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Abstract

Image registration plays a crucial role in histological im-
age analysis, encompassing tasks like multi-modality fusion
and disease grading. Traditional registration methods opti-
mize objective functions for each image pair, yielding reli-
able accuracy but demanding heavy inference burdens. Re-
cently, learning-based registration methods utilize networks
to learn the optimization process during training and apply a
one-step forward process during testing. While these methods
offer promising registration performance with reduced infer-
ence time, they remain sensitive to appearance variances and
local structure changes commonly encountered in histolog-
ical image registration scenarios. In this paper, for the first
time, we propose a novel test-time adaptation method for his-
tological image registration, aiming to improve the general-
ization ability of learning-based methods. Specifically, we de-
sign two operations, style guidance and shape guidance, for
the test-time adaptation process. The former leverages style
representations encoded by feature statistics to address the
issue of appearance variances, while the latter incorporates
shape representations encoded by HOG features to improve
registration accuracy in regions with structural changes. Fur-
thermore, we consider the continuity of the model during
the test-time adaptation process. Different from the previous
methods initialized by a given trained model, we introduce
a smoothing strategy to leverage historical models for better
generalization. We conduct experiments with several repre-
sentative learning-based backbones on the public histological
dataset, demonstrating the superior registration performance
of our test-time adaptation method.

Introduction
Image registration is an important task in computer vision,
particularly within the realm of medical image analysis
(Chakravarty et al. 2006; Li et al. 2022; Chen et al. 2023).
The goal of image registration is to establish a transforma-
tion that aligns a pair of images (i.e., a fixed image and a
moving image), thereby enabling a wide range of clinical
applications. In the field of histological image analysis, the
utilization of various stains during histology sample prepa-
ration can offer valuable information, and each stain reveals
distinct tissue properties. Their fusion can benefit tasks such
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as grading, classification, and 3D reconstruction. However,
different preparation processes and the use of consecutive
tissue slices introduce complex and inevitable deformations.
Therefore, non-rigid registration becomes essential to facil-
itate further processing.

Traditional methods solve the registration task by formu-
lating it as an optimization problem for each image pair.
Though traditional methods provide reliable registration ac-
curacy, one obvious limitation is that the optimization can be
computationally expensive. Recently, learning-based meth-
ods (Dalca et al. 2018; Mok and Chung 2020; Hu et al.
2022a; Zhou et al. 2023; Liu et al. 2023) utilize networks
to learn the optimization process from the training image
pairs, thus regarding the registration task as a mapping from
an image pair to a deformation field during testing. Along
with the development of network structures from direct de-
signs such as U-Net (Dalca et al. 2018; Zhou et al. 2019), to
progressive designs such as Pyramid (Hu et al. 2020; Mok
and Chung 2020) and Cascade (Zhao et al. 2019a; Hu et al.
2022b), learning-based methods achieve a promising regis-
tration performance with a reduced inference burden.

In the field of histological image registration, learning-
based methods also attract research attention. As mentioned
in (Borovec et al. 2020), TUB proposes a supervised convo-
lutional neural network that relies on manually labeled key
points. DeepHistReg (Wodzinski and Müller 2021) proposes
an unsupervised method by designing a pyramid-based non-
rigid registration network, which does not demand any man-
ual annotations. It is worth mentioning that, different from
biomedical datasets such as MRI or CT, the registration of
histological images usually suffers from the following chal-
lenges as shown in Fig. 1. First, there are appearance vari-
ances between histological images due to multiple stains.
These appearance variances not only exist between the fixed
image and the moving image, but also between training im-
ages and test images, even with pre-processes such as gray
translation or color normalization. Such appearance vari-
ances can significantly affect the robustness and generaliza-
tion of learning-based registration methods. Second, there
are local structure changes such as repetitive textures and
missing sections in histological images. Therefore, learning-
based methods are hard to learn and may perform poorly
when encountering changed structures in test images. How
to design robust and generalizable learning-based registra-
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Figure 1: Challenges of the histological image registration.
Above are the appearance variances due to multiple staining,
and below are the local structure changes.

tion methods to solve the above challenges is an important
problem. SFG (Ge et al. 2022) proposes to introduce dense
SIFT features and automatic key points for histological im-
age registration, aiming to handle the challenges of struc-
tural features. But this method still focuses on the training
time and ignores the model’s potential during the test time.
Different from previous methods, we explore the test-time
adaptation for histological image registration, aiming to im-
prove the generalization and robustness.

