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Abstract

Series Section Electron Microscopy (ssEM) is a crucial tech-
nique for visualizing three-dimensional (3D) biological struc-
tures, which involves collecting electron microscopy images
from a series of biological sections along the z-axis and re-
constructing the 3D structure. 3D registration is an essen-
tial step in ssEM, designed to eliminate axial misalignment
and nonlinear distortions introduced during sample section-
ing. A significant challenge in 3D registration is eliminating
nonlinear distortions while preserving natural deformations.
In this paper, we present a new formulation of the 3D reg-
istration problem from a frequency domain perspective and
propose a Gaussian filtering-based 3D registration method,
which defines 3D registration as a superposition problem of
high-frequency and low-frequency components. We extend
the concept of a one-dimensional Gaussian filter to three-
dimensional image stacks and integrate it with optical flow
networks to consolidate the deformation field within the re-
ceptive field. Extensive experiments demonstrate that our
method can successfully decouple nonlinear distortions and
natural deformations in the frequency domain, proving supe-
rior to existing methods in rapidly and accurately eliminating
nonlinear distortions and restoring biological structures, and
has the potential to be extended to large datasets.

Introduction

Series Section Electron Microscopy (ssEM) is a widely used
high-resolution three-dimensional (3D) visualization tech-
nique for biological tissues (Terasaki et al. 2013; Miiller
et al. 2021; Xu et al. 2021) and cells (Ryan, Lu, and Mein-
ertzhagen 2016; Wilson et al. 2022), which has been adopted
across various domains, including life sciences (Morgan
and Lichtman 2020; Baena and Terasaki 2019), medicine
(de Senneville et al. 2021; Johnson et al. 2022), and clini-
cal diagnostics (Weidner et al. 2009; Shoemark et al. 2020).
Specifically, it has been instrumental in connectomics stud-
ies elucidating neuronal connections (Zheng et al. 2018) and
in reconstructing the 3D ultrastructure of diverse cells and
tissues (Yin et al. 2020; Wilson and Babadi 2023). In ssEM,
the workflow typically involves slicing biological samples
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Figure 1: (a) One-dimensional signal with high frequency
noise (Original Signal) and Gaussian-filtered signal (De-
noised Signal). (b) The side view (y-z plane) of original
ssEM data (Raw Data) and registered ssEM data (Registered
Data). Our method can effectively remove nonlinear distor-
tions while preserving natural deformations.

along the z-axis into a series of microscope sections, which
are then subjected to staining, digital imaging, 2D stitching,
3D registration, and finally, reconstruction to obtain the 3D
structure (Kievits et al. 2022). Notably, 3D registration is
the most critical step in this process, which serves to elimi-
nate axial nonlinear distortions introduced during sectioning
and restore the faithful 3D structure. However, the complex-
ity of cellular structures, coupled with the inevitable accu-
mulation of errors in the registration of long-sequence large
datasets, poses significant challenges. Furthermore, distin-
guishing between nonlinear distortions and natural defor-
mation adds to the difficulty in solving the problem of 3D
registration.

3D registration typically is cast as an optimization prob-
lem over slices, with numerous energy-based methods de-
veloped (Arganda-Carreras et al. 2006; Saalfeld et al. 2012).
However, these traditional techniques often suffer from
complex parameter tuning, leading to suboptimal perfor-
mance. Deep learning methods (Yoo et al. 2017; Zhou et al.
2019; Liu et al. 2023) have shown significant progress in
registration speed. Nevertheless, most of these methods of-
ten struggle to handle natural deformations between slices,
potentially leading to damage to axial structures.

