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Abstract

Robustness and generalizability in medical image segmenta-
tion are often hindered by scarcity and limited diversity of
training data, which stands in contrast to the variability en-
countered during inference. While conventional strategies—
such as domain-specific augmentation, specialized architec-
tures, and tailored training procedures—can alleviate these is-
sues, they depend on the availability and reliability of domain
knowledge. When such knowledge is unavailable, mislead-
ing, or improperly applied, performance may deteriorate. In
response, we introduce a novel, domain-agnostic, add-on, and
data-driven strategy inspired by image stacking in image de-
noising. Termed “semantic stacking,” our method estimates a
denoised semantic representation that complements the con-
ventional segmentation loss during training. This method
does not depend on domain-specific assumptions, making it
broadly applicable across diverse image modalities, model
architectures, and augmentation techniques. Through exten-
sive experiments, we validate the superiority of our approach
in improving segmentation performance under diverse condi-
tions.

Code — https://github.com/ymp5078/Semantic-Stacking
Extended version — https://arxiv.org/abs/2412.13156

1 Introduction

In the rapidly evolving field of computer vision, significant
progress in image recognition has been driven by not only
groundbreaking developments in model architectures (He
et al. 2016; Dosovitskiy et al. 2021; Ronneberger, Fischer,
and Brox 2015) but also deliberated training recipes (Wight-
man, Touvron, and Jégou 2021; Liu et al. 2022; Woo et al.
2023) and innovative augmentation techniques (Cubuk et al.
2020, 2019; Hendrycks et al. 2020; Yun et al. 2019). These
advancements largely stem from the abundance and diver-
sity of natural image datasets (Russakovsky et al. 2015; Lin
et al. 2014; Krishna et al. 2017), which enable models to
learn robust, generalizable features.

In contrast, medical image analysis faces distinct chal-
lenges. Data are often scarce and originate from a limited
number of sites, captured through specific imaging devices,
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Figure 1: An illustration of the proposed semantic stacking
approach compared to traditional image stacking for noise
reduction. (a) Image stacking for noise reduction in imagery.
(b) Our semantic stacking technique, aimed at reducing fea-
ture noise. Here, we illustrate semantic features through se-
mantic segmentation maps for clarity, though our method
operates on encoded features.

or within certain modalities (Litjens et al. 2017). High an-
notation costs further exacerbates these challenges, mak-
ing the pursuit of training robust models in medical im-
age analysis a paramount yet elusive goal (Aggarwal et al.
2021; Nguyen et al. 2023). The need for model robust-
ness in medical imaging is critical: errors can have se-
vere clinical consequences (Esteva et al. 2019). While aug-
mentation techniques can mitigate data limitation, they can
be inadequate, or even detrimental, if misapplied to med-
ical contexts (Perez et al. 2018; Ozbulak, Van Messem,
and De Neve 2019). The heterogeneous nature of medical
images—ranging from Computerized Tomography (CT) and
Magnetic Resonance Imaging (MRI) scans to standard RGB
photographs—further complicates the development of uni-
versally applicable augmentation strategies. Together, these
issues underscore the urgent need for approaches that en-
hance model robustness without succumbing to the pit-
falls of domain-specified bias (Seyyed-Kalantari et al. 2021;
Roberts et al. 2021).

In this work, we introduce an add-on training strategy, Se-
mantic Stacking for Semantic Segmentation (S2S2), that can



be seamlessly integrated into existing pipelines. Unlike pre-
vious approaches that focus narrowly on either in-domain
performance (Chen et al. 2021) or out-of-domain robust-
ness (Su et al. 2023), our method enhances both. Drawing
inspiration from image stacking in image denoising, where
multiple noisy images are stacked and pooled to estimate a
denoised image, we propose semantic stacking: we first esti-
mate a denoised semantic representation from a stack of syn-
thetic images and then encourage the network to learn from
this representation. We argue that this estimated denoised
semantic representation more closely reflects the underly-
ing ground truth, thus reducing both bias and variance. This
method directs models toward a denoised semantic represen-
tation, distinguishing itself through a data-driven design that
avoids domain-specific assumptions. This versatility makes
our approach particularly advantageous across diverse im-
age modalities, serving as an invaluable asset in scenarios
where broad generalizability is critical and specific domain
knowledge remains elusive.