Test-time adaptation is a useful approach to improv-
ing the model’s generalization ability, which has been ex-
plored in several computer vision tasks including classifi-
cation (Sun et al. 2020; Wang et al. 2020) and segmenta-
tion (Hu et al. 2021). In terms of medical image registration,
test-time adaptation further tunes the given trained model
on each test image pair, which can be regarded as seek-
ing a middle ground (Zhu et al. 2021) between traditional
optimization-based methods and pure learning-based meth-
ods. SSMSR (Zhu et al. 2021) introduces the test-time adap-
tation for MRI/echocardiogram registration with a straight-
forward multi-scale design. But this method does not con-
sider the challenges of histological image registration, and
thus cannot handle appearance variances and local structure
changes well. Meanwhile, SSMSR ignores the continuity of
models during the test-time adaptation process, thus restrict-
ing further improvement of registration performance.

In this paper, for the first time, we propose a novel test-
time adaptation method for histological image registration,
named SGTTA. We design two operations, style guidance
and structure guidance, for solving challenges in histological
images. Style guidance aims to handle appearance variances,
and the core idea is to transfer the style representation from
training images to test images, which can help narrow the
style gap between them. Specially, we extract the features
from the encoder branch of the trained model, then calcu-
late the statistics (i.e., mean and standard deviation values)
of features by instance normalization (IN), and regard them
as the style representation. When conducting the test-time
adaptation for image pairs, style guidance combines the style
representation from training images with the test images’
features by adaptive instance adaptation (AdaIN (Huang and
Belongie 2017)). It is worth mentioning that, feature statis-
tics from training images do not leak the complete infor-

mation of images (raw images cannot be recovered from
the statistics), which can protect the privacy of biomedical
datasets. Structure guidance aims to handle local structure
changes, and the core idea is to introduce the structural con-
straints when conducting the test-time adaptation. We utilize
the HOG (Dalal and Triggs 2005) descriptors as the structure
representation for each test image pair. Then structure guid-
ance constrains the similarity of HOG descriptors between
the fixed image and the warped moving image.

Furthermore, we consider the continuity of models dur-
ing the test-time adaptation process. Different from the pre-
vious methods initialized by a given trained model for each
test image pair, we introduce a smoothing strategy to lever-
age historical models. The smoothing strategy combines the
model from the last test image pair and the given trained
model. The model from the last test image pair contains
the learned parameters in the test domain, and the given
trained model provides a strong registration ability, which
can decrease error accumulation and catastrophic forget-
ting. Therefore, the combination of them can obtain bet-
ter generalization performance. To evaluate the effective-
ness of SGTTA, we conduct comprehensive experiments on
the public histological dataset with representative learning-
based backbones including U-Net, Pyramid, and Cascade.
Both quantitative and qualitative results demonstrate the su-
perior performance of our SGTTA. We summarize the main
contributions as follows:

• We explore the test-time adaptation for histological im-
age registration for the first time, aiming to improve the
generalization of learning-based methods.

• We propose a novel test-time adaptation method, by de-
signing style guidance and structure guidance to handle
appearance variances and local structure changes.

• We introduce a smoothing strategy to leverage historical
models, considering the continuity of models during the
test-time adaptation process.

• We conduct comprehensive experiments on the public
histological dataset with representative backbones (U-
Net, Pyramid, and Cascade), demonstrating better reg-
istration performance of our SGTTA.