In this paper, we examine the 3D registration problem



from a frequency domain perspective and introduce a Gaus-
sian filter-based 3D registration method designed to elim-
inate axial nonlinear distortions while preserving natural
deformations. As illustrated in Figure 1, the natural de-
formations, associated with low-frequency signals, change
gradually, whereas nonlinear distortions, associated with
high-frequency signals, occur abruptly and subtly. Inspired
by (Gaffling et al. 2014), we conceptualize the 3D regis-
tration problem as a superposition of high-frequency and
low-frequency components. We propose applying a one-
dimensional (1D) Gaussian filter to a 3D image stack, while
integrating the deformation field using neural networks.
Specifically, we extend the 1D Gaussian filter to a 3D im-
age stack, leveraging its robust smoothing capabilities to ef-
fectively remove nonlinear distortions while retaining natu-
ral deformations. We further use a cascaded pyramid optical
flow estimation network to estimate deformation fields be-
tween adjacent slices from coarse to fine. The estimated de-
formation fields are integrated by a Gaussian filter to achieve
precise distortion elimination. Furthermore, we introduce a
weighted loss function over multiple adjacent slices to main-
tain the axial continuity. We conduct extensive experiments
on synthetic and real datasets, which demonstrate that our
method outperforms the state-of-the-art in terms of rapidly
and accurately eliminating nonlinear distortions and restor-
ing biological structures, and has the potential to be ex-
tended to large datasets. Our contributions are summarized
as follows:

* We examine the 3D registration problem from a fre-
quency domain perspective and propose a Gaussian filter-
based method that can eliminate nonlinear distortions
while preserving natural deformations.

* We extend the concept of the 1D Gaussian filter to 3D
image stacks, which integrates deformation fields among
adjacent slices, for effectively smoothing the structure
and precisely eliminating nonlinear distortions.

* We conducted comprehensive experiments on multi-
ple synthetic and real datasets, demonstrating that our
method exhibits outstanding robustness in handling com-
plex deformations and long-sequence error accumula-
tion. It surpasses existing methods in terms of registration
accuracy and speed and has the potential to be extended
to large datasets.

Related Works

3D Registration of ssEM Images Stack. Several tra-
ditional software packages have been developed for the
3D registration of ssEM datasets, including AlignTK (Lee
et al. 2016), IMOD (Kremer, Mastronarde, and McIntosh
1996), StackReg (Thevenaz, Ruttimann, and Unser 1998)
and TrakEM?2 (Cardona et al. 2012). TrakEM?2 is one of the
most popular tools, which achieves 3D registration by it-
eratively optimizing a spring-connected particle system in
which each section is represented as a triangular spring
mesh. However, TrakEM?2 faces a series of issues, such
as high computational cost and limited registration accu-
racy. Furthermore, Gaffling et al. proposes a Gauss-Seidel
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iteration-based method aimed at eliminating nonlinear dis-
tortions and recovering the correct 3D structure (Gaffling
et al. 2014). However, this method does not provide a spe-
cific mathematical definition of the 3D registration prob-
lem and faces the risk of natural deformation diminishment
due to excessive iterations. Recently, deep learning meth-
ods (Yoo et al. 2017; Zhou et al. 2019; Liu et al. 2023)
have emerged as promising alternatives for 3D registration.
For instance, Xin et al. proposed a structured regression ap-
proach to reduce error accumulation, but their method faces
challenges in extending to long sequences (Xin et al. 2023).
Another method, SEAMLeSS (Popovych et al. 2024) can
be extended to large-scale datasets through parallel comput-
ing. Nevertheless, SEAMLeSS does not specifically address
the issue of distinguishing between nonlinear distortions and
natural deformations.

Medical Image Registration. Medical image registration
serves as the most analogous task to 3D registration and
has witnessed numerous exciting advancements (Zhou et al.
2023; Pielawski et al. 2020; Chen et al. 2019; Zhao et al.
2019; Haskins, Kruger, and Yan 2020; Hering et al. 2022). It
can be categorized into two types based on parameter trans-
formation models. The first type encompasses dense trans-
formation models (Balakrishnan et al. 2018; Dalca et al.
2018; Krebs et al. 2019; Dalca et al. 2019), which directly
estimate the transformation for each pixel to acquire a dense
deformation field. The second type involves interpolation-
based transformation models (Jud et al. 2016; Vishnevskiy
et al. 2016; Sandkiihler et al. 2019; Shen, Vialard, and Ni-
ethammer 2019), utilizing a set of fixed functions (e.g., B-
splines) over a grid in the image domain to approximate the
image transformation. While both types have been exten-
sively studied and yielded significant results, they primarily
focus on image pairs. In contrast, 3D registration is more
complex, requiring consideration not only of the nonlinear
distortions but also the axial continuity and biologically nat-
ural deformations.