Additionally, directly estimating the semantic stacking re-
quires obtaining the semantic representation from all im-
ages in the stack. Running the network through all images
in the stack at each iteration is resource- and time-intensive,
or even impractical, as the stack grows. Through theoretical
analysis, we derived a practical upper bound for semantic
variations, transforming the semantic stacking into an oper-
ation involving only two images per iteration. This transfor-
mation makes learning from the semantic stacking feasible.

As general-purpose interactive segmentation tools gain
traction (Kirillov et al. 2023; Ma et al. 2024; Pan et al.
2023), the need for training methodologies compatible with
mixed image modalities is becoming increasingly critical. In
such contexts, the data-driven design of S2S2 offers signif-
icant benefits, as integrating knowledge from different do-
mains into a single training strategy is challenging. We val-
idate our proposed strategy across popular network archi-
tectures and demonstrate its effectiveness in improving both
in-domain performance and single-source domain general-
ization across various CT, MRI, and RGB images.

Our main contributions are summarized as follows:

* We propose a versatile add-on training strategy, seman-
tic stacking, that enhances robustness without requiring
specialized domain knowledge.

* We provide theoretical analysis enabling a practical, ef-
ficient method for learning the semantic stacking that
scales to large datasets.

* We demonstrate our method’s ability to improve both in-
domain performance and out-of-domain robustness.

2 Related Work
Data Augmentation in Medical Image Analysis

Early approaches adapted data augmentation strategies from
natural images to medical images (Ronneberger, Fischer,
and Brox 2015; Milletari, Navab, and Ahmadi 2016). For
example, nnU-net (Isensee et al. 2021) employed a prede-
fined pipeline with operations like rotation, scaling, Gaus-
sian noise, and blur. Inspired by AutoAug (Cubuk et al.
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2019), later approaches explored automated data augmen-
tation strategies, but these relied on traditional spatial and
color transformations (Xu, Li, and Zhu 2020; Qin et al.
2020; Lyu et al. 2022; Yang et al. 2019).

While traditional methods are simple and effective, they
fail to fully exploit the distinctive characteristics of medical
images. Recently, generative models, such as GANs (Good-
fellow et al. 2020; Denton et al. 2015; Beers et al. 2018,;
Yi, Walia, and Babyn 2019) and diffusion models (Ho, Jain,
and Abbeel 2020; Rombach et al. 2022; Kazerouni et al.
2023), have been used for synthesizing medical images.
Most generative approaches have focused on classification
tasks (Pinaya et al. 2022; Khader et al. 2023; Tang et al.
2023; Ye et al. 2023; Peng et al. 2023; Deo et al. 2023), with
segmentation tasks receiving less attention. Notable excep-
tions include brainSPADE (Fernandez et al. 2022), which
trained segmentation models solely with synthetic data, and
DPGAN (Chai et al. 2022), which used synthetic augmenta-
tion to address class imbalance. However, these methods ex-
hibit limitations in performance and applicability. Our work
addresses this gap by proposing a versatile add-on training
strategy that enhances both in-domain performance and out-
of-domain robustness.

Single-Source Domain Generalization

Domain generalization aims to train models that perform re-
liably on previously unseen data distributions (Wang et al.
2022; Zhou et al. 2022a). Our goal aligns with single-source
domain generalization (SDG), where models are trained
without access to target or additional source domain infor-
mation. Recent SDG approaches use specialized augmenta-
tions, adapt model architectures, or propose unique training
methods (Zhou et al. 2022a; Su et al. 2023; Xu et al. 2021,
Zhou et al. 2022b; Huang et al. 2020; Hu, Liao, and Xia
2023; Guo, Liu, and Yuan 2024; Liao et al. 2024). Differ-
ent from these methods that only focus of out-of-domain ro-
bustness, our approach provides a versatile add-on strategy
that enhances model robustness and semantic representation
without changing existing augmentations, architectures, or
training paradigms, ensuring strong in-domain performance
while preparing models for deployment across varied medi-
cal imaging domains.