Related Work
Biomedical Image Registration
Traditional methods solve the registration task by formulat-
ing it as an optimization problem for each image pair. Nu-
merous traditional methods have been developed for non-
rigid image registration, including B-spline deformation-
based methods (Song et al. 2013), elastic deformation-based
model (Du Bois d’Aische et al. 2005), large deformation
diffeomorphic metric image matching algorithm (Ceritoglu
et al. 2010), and greedy diffeomorphic algorithm (Venet
et al. 2021). ANHIR (Borovec et al. 2020) also describes
many traditional methods for histological image registration.

Recently, deep neural networks have been applied to
biomedical image registration (Hu et al. 2022a). Voxel-
Morph (Balakrishnan et al. 2018) adopts U-Net to gener-
ate the deformation field directly, which saves considerable

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

7678



Model Style
Guidance

Model

Fixed

Moving

STN

Warped Moving

Eq.3

HOG

Eq.10

HOG

𝜙𝜙

Training Time Test Time

Structure Guidance

U-Net U-Net

Cascade Cascade

Pyramid Pyramid

𝐹𝐹𝑠𝑠𝐶𝐶 𝐹𝐹𝑠𝑠𝐶𝐶

𝐹𝐹𝑠𝑠𝑃𝑃 𝐹𝐹𝑠𝑠𝑃𝑃

𝐹𝐹𝑠𝑠𝑈𝑈 𝐹𝐹𝑠𝑠𝑈𝑈

HOG

Model Continuity

Figure 2: Overview of our SGTTA, which consists of style guidance, structure guidance, and model continuity.

inference time compared with traditional methods. Dual-
PRNet (Hu et al. 2019) proposes a dual-stream pyramid
structure to generate the deformation field in a coarse-to-
fine manner, and LapIRN (Mok and Chung 2020) adopts an
image Laplacian pyramid to generate and refine deforma-
tion fields. Recursive cascaded network (Zhao et al. 2019a)
takes U-shape networks as its sub-networks, and analyzes
the effect in different cascading stages. For histological im-
age registration, Pyramid structures (Ge et al. 2022; Wodzin-
ski and Müller 2021) and Cascade structures (Borovec et al.
2020) have also been adopted. But these methods focus on
the training time, and we explore the test-time adaptation for
histological image registration for the first time.

Test-time Adaptation
Test-time adaptation methods can update a model with the
distributional information provided by a single or batch of
test data. TTT (Sun et al. 2020) adapts the feature extractor
at test time by leveraging an auxiliary self-supervised task of
rotation prediction. TTT++ (Liu et al. 2021) improves TTT
by further aligning the first- and second-order statistics of
the training and test data. Tent (Wang et al. 2020) proposes
to adapt the affine parameters in batch normalization layers
at test time by minimizing the entropy of model predictions.
T3A (Iwasawa and Matsuo 2021) adjusts the classifier of a
trained source model by computing a pseudo-prototype rep-
resentation of different classes using unlabeled test data. In
the field of image registration, SSMSR (Zhu et al. 2021) in-
troduces the test-time adaptation for MRI/echocardiogram
registration with a multi-scale design. Differently, we pro-
pose a novel test-time adaptation method for solving chal-
lenges in histological image registration.

Methodology
Preliminaries and Notations
Given a pair of histological images as the fixed image If and
the moving image Im, nonrigid registration aims to obtain

the deformation field ϕ. The warped moving image Im(ϕ)
is aligned to If by the deformation field ϕ. According to
(Balakrishnan et al. 2019), the image registration problem
can be formulated as the minimization of differences be-
tween Im(ϕ) and If , which is subject to a smoothness
constraint on the deformation field. The specific formula is
shown as

ϕ̂ = argmin
ϕ

LS(I, Im(ϕ)) + λLR(ϕ), (1)

where LS is a reconstruction loss measuring the dissimi-
larity between two images, LR constrains the smoothness
of the deformation field, and λ is a regularization parame-
ter balancing the trade-off between the reconstruction and
smoothness losses. The smoothness term is defined as

LR(ϕ) =
∑
p∈Ω

n∑
i=1

∥∇ϕi(p)∥
2
, (2)

where p is the coordinate, n is the number of pixels, ∇ is
the spatial gradients, and Ω is the neighbouring region.