Method
Problem Formulation

In the problem of 3D registration, consider an image stack
{I;}X,, which is distorted by nonlinear deformation caused
by sample section or optical effect. The objective of 3D reg-
istration is to find a series of deformation fields {®;}}¥,
where deformation field ®; registers image I;, in order to
eliminate distortion and reconstruct a faithful 3D structure
from the registered image stack {/;}¥. The primary chal-
lenge lies in finding a deformation field ®; that not only ef-
fectively eliminates nonlinear distortions but also preserves
natural deformations. In this paper, we further refine the
mathematical definition of 3D registration. Specifically, for
each slice I; and its neighboring slices N'(I;), we aim to
identify a deformation field that eradicates nonlinear distor-
tions while maintaining natural deformations. Motivated by
this reconception, the following objective function is specif-
ically designed:



Calculate the deformation
field between slices

tmp —
q)i,i—z

—_—
= q)tmp —
g i,i—1 — T
Z 0 3
< O = =
ES 5
5 @ o
“= 5]
5 =
e z
28 £
£ otmP — g
= 1,i+1 — O
2 -
S

tm, -

P -
i,i+2 E—

Figure 2: Overview of our method. It predicts the deformation field between slices using dense optical flow estimation network
and performs 3D registration through the Gaussian filter algorithm.

Algorithm 1: Algorithm of our method

Input: stack: Image stack
Parameter: r: Gaussian kernel radius, L: Maximum regis-
tration distance, 7: Number of iterations (default 2)
Output: stack: Registered image stack

1: while T # 0 do

2:  for I; in stack do

3: Compute {w,""}r__ ., and {I,""}7__ | us-
ing Eq.(8)
4 {wltcmp}ZZ—r-‘rl = norm({wz:mp};::—r-ﬁ-l)
5 Compute I; using Eq.(9)
6: stack <+ fl
7:  end for
8 stack < reverse(stack)
9 T+ T-1
10: end while

O;=argmin Y F(I;,1;, ;) + M|[Ve[[3. (D

VI;EN (I;)

where I; denotes the slice to be registered, A/ (I;) repre-
sents the neighboring slices of I;, function F' estimates the
difference between the I; deformed by ® and the neighbor-
ing slice I}, and \||[V®||3 acts as a regularization term.

Framework of Proposed Method

We extend the application of the 1D Gaussian filter to 3D
image stacks to leverage its powerful smoothing capabili-
ties (Roberts and Mullis 1987), thereby eliminating nonlin-
ear distortions and restoring a smoother 3D structure. The
overview of the algorithm is presented in Algorithm 1. A
1D Gaussian filter is modeled along the axial direction of
the image stack {I;} . At each window of the Gaussian
filter, an optical flow estimation network is employed to es-
timate the deformation field between slices, which is then
combined by Gaussian filtering. Figure 2 illustrates the fil-
tering operation at the /-th window. At each filtering oper-
ation, the deformation field ®; is outputted to deform slice
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I; and we sequentially apply this process until the last slice.
In the next section, we first demonstrate our method on a
simple 1D model and subsequently extend it to 3D image
stacks.

Gaussian Filter in Simple 1D Model

Given a 1D signal f of length IV, and a Gaussian kernel
w with the radius r, the filtering operation at point ¢ is ex-
pressed as the following:

Z W fitks

k=—r

fi= )

where wy, denotes the weight of the k-th element of the
Gaussian kernel, 7 is the radius of the Gaussian kernel, f;
represents the i-th value of the signal, and f; represents the
filtered value at position 1.
Assuming the receptive field radius of » = 1, the filtering
operation for f; is expressed as:
fi=w_1fio1 +wofi + w1 fis1. (3)
Let us define d; ; = f; — f; for any indices ¢ and j, then
Eq.(3) can be rewritten as:

fi = w_id; i1 +wodiy1 i +w_1 fi+ (wo+w1) fiy1. 4)

Gaussian Filter in 3D Image Stacks

Let’s consider the application of a similar 1D Gaussian filter
to a 3D image stack, where each point f; in a 1D signal
is analogous to an image I; in the image stack. Here, d; ;
represents the deformation field ®; ; that register slice I; to
slice I;. Therefore, the Gaussian filter operation for slice I;
can be expressed as:

fi =w_11; 0w_1‘1)i,i—1 + (wo +w1)Ii+1 Owo(bi-&-l,i, 5

where we assume the radius of the Gaussian kernel to be 1,
I; represents the ¢-th slice, ®; ; represents the deformation
field from slice I; to slice I; and o denotes the register oper-
ation.