3 Method
From Image Stacking to Semantic Stacking

In semantic segmentation, our objective is to recover the
ground truth segmentation map y from an input image x.
This entails classifying each pixel in the semantic feature
map ¢ to yield the segmentation map y = H(t), where H
denotes a classifier. Ideally, the goal is to minimize the dis-
crepancy between the estimated semantic feature map ¢ and
the truth but unknown ¢. Since ¢ itself is not directly observ-
able, our practical objective shifts to reducing the difference
between the estimated segmentation map ¢ and the true seg-
mentation map y. However, because the classifier H may
map different inputs to the same output label, suggesting
that the feature map derived from the training data guided by
pixel-level supervision may inherently carry bias. To address
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Figure 2: Illustration of the proposed S2S2 framework. A
stack of images given is generated from the ground truth
semantic segmentation map. Two samples from the stack
are then fed into the network, where the training process is
guided by the consistency between features alongside the
segmentation loss.
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this, we leverage the concept of image stacking, a technique
traditionally utilized in image denoising, to obtain a more
accurate approximation of t.

In image denoising, as depicted in Fig. 1 (a), the primary
objective is to estimate the unknown ground truth image x.
Image stacking employs multiple noisy images to approxi-
mate the ground truth image. Let {z1,--- ,xz,} represent a
collection of noisy images sampled from N (z, o, ), where
x denotes the ground truth image and o, the noise variance.
Let £ = P (z1, -+ ,2,) denotes the pooled result of the
image stack using mean or median pooling method P, then

i~ N (x J””) ‘ )
vn
As n grows, the precision of the estimated image & relative
to the ground truth image x enhances.

Adapting this principle for semantic feature estimation,
as illustrated in Fig. 1 (b), allows us to approach semantic
feature mapping with a novel perspective. Specifically, for
a given network J without regularization, we can acquire
a semantic feature map t; = F(x;) ~ N (t,0), where ¢
represents the ground truth semantic feature map. Follow-
ing the same principle as in image stacking, if we possess a
collection of semantic features {t1,- - ,t,} corresponding
to the identical semantic feature map, pooling these features
ast = P(ty,--- ,t,) yields an estimated feature map with
diminished variance, expressed as:

o
vn)
Let D denote a distance metric. Utilizing £ as an approxima-

tion of ¢ allows for the optimization of D(t;,#) to enhance
the training of F, aiming for F to generate an accurate ¢.

Y (t, @

Practical Objective for Semantic Stacking

Direct approximation of ¢ from ¢ necessitates constructing
a stack of n feature maps, which becomes impractical for
large n due to the need for multiple activation copies. To
overcome this, we use Bayesian updating. Given a sequence
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of feature maps {¢1,- - ,t,}, the estimated posterior distri-
bution of ¢ is defined as:
oty +og 3 ti o?op
2 2 , Varlf] = 2 2
0% + noy 0+ noy

E[f] = ©)
where o( and ¢y are the prior distribution’s hyperparame-
ters. Assuming D satisfies the triangle inequality and adopt-
ing the L; distance for simplicity, minimizing D(t;, E[f]) is
achieved through the following optimization:
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We observe that D(t;,E[f]) is upper-bounded by a
weighted sum of all D(t;,t;). Therefore, minimizing
D(t;,E[f]) effectively requires minimizing D(t;,t;) be-
tween any pair of feature maps in the stack. This insight per-
mits sampling just two images at a time from the stack and
minimizing the distance between their corresponding feature
maps. The resulting semantic consistency loss is formulated
as:

Ly = D (F(x,), F(zy)) 5)

where D is a suitable distance metric that adheres to the tri-
angle inequality, with x;, x; being two distinct samples from
the stack of images corresponding to the same segmentation
map. This methodology, termed S2S2, is illustrated in Fig. 2.

Constructing Semantic Stack

Generating images that align with a specific semantic seg-
mentation map poses a significant challenge, particularly in
medical image analysis, where annotations are costly and
scarce. Recent advances in generative models have provided
new ways for synthesizing realistic medical images. In con-
trast to traditional photometric adjustments like intensity or
scale (Cai, Fan, and Fang 2023) changes that only account
for variations due to equipment differences, variations in hu-
man organs are can be learned and simulated using gener-
ative models. Utilizing a conditional image generation ap-
proach, we generate a set of images based on a given seg-
mentation map. This generative strategy not only enhances
diversity but also reduces reliance on dataset-specific knowl-
edge, such as particular intensity variations or color shifts in-
troduced in methods like SLAug (Su et al. 2023), thereby of-
fering a more generalized solution. Specifically, we fine-tune
a Stable Diffusion model (Rombach et al. 2022), employing
ControlNet (Zhang, Rao, and Agrawala 2023) for segmen-
tation map control. Although the synthesized images might



not precisely replicate the ground truth distribution, we sug-
gest that generating a substantial volume of high-quality im-
ages can improve model performance.