Learning-Based Registration
Following common learning-based registration methods, we
model the deformation field ϕ through a network N with
learnable parameters θ, which receives If and Im as input
and generates ϕ as output. The whole process can be formu-
lated as ϕ = N (If , Im;θ). Therefore, the determination of
the deformation field is treated as a learning problem, seek-
ing to identify the optimal parameters θ that minimize the
loss function presented in Eq. (1). By the way, many metrics
can be used to measure the dissimilarity LS in Eq. (1), and
we choose the negative normalized local cross-correlation as
the reconstruction loss in this paper.

We choose several advanced registration backbones as the
network N , including U-Net, Pyramid, and Cascade. For
the U-Net backbone, we follow the design in VoxelMorph
(Dalca et al. 2018). U-Net has the encoder part and the de-
coder part, where the encoder part generates four features
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{F u
s}4s=1 according to the spatial scale. For the Pyramid

backbone, we follow the design in DeepHistReg (Wodzinski
and Müller 2021) and RDN (Hu et al. 2022b) roughly. Pyra-
mid also has the encoder part and the decoder part, while the
decoder part generates the deformation fields in a coarse-
to-fine manner. For consistency, we design the encoder in
Pyramid to generate four features {F p

s}4s=1 according to the
spatial scale. For the Cascade backbone, we follow the de-
sign in RDN (Hu et al. 2022b) and RCN (Zhao et al. 2019a)
roughly, which generates the deformation field in a recursive
manner. We denote the features in encoder of Cascade as
{F c

s}4s=1, and omit different subnetworks for convenience.

Test-Time Adaptation for Registration
Given the training dataset including image pairs {Itr

f , Itr
m},

we first learn the model’s parameters by minimizing the loss
function Eq. 1 and obtain the given trained model θtr. In
the common paradigm, we can directly apply θtr on the test
dataset with a one-step forward process. The benefit of this
paradigm is efficient inference but at the cost of performance
drop. The main reason for this is the inherent characteristics
of each image pair, posing challenges for learned models to
generalize effectively to new test images. Particularly, when
dealing with histological images with appearance variances
and structural changes, a notable performance gap between
the training and test datasets becomes obvious.

We introduce test-time adaptation to improve the general-
ization of learning-based registration. Under this paradigm,
given the test image pair {Ite

f , Ite
m}, the network parameters

θte are initialized by θtr and further optimized as

θte = argmin
θ

E
[
LS(I

te
f , Ite

m(ϕ); θ) + λLR(ϕ;θ)
]
. (3)

Test-time adaptation not only alleviates the drawbacks in
traditional registration methods including high cost in op-
timization, long running time, and poor performance due
to local optimality (KingmaandJ 2015), but also improves
the performance of pure learning-based methods by further
adapting on test image pairs.

Style Guidance for Test-Time Adaptation
Appearance variances usually exist in histological image
registration, so we propose style guidance to solve this chal-
lenge during the test-time adaptation process. The core idea
is to transfer the style representation from training images
to test images, which can help narrow the style gap between
images. How to define the style representation is the first
question. In the field of style transfer, it is well-known that
convolutional feature statistics can represent the style infor-
mation of an image, such as channel-wise mean and vari-
ance (Gatys, Ecker, and Bethge 2016). Following (Ulyanov,
Vedaldi, and Lempitsky 2017), image style can be removed
by instance normalization (IN). For an image I , the feature
of I can be defined as F ∈ RC×H×W , where H and W are
spatial dimensions, and C is the number of channels. There-
fore, IN can be formulated as:

IN (F ) = γ
F − µ

σ
+ β (4)

Instance
Normalization AdaIN

Style 
Guidance

=∗ " + 1 − " ∗

=∗ " + 1 − " ∗

&!"#&$%

'$%
&$"

'$"
'!"#

!!"# "!!"#

Figure 3: The illustration of style guidance.

where γ, β are learnable affine transformation parameters,
and µ,σ ∈ RC are the channel-wise mean and standard
deviation of feature map calculated as

