shaped decay. The
quadratic, sigmoid, and exponential schedules [46] are included as representative non-linear alternatives
with different noise-growth patterns.

Asshown in Table 9, the choice of noise schedule leads to minor variations in performance. On CAMUS,
the linear schedule achieves the best results in three out of four metrics, including FID, LPIPS, and PSNR,
while the quadratic schedule obtains a slightly better SSIM. On EchoNet-Dynamic, the cosine schedule
achieves the best FID and the sigmoid schedule achieves the best PSNR, whereas the linear schedule obtains
the best LPIPS and SSIM and remains the second-best choice in both FID and PSNR. These results suggest
that different schedules may slightly favor different metrics, but the linear schedule provides the most
balanced overall performance across datasets and evaluation criteria.

Table 9: Sensitivity analysis on different noise schedules under the Cut 60 setting. The linear schedule is used in the
main experiments. Best and second-best results are marked in bold and underlined, respectively.

Dataset Noise Schedule FID | LPIPS | PSNR 1 SSIM |
Linear [7] 112.58 0.097 20.96 0.40
Cosine [45] 112.61 0.099 20.84 0.41
CAMUS Quadratic [46] 114.21 0.100 20.76 0.39
Sigmoid [46] 116.35 0.104 20.55 0.42
Exponential [46] 118.67 0.107 20.38 0.41
Linear [7] 71.48 0.148 20.76 0.31
Cosine [45] 70.96 0.150 20.68 0.32
EchoNet-Dynamic Quadratic [46] 72.18 0.152 20.61 0.36
Sigmoid [46] 73.45 0.155 20.78 0.35
Exponential [46] 75.02 0.154 20.60 0.37

Based on these results, we use the linear schedule in the main experiments because it ranks either first
or second for all evaluated metrics on both CAMUS and EchoNet-Dynamic. Although some alternative
schedules slightly improve individual metrics, none of them consistently outperforms the linear schedule
across datasets and evaluation criteria. More importantly, under all tested schedules, the proposed framework
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remains clearly better than previous methods. For example, even with the exponential schedule, which gives
relatively weaker results among the tested schedules, our method still achieves an FID of 118.67 on CAMUS
and 75.02 on EchoNet-Dynamic, which are still clearly better than echoGAN’s FID values of 145.74 and 89.21,
respectively. This indicates that the advantage of the proposed structure-aware diffusion framework does not
strongly depend on a particular schedule choice.

5 Conclusion

In this paper, we proposed a structure-aware diffusion framework for echocardiographic field-of-view
(FoV) outpainting. It consists of a diffusion baseline, a Structural Cue Encoder (SCE) for structure-
sensitive conditioning, and Structure-aware Diffusion Learning (SDL) for structural denoising. Experiments
on CAMUS and EchoNet-Dynamic show consistent improvements over GAN- and transformer-based
methods.
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