After generating a series of semantic feature maps
{t1,"++ ,tn} ~ N(#9,09) from the synthesized images,
where o9 reflects the variance indicative of the generated
feature maps’ quality, and ¢9 represents the mean, we posit
that t9 =~ ¢. This assumption rests on the premise that fine-
tuning the generative model with accurate ground truth an-
notations aligns the mean of the generated feature maps with
the ground truth mean, while the variance captures resid-
ual discrepancies. In line with previous formulations (Eq. 2),
we have: 9 ~ N(t, \"/—%) Specifically, if :’/—% < o, then 9
offers a more accurate estimate of the ground truth seman-
tic feature map, which indicates the potential of enhancing
model performance through the minimization of D(t;,19).
Although empirically validating this condition may be chal-
lenging due to the unknown values of 09 and o, theoretical
guarantees ensure its validity as n increases.

4 Dataset

To comprehensively evaluate the efficacy of our method
across diverse medical image segmentation scenarios, we
conducted experiments assessing both in-domain and out-
of-domain performance. These evaluations covered a vari-
ety of imaging modalities, including RGB, CT, and MRL
Details on data prepossessing are in the Appendix.

For RGB images, we utilized two polyp segmentation
datasets: CVC-ClinicDB (Bernal et al. 2015) and Kvasir-
SEG (Jha et al. 2020). CVC-ClinicDB comprises 612 la-
beled images, while Kvasir-SEG includes 1,000 labeled im-
ages. These datasets, originating from distinct sites and
captured using different devices, provide variability in the
data. The processing of RGB datasets adhered to the meth-
ods described in previous studies (Sanderson and Ma-
tuszewski 2022). For CT images, we evaluated using the
Synapse multi-organ segmentation dataset ', which includes
30 abdominal CT scans with comprehensive annotations
for multi-organ segmentation tasks. In the MRI category,
our evaluation encompassed several datasets focused on ab-
dominal and cardiac segmentation. The Combined Healthy
Abdominal Organ Segmentation (CHAOS) (Kavur et al.
2021) dataset consists of 20 T2-SPIR MRI images focused
on abdominal organ segmentation. For cardiac segmenta-
tion, we included a dataset (Zhuang et al. 2022) compris-
ing 45 late gadolinium enhanced (LGE) MRI images and
45 balanced steady-state free precession (bSSFP) MRI im-
ages, alongside the Automatic Cardiac Diagnosis Challenge
(ACDC) (Bernard et al. 2018) dataset, which features 100
cases of Cine MRI images.

5 Results

Only average metrics are reported in this section for clarity;
the class-specific metrics are detailed in the Appendix. Since

"https://www.synapse.org/\#!Synapse:syn3193805/wiki/
217789
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S2S2 is applicable to any method, we evaluate its perfor-
mance on representative methods and include baseline meth-
ods as references. These baseline methods include MSRF-
Net (Srivastava et al. 2021) and PraNet (Fan et al. 2020)
for the Kvasir and CVC datasets; R50-AttnUNet (Schlem-
per et al. 2019), ViT-CUP (Dosovitskiy et al. 2021), and
R50-ViT-CUP (Dosovitskiy et al. 2021) for the Synapse
and ACDC datasets; and Cutout (DeVries and Taylor 2017),
RSC (Huang et al. 2020), MixStyle (Zhou et al. 2021), Ad-
vBias (Carlucci et al. 2019), RandConv (Xu et al. 2021),
and CSDG (Ouyang et al. 2022) for abdominal and cardiac
datasets.

Implementation Details

We compared S2S2 against several established approaches
in medical image analysis, as well as a state-of-the-art tech-
nique in single-source domain generalization. These estab-
lished techniques serve as baseline methods for our experi-
ments. All experimental procedures adhered to the method-
ologies outlined by these baselines, with exceptions made
solely for components that integrate our proposed approach
(detailed in the Appendix). Synthetic images were gener-
ated using Stable Diffusion 2.5 fine-tuned on training im-
ages with segmentation-map-controlled ControlNet for 100
epochs. Further details are provided in the Appendix.