µ =
1

HW

H∑
h=1

W∑
w=1

F chw, (5)

σ =

√√√√ 1

HW

H∑
h=1

W∑
w=1

(F chw − µ)
2
+ ϵ, (6)

where ϵ is a constant for numerical stability. Inspired by
the above style transfer designs, we choose feature statistics
(mean and standard deviation) as the style representation.
Moreover, AdaIN is proposed to convert one image style to
another one, which replaces the affine parameters by the spe-
cific style statistics (µ̃, σ̃). The formulation of AdaIN is de-
fined as

AdaIN (F , (µ̃, σ̃)) = σ̃
F − µ

σ
+ µ̃. (7)

Considering the simplicity, we choose the AdaIN to transfer
the style representation from training images to test images.

Specically, given the trained model θtr, we use it to ex-
tract the features of the encoder part on the training dataset.
In fact, there are different types of encoded features based
on different backbones, F tr(u)

s /F tr(p)
s /F tr(c)

s , and we de-
note them as F tr

s for convenience. Then we calculate the
feature statistics (mean and standard deviation) of features
following IN, and average them as the style representation
(µtr,σtr). During the test-time adaptation process, given
one test image pair, we extract the encoded features F te

s
and calculate the style representation (µte,σte) in a similar
way. Style guidance combines the test style representation
with ones from the training dataset, aiming to transfer the
style representations from training images. The combination
is shown as

µnew = αµtr + (1− α)µte, (8)

σnew = ασtr + (1− α)σte, (9)
where α is the hyperparameter to control the style transfer.
Finally, we utilize the AdaIN to obtain the new encoded fea-
tures F̃

te

s = AdaIN
(
F te, (µnew,σnew)

)
, as shown in fig-

ure 3. After that, new encoded features are passed into the
next encoder block or decoder part.
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Structure Guidance for Test-Time Adaptation
Local structure changes usually exist in histological image
registration, so we propose structure guidance to solve this
challenge during the test-time adaptation process. As dis-
cussed in (Ge et al. 2022), structural representations are ro-
bust to staining images and retaining the anatomical struc-
tures is helpful for diagnosis in histological images (Mi-
randa et al. 2012). The core idea of structure guidance is
to introduce the structural constraints when conducting the
test-time adaptation. The first question is to determine the
structure representations. In fact, there are many structure-
based descriptions such as SIFT (Lowe 1999), shape context
(Belongie, Malik, and Puzicha 2002), and HOG (Dalal and
Triggs 2005). Considering the efficiency and lightweight
during the test-time adaptation process, we choose the HOG
as the structure representation.

Specifically, given the test image pair {Ite
f , Ite

m}, we can
obtain the deformation field ϕ by the given model. Accord-
ing to the previous statements, we use Eq. 3 to find the op-
timal parameters. Here, we add another constraint based on
the structure representations. We extract structure represen-
tations of the fixed image Ite

f as Hte
f , along with the repre-

sentations of the warped moving image Ite
m(ϕ) as Hte

m(ϕ).
Furthermore, considering the complicated local structures,
we provide multi-scale structure representations for better
performance. To obtain the multi-scale representations, we
downsample the images into several scales by bilinear in-
terpolation and extract HOG descriptors in each scale. We
can regard the multi-scale structure representations of the
fixed image {Hte

f(s)}4s=1 and the warped moving image
{Hte

m(s)(ϕ)}4s=1 as the structure guidance for the constraint
during the test-time adaptation process. The constraint can
be formulated as

Lsg =

−

((
Hte

f(s) −Hte
f(s)

)
·
(
Hte

m(s)(ϕ)−Hte
m(s)(ϕ)

))2

(
Hte

f(s) −Hte
f(s)

)2

·
(
Hte

m(s)(ϕ)−Hte
m(s)(ϕ)

)2 ,

(10)
where ∗ means the local means operation.