Contemporary models for semantic segmentation are typ-
ically comprised of an encoder for capturing high-level se-
mantics and a decoder for pixel-level details. We hypothe-
size that both levels of features are useful and apply our se-
mantic consistency loss to both components, denoted as £ ¢
and £, respectively. The final loss function is formulated
as

dec pdec
L

L= Loy + a™LL + (6)

where L., represents the segmentation loss derived from
any chosen method. The variables o™ and o are the
weights for the consistency losses. For simplicity, we de-
fine the distance function as D(t;,t;) = 1 — CosSim(t;, ;)
where CosSim is cosine similarity.

In-domain Performance

As an add-on method, our foundational premise posits that
the integration of S2S2 should not detrimentally affect the
performance of the baseline method within the scope of in-
domain evaluation. To verify this, we rigorously evaluated
S2S2 across a variety of acclaimed network architectures on
datasets derived from RGB, CT, and MRI images. Further-
more, we aim to underscore the advantages of adopting a
universally applicable method over approaches that are nar-
rowly tailored to specific tasks. To this end, we incorporated
SLAug (Suet al. 2023), a state-of-the-art method devised for
enhancing single-domain generalization in CT/MRI imag-
ing, into our in-domain benchmarks.

As shown in Table 1, the integration of S2S2 significantly
elevates the in-domain performance for CT/MRI datasets on
widely recognized models. Similarly, Table 2 demonstrates
that the deployment of S2S2 concurrently amplifies the effi-
cacy of FCBFormer on RGB datasets.



Method Synapse ACDC| Mean
R50-AttnUNet | 75.57  86.75 81.16
ViT-CUP 67.86 81.45 74.66
R50-ViT-CUP | 71.29 87.57 79.43
TransUNet 76.86 88.86 82.86
+5282 81.19  90.40 | 85.80-+2.94

Table 1: In-domain performance comparison on the Synapse
multi-organ CT dataset and ACDC dataset. Dice score (%) is
used as the evaluation metric. The best-performing method
is highlighted in bold, and the second-best is underlined. The
improvement achieved by S2S2 is indicated.

Notably, the baseline methods already incorporate aug-
mentation techniques such as color space and spatial aug-
mentation, indicating that S2S2 operates independently of
the baseline method or image modality. The semantic stack
provides a superior representation of the ground truth se-
mantic feature map than the original unconstrained seman-
tic feature map. We observe an enhanced performance with
an increase in the number of classes, potentially attributable
to the generative model’s refined control over image gener-
ation or the amplified complexity of maintaining semantic
consistency across broader classes.

Method Kvasir CVC Mean
MSREF-Net 92.17  94.20 93.19
PraNet 89.80 89.90 89.90
SLAug 84.85 85.39 85.12
SLAug+S2S2 | 85.33  88.76 | 87.05+1.93
FCBFormer 91.90 9346 92.68
+S2S2 93.20 94.88 | 94.04+1.36

Table 2: In-domain performance comparison on RGB
datasets. Dice score (%) is used as the evaluation metric.

In addition, our analysis reveals that SLAug (Su et al.
2023), despite being specifically engineered for CT/MRI
imaging modalities through the exploitation of domain-
specific knowledge, fails to deliver comparable benefits for
RGB imaging (Table 2). However, the subsequent applica-
tion of S252 atop SLAug results in a discernible enhance-
ment in performance metrics, indicating that S2S2 intro-
duces an additional layer of supervision beyond the capa-
bilities of domain-specific augmentation techniques. More
importantly, even for the CT/MRT images, which SLAug
was originally tailored for, S2S2 outperforms the baseline
method, as shown in Table 3. This finding suggests that
methods focused on domain-specific generalization may in-
advertently compromise in-domain performance while opti-
mizing for out-of-domain applicability. In contrast, our ap-
proach avoids making assumptions about the application
domain, thereby ensuring consistent improvements in in-
domain performance across diverse datasets and imaging
modalities.

Qualitative Evaluation. The comparison in Fig. 3 revealed
several distinct advantages of our approach. First, S252
demonstrates superior capability in identifying the presence
or absence of small objects, as evident in rows 1, 4, and 7.
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Figure 3: Visualization of the improvement achieved by ap-
plying S2S2 to the base method in the in-domain setting.
‘GT’ is the ground truth. ‘Base’ refers to the corresponding
method without S2S2.

Abdominal Cardiac

Method CT MRI|[bSSEP LGE| Mean
Supervised (CSDG) |89.74 90.85| 88.16 88.15| 89.23
SLAug 82.66 90.60| 92.27 87.35| 88.22
+8282 84.21 91.28| 92.16 87.62|88.82-+0.60

Table 3: In-domain performance comparison on slices of 3D
medical image datasets. Dice score (%) is used as the evalu-
ation metric.

Second, it tends to generate smoother segmentation masks,
observable in rows 2, 8, and 10. Lastly, S2S2 adopts a more
conservative approach in its predictions, particularly high-
lighted in row 9.

Out-of-domain Performance

In our out-of-domain evaluations, we benchmarked the S2S2
method against reproducible state-of-the-art, aligning with



the settings of FCBFormer (Sanderson and Matuszewski
2022) for polyp segmentation tasks on RGB images and
SLAug (Su et al. 2023) for abdominal organ and cardiac seg-
mentation tasks on CT/MRI images. These comparisons val-
idate not only the robustness of our approach in established
domains but also its superior generalization capabilities in
unseen domains.

Abdominal Cardiac

Method (=N RTMRI-CTIbSSFP-LGE LGE-bSSFP| Mean
Cutout | 80.12 7050 | 78.87 85.02 78.85
RSC 7409  66.07 | 77.51 85.60 75.82
MixStyle | 77.80 6395 | 7521 86.34 75.83
AdvBias | 80.17 64.84 | 79.62 86.27 77.73
RandConv| 80.66 76.56 | 83.73 87.24 82.05
CSDG 86.31 80.40 | 85.01 86.99 84.68
SLAug | 8855 8170 | 86.42 87.17 85.96
+52S2 8775 8315 | 86.06 87.49 [86.11+.15

Table 4: Out-of-domain performance comparison on slices
of 3D medical image datasets. Dice score (%) is used as the
evaluation metric.

Beyond demonstrating improvements in in-domain per-
formance, our method also exhibits notable improvements in
out-of-domain generalization, as shown in Table 5. Similar
to what we observed in in-domain evaluation, the domain-
specific method SLAug delivers suboptimal performance
on RGB images. However, integrating the proposed S2S2
method fills this gap, enhancing its effectiveness. These re-
sults underscore the applicability of S2S2 in augmenting
out-of-domain generalization capabilities without necessi-
tating prior insights into the imaging modality or base mod-
els. This adaptability renders S2S2 particularly valuable
in scenarios where domain-specific knowledge is unavail-
able. Furthermore, when such expertise is present, domain-
specific strategies like SLAug exhibit superior generaliza-
tion within their intended application domains, as indicated
in Table 4. While domain-specific approaches are antici-
pated to excel, the supplementary application of S2S2 on top
of SLAug still results in a marginal improvements on both
the in-domain and out-of-domain performance. This result
consolidates the relevance of S252, even in the presence of
domain-specific methodologies.

Qualitative Evaluation. From Fig. 4, we observe simi-
lar ability to identify small objects and maintain boundary
smoothness in the in-domain samples. Additionally, it is
noteworthy that the base method is prone to misclassification
issues in RGB images under conditions of significant glare
(rows 6 and 8), the presence of unexpected objects (row 7),
or insufficient lighting (rows 5 and 8). These conditions in-
troduce what can be considered semantic noise. Our method,
designed to mitigate semantic noise within the feature rep-
resentation, remains robust and unaffected by such artifacts.

6 Ablation Study

In our ablation study, we aim to analyze the contribution
of each module to performance, as well as the effect of
the hyperparameters for the proposed loss. Our strategy to
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Method Kvasir-CVC CVC-Kvasir| Mean
MSRF-Net 62.38 72.96 67.67
PraNet 79.12 79.50 79.31
SLAug 75.62 77.09 76.36
+S2S2 76.44 80.52 78.48+2.12
FCBFormer 91.16 86.46 88.81
+S2S2 92.85 88.72 90.79+1.98

Table 5: Out-of-domain performance comparison on Polyp
segmentation (RGB medical image datasets). Dice score (%)
is used as the evaluation metric.

GT

Image

FCBFormer |

Figure 4: Visualization of the improvement achieved by ap-
plying S2S2 to the base method in the out-of-domain setting.
‘GT’ is the ground truth. ‘Base’ refers to the corresponding
method without S2S2.