Model Continuity during Test-time Adaptation
We further consider the continuity of the model during
the test-time adaptation process. Given the test image pair
{Ite

f , Ite
m} at time point t (it is reasonable to assume that

pairs of images appear sequentially over time), we define
three models to present our smoothing strategy. First, we
define θ

′

t as the historical model, then we define θte∗
t as the

initialization model, finally we define θte
t as the obtained

model after the test-time adaptation process. To consider
the model’s continuity, we propose a smoothing strategy to
leverage historical models as

θ
′

t+1 = wθ
′

t + (1− w)θte
t , (11)

where w is a smoothing factor. For the next time point
t + 1, the previous method just applies the given trained

model θtr as the initialized model θte∗
t+1 = θtr. Differ-

ently, we initialize the model with the combination of the
given trained model and the continuous model as θte∗

t+1 =

kθtr+(1−k)θ
′

t+1. Then, starting from the θte∗
t+1, the model

θte
t+1 can be obtained after test-time adaptation process.

Experiments
Datasets and Metrics. We conduct experiments on the
public histological dataset ANHIR for comparison. SGTTA
focuses on the test-time stage and is complementary to
learning-based methods in the training stage, so it is fea-
sible for us to choose the dataset for evaluation. For fair
comparison and efficient experiments, we use the images
containing public landmarks in the raw ANHIR dataset as
our dataset, and we split them into 115 pairs for training
and 115 pairs for testing. The public landmarks represent
obvious structures in the images. Based on landmarks, we
use the relative target registration error of landmarks (rTRE)
for each pair of images as the evaluation metric. We cal-
culate the median, average, and maximum of all rTRE val-
ues in an image pair. At the case level, there is aggrega-
tion by the median or the average. The metrics are median-
median rTRE (MMrTRE), average-median rTRE (AM-
rTRE), median-average rTRE (MArTRE), average-average
rTRE (AArTRE), median-maximum rTRE (MMxrTRE) and
average-maximum rTRE (AMxrTRE). Robustness is evalu-
ated by the relative number of successfully registered land-
marks.

Baseline Methods. First, we implement six traditional
methods as our main comparison methods. Following the
guidance from ANHIR, we implement bUnwarpJ (Arganda-
Carreras et al. 2006), RVSS (Arganda-Carreras et al. 2006),
NiftyReg (Rueckert et al. 1999), Elastix (Klein et al. 2009),
ANTs (Avants et al. 2008), and DROP (Glocker et al.
2011). Second, considering that SGTTA is complementary
to learning-based methods, we implement three advanced
registration backbones (U-Net, Pyramid, and Cascade) as
the comparison methods. Specifically, as mentioned be-
fore, we denote the U-Net backbone as HistRegU. For the
Pyramid backbone, we follow the design in DeepHistReg
(Wodzinski and Müller 2021) and RDN (Hu et al. 2022b)
roughly and denote it as HistRegP. For the Cascade back-
bone, we follow the design in VTN (Zhao et al. 2019b) and
RCN (Zhao et al. 2019a) roughly and denote it as HistRegC.

Implementation. All the learning-based methods are im-
plemented on PyTorch on 4 cards of NVIDIA TITAN XP.
We apply the same pre-processing step and follow (Wodzin-
ski and Müller 2021) to conduct the rotation prediction and
affine registration, so we focus on the nonrigid registration
problem. For a fair comparison, we do not use any pre-
trained models and apply the same training schedule for
all learning-based methods. Specifically, during the training
stage, we set the batch size as 1 and the number of epochs as
100. We set the regularization parameter λ as 30 following
(Wodzinski and Müller 2021). For other hyperparameters,
we set α as 0.2, w as 0.99, and k as 0.8 empirically.
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Method Average rTRE Median rTRE Max rTRE Robustness Time [min]
Average Median Average Median Average Median Average Median Average