Synthetic £ L% ACDC Synapse
88.86 76.86

v 89.66+.80 77.61+.75

v v 90.64+1.78 80.29+3.43

v v Vv 190.40+1.54 81.19+4.33

Table 6: Performance of TransUNet using different proposed
modules, measured in DSC (%). ‘Synthetic’ indicates the
use of synthetic images. £°™ denotes the application of con-
sistency loss on encoder features. £ denotes the applica-
tion of consistency loss on decoder features.



accurately gauge the contributions of our module involves
leveraging a baseline model that makes minimal assump-
tions and favors widespread adoption. For this purpose, we
select TransUNet as the base model, adhering to its estab-
lished training pipeline. The results of this investigation are
detailed in Table 6. Employing solely synthetic images in the
absence of semantic consistency loss yields a result compa-
rable to the documented in prior works (Pinaya et al. 2022;
Khader et al. 2023; Tang et al. 2023; Ye et al. 2023), with
negligible improvements. The integration of semantic con-
sistency loss £°"°, however, marks a significant elevation in
performance. Although the subsequent application of £,
in conjunction with £, results in performance improve-
ment on the Synapse dataset (with 9 classes), a marginal de-
cline in performance is observed on the ACDC dataset (with
4 classes). This result is consistent with our earlier insight,
indicating the superiority of the S2S2 method in datasets
characterized by a greater number of classes. Moreover, the
result suggests that the quality of generated images plays a
vital role in the method’s effectiveness. £°"° performs on a
higher level semantic feature that is less sensitive to low-
level detail of the generated images whereas £ operates
on the pixel level that is very sensitive to the low-level detail.
This dynamic is reflected in our experiments, wherein the
inclusion of £%° may potentially detract from out-domain
performance. Nonetheless, the application of any form of
semantic consistency loss invariably transcends the perfor-
mance of the baseline model, underscoring the overall effi-
cacy of the proposed S2S2 method.
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Figure 5: Ablation study results using FCBFormer with the
proposed S2S2 method. Dashed lines indicate the perfor-
mance of the base method.

To further investigate the impact of loss weighting on per-
formance in both in-domain and out-of-domain contexts, we
conducted an ablation study using FCBFormer on RGB im-
ages. We measured the Dice score on both in-domain and
out-of-domain datasets, focusing on the effects of a®™ and
a®°, Each variable was analyzed in isolation by setting the
alternative to zero for individual assessments. From the anal-
ysis presented in Fig. 5, it is observed that a®"® exerts a rel-
atively consistent influence on in-domain performance, with
the most notable improvement in out-domain performance
is observed at o™ = (.4. In contrast, the impact of a%¢ ap-
pears less consistent, with the greatest fluctuations occurring
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within the range % € [0.2,0.6] for both in-domain and
out-of-domain datasets. This discrepancy in the behavior of
losses on top of the encoder and decoder may stem from
the generative model’s capacity to more effectively capture
higher-level semantic details as opposed to lower-level in-
formation, thereby rendering the encoder features more sta-
ble than those of the decoder, which aligns with our pre-
vious results. Moreover, the decoder features are subjected
to additional layers of network weights, potentially ampli-
fying errors inherent within the network architecture. This
result suggests a preference for £ over £%¢, attributed to
its reduced sensitivity to variations in image quality. Despite
the distinct behaviors observed, both semantic consistency
losses contribute to the overall enhancement in model per-
formance. Finally, if we apply the semantic consistency loss
with only photometric augmentation such as Gaussian blur
and color jitters, we get worse performance than the base
method (detailed in the Appendix). This result further sug-
gests the importance of the semantic stacking in addition to
traditional augmentation.

7 Discussion and Conclusion

We introduce S2S2, a novel and broadly applicable add-on
training strategy inspired by the image stacking technique,
designed to improve both in-domain performance and out-
of-domain robustness. However, the practical application of
S2S2 encounters certain constraints. Primarily, the method’s
reliance on a fine-tuned generative model for semantic stack-
ing, while innovative, introduces computational demands
that may limit its suitability for situations with abundant
data, such as natural image segmentation tasks. Addition-
ally, the performance of S2S2 is inherently tied to the gen-
erative model’s effectiveness across various datasets, which
could significantly influence outcomes.

In conclusion, our findings present a compelling case for
S2S2 as a powerful complement to existing domain-specific
augmentation methods and architectural modifications. This
strategy not only enhances model robustness but also repre-
sents a meaningful step toward the development of univer-
sally applicable solutions in image segmentation.
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