bUnwarpJ 0.0472 0.0193 0.0463 0.0192 0.1035 0.0524 0.7866 0.9525 10.57
RVSS 0.0269 0.0107 0.0278 0.0087 0.0648 0.0394 0.8455 1.0000 5.25
NiftyReg 0.0433 0.0243 0.0434 0.0237 0.1097 0.0502 0.7624 0.8974 0.14
Elastix 0.0411 0.0144 0.0374 0.0094 0.0898 0.0418 0.8698 0.9866 3.50
ANTs 0.0397 0.0132 0.0391 0.0096 0.0872 0.0422 0.7998 0.9882 48.24
DROP 0.0325 0.0092 0.0327 0.0057 0.0804 0.0387 0.8971 1.0000 3.99
HistRegU 0.0254 0.0084 0.0257 0.0062 0.0784 0.0327 0.9534 0.9948 0.01
HistRegU + SGTTA 0.0196 0.0051 0.0189 0.0037 0.0509 0.0237 0.9820 1.0000 0.12
HistRegC 0.0223 0.0072 0.0214 0.0041 0.0611 0.0254 0.9647 1.0000 0.03
HistRegC + SGTTA 0.0174 0.0041 0.0155 0.0026 0.0484 0.0203 0.9812 1.0000 0.67
HistRegP 0.0207 0.0067 0.0223 0.0039 0.0545 0.0258 0.9748 1.0000 0.02
HistRegP + SGTTA 0.0161 0.0032 0.0149 0.0022 0.0467 0.0217 0.9823 1.0000 0.39

Table 1: Comparison results with the traditional methods, U-Net learning-based method (HistRegU), Pyramid learning-based
method (HistRegP), Cascade learning-based method (HistRegC), and our SGTTA.

Results
Comparison with Baseline Methods
SGTTA is complementary to learning-based methods, so we
apply our method for all three learning-based methods. We
do not modify any training details about them, and tune the
model on the test datasets using our method. According to
the results in Table 1, SGTTA consistently boosts the per-
formance of learning-based methods. Specifically, compar-
ing HistRegU+SGTTA with HistRegU, all the metrics are
improved, indicating the better registration performance of
SGTTA. In terms of robustness, SGTTA improves both aver-
age and median robustness which verifies SGTTA improves
the generalization ability of the learning-based method.

Compared with HistRegU, HistRegP and HistRegC
achieves better registration performance due to the inherent
decomposition (Hu et al. 2022b). Even though HistRegP and
HistRegC have a higher start point, SGTTA still improves
them with an obvious gain. Specifically, SGTTA improves
HistRegC from 0.0214 to 0.0155 and HistRegP from 0.023
to 0.0149 in terms of AMrTRE. Meanwhile, AmaxrTRE and
MMaxrTRE are improved obviously for both HistRegC and
HistRegP through SGTTA. Though HistRegC and HistRegP
have achieved a 1.0 median robustness, SGTTA still im-
proves the average robustness from 0.9647 to 0.9812 or
from 0.9748 to 0.9823, which is promising for clinic sce-
narios. By the way, the learning-based method equipped
with SGTTA shows a large advantage in registration accu-
racy compared with all traditional methods. Due to the fur-
ther optimization of the network parameters, the inference
time of SGTTA is relatively longer. But in fact, SGTTA is
faster than most traditional methods, while the performance
is obviously better. Also, compared with pure learning-based
methods, the increased inference time is acceptable consid-
ering the improvement of registration performance. More-
over, We conduct the statistical significance test, demon-
strating the significant improvements by SGTTAs, where

Components Metrics
Style Structure Continuity AArTRE MArTRE

0.0254 0.0084
✓ 0.0231 0.0071
✓ ✓ 0.0209 0.0059
✓ ✓ ✓ 0.0196 0.0051

Table 2: Ablation studies of SGTTA about network compo-
nents. Style is style guidance, Structure is structure guid-
ance, and continuity is model continuity.

HistRegU+SGTTA outperforms HistRegU with p-values be-
low 5e-4 for AArTRE and 5e-3 for MArTRE.

Visualization Comparison
We take different images as examples to show the visualiza-
tion quality of SGTTA in Fig 4. In the image comparisons,
we depict the distances between landmarks, and we ob-
served that SGTTA results in better landmark alignment in
most regions. This finding indicates that SGTTA can further
enhance the accuracy of image structure registration, thereby
demonstrating its effectiveness in improving the generaliza-
tion capability of learning-based methods.

Ablation Studies
In this section, we delve deep into the effect of our design
in SGTTA. We take HistRegU as an example where the im-
pacts are consistent with the other two backbones, and we
use AArTRE and MArTRE as the metrics.

Effect of Components. We conduct ablation experiments
to verify the effectiveness of our design in SGTTA, includ-
ing style guidance, structure guidance, and model continu-
ity. The detailed results are shown in Table 2. All three de-
signs improve registration accuracy. Specifically, style guid-
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HistRegU HistRegU + SGTTA

HistRegP HistRegP + SGTTA

HistRegU HistRegU + SGTTA

HistRegC HistRegC + SGTTA

Figure 4: Visualization results of our SGTTA with pure learning-based methods in ANHIR dataset.

Position Metric
1st 2nd 3rd 4th AArTRE MArTRE
✓ 0.0207 0.0062
✓ ✓ 0.0203 0.0057
✓ ✓ ✓ 0.0198 0.0053
✓ ✓ ✓ ✓ 0.0196 0.0051

Table 3: Ablation studies of SGTTA about encoded features’
positions in style guidance

ance improves AArTRE from 0.0254 to 0.0231, indicating
that transferring the style representations between the train-
ing dataset and the test dataset is helpful for generalization.
And structure guidance further boosts the test-time adapta-
tion performance, which is consistent with the claims in (Ge
et al. 2022). Finally, model continuity based on a smoothing
strategy improves registration accuracy. Though model con-
tinuity does not give as significant an improvement as the
other two, it is easy to implement and does not have much
extra burden, so it is meaningful for the test-time adaptation
process of registration.

Effect of Feature Position in Style Guidance. In style
guidance, we combine the style representations from the
training images with features from the test images by
AdaIN, and we can choose the position of the combined fea-
tures. As mentioned before, each backbone has four encoded
features according to the spatial scale, we involve these four
features in the style guidance in default. Here, we analyze
the effect of encoded features’ position, and the results are
shown in Table 3. The results show that even with the first
encoded feature lonely, the performance is improved, indi-
cating the effectiveness of the style guidance. Along with
introducing more encoded features, the registration perfor-
mance is improved gradually. However, the latter the fea-
tures’ position is, the less impact on the registration perfor-
mance. We think the reason is early features usually capture
low-level information such as style while later features usu-

Scale Metric
1 1/2 1/4 1/8 AArTRE MArTRE
✓ 0.0219 0.0071
✓ ✓ 0.0206 0.0059
✓ ✓ ✓ 0.0199 0.0055
✓ ✓ ✓ ✓ 0.0196 0.0051

Table 4: Ablation studies of SGTTA about HOG descriptors’
scale in structure guidance

ally encode high-level information such as semantic content.
So early features bring in more impact on the style guidance,
thus influencing the performance.

Effect of HOG Scale in Structure Guidance. In struc-
ture guidance, we utilize the HOG descriptors as the
structure representations to constrain the fixed image and
warped moving image. In the default setting, we use
multiple HOG descriptors with 4 spatial scales including
{1, 1/2, 1/4, 1/8}. Here, we analyze the impact of different
scales and show the results in Table 4. From the results, we
can determine that multi-scale HOG is better than single-
scale HOG, and the reason is that rough and fine structure
representations are both important in the registration prob-
lem as mentioned in (Ge et al. 2022).

Conclusion
In this paper, for the first time, we propose a novel test-
time adaptation method for histological image registration,
named SGTTA. We design two operations, style guidance
and structure guidance, for solving the challenges of ap-
pearance variances and local structure changes in histolog-
ical images. Furthermore, we consider the continuity of the
model and propose a smoothing strategy to leverage histori-
cal models. We conduct experiments on the public histolog-
ical dataset with representative backbones, such as U-Net,
Pyramid, and Cascade, demonstrating the superior perfor-
mance of SGTTA.
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