However, the limitation in Eq.(5) is evident, as each
slice is registered only with its immediately preceding slice,



thereby ignoring potentially valuable displacement infor1
tion from slices with larger distances. As demonstratec
Figure 3(a), the slice I;; is only registered with I; but
I;_ ;. To expand the registration to include more compreh
sive interactions among multiple adjacent slices, we prop
the following adjustment:

I = (w_1 +wo)l;ow_1P; 1+
(w_1 +wo +w1)I110
(w_1Piy1,i-1 + woPit1,i)

where we register each slice with its multiple neighb
allowing the registration process to consider a larger a:
range of natural deformations, as shown in Figure 3(b).

liyq

Figure 3: (a) Each slice is registered only with the immedi-
ately preceding slice. (b) Each slice is registered with multi-
ple neighboring slices, which considers a larger axial range
of natural deformations.

According to Eq.(6), it can be observed that IAi incor-
porates weighted contributions from both the deformed I;
and the deformed I;1;. This unfortunately introduces im-
age information from [;41, which is not desirable. To re-
tain the true information only from I;, we made adjustment
to Eq.(6). Specifically, we deform I; using a weighted de-
formation field calculated among multiple adjacent slices,
rather than directly using information from adjacent slices.
The deformation fields for I; with adjacent slices are calcu-
lated based on the registered adjacent slices. Therefore, the

calculation for the deformed fi is as follows:

tmp
I =Liow 19P;-1,

tm,
LYY =T o (wo1®ig o1 + woPiv1),

Simp _ (w_1+wo)
Wy T (wortwo)FH(wo1twotwy)? (7)
wtmp _ (w_14+wo+wi))
1 - (w71+wo)j-(w7t1+wo+tw1)’t
fi —Io D1+ w, ”<I>i2)ip+w1 p‘bi’jfl,

where we denote the deformed {I;,I;;1} as intermedi-

ate images {I ff,f }4_o and their corresponding normalized

weights as {w,""}1_,. Then,we register ; to {I;}"/ }_ to

obtain {®]'"?, }}_,. After being weighted by {w;""}}_,.

{@;T_f . }1_o are used for registration to obtain I;.

However, this raises another issue: if the kernel radius r is
large, the morphological image differences within the same
receptive field [—r, r] will be significant, which can affect
the registration effectiveness. Therefore, we set the maxi-
mum registration distance for each slice to L (L < r). Gen-
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Figure 4: The framework of optical flow estimation network
for predicting the deformation field between slices.

erally, assuming the radius is r and the maximum registra-
tion distance is L, we have:

tmp __ k—1
W =wk + Zl:max(—r,k—L) wr, 8
Itmp T k—1 , ) ( )
i+k — Litk © Zl:max(fr,ka) (wl 1+k”b+l)’

where w,im” represents the k-th unnormalized weight in

{w™ Yy __, .1, and I\}"? represents the k-th intermediate

image in {I;”}7__, . ,. Finally, we obtain the final regis-
tered image I; by the following:
T

; i1+ D e

i =1;
° 2

—tmp xtmp
Wy ‘I’i,i+k

€))

Optical Flow Estimation Network

High-precision deformation fields contribute to achieving
accurate 3D registration. We use a cascaded optical flow es-
timation network to estimate the deformation field between
slices. We use a cascaded optical flow estimation network to
estimate the deformation field between slices using a coarse-
to-fine strategy. As demonstrated in Figure 4, we break down
the generation of the deformation field ®,,, ¢ into T' itera-
tions. For each iteration, such as the ¢-th iteration, the in-
put to the network are the fixed image Iy and warped image

I, 1—1 warped by the deformation field ®,, ;—; from the
previous iteration.

Feature Pyramid. Our network employs a 2D convolu-
tion encoder to extract feature pyramids. Specifically, the
encoder processes the current registered image fm,t,l to
generate a feature pyramid {F% }2_, and it simultaneously
extracts both a feature pyramid {F}}3_, and a contextual
feature pyramid {C}}g’:l from the preceding image I . The
dimensions of F, F}, F2, and F3 are 1/2,1/4,1/8, and
1/16 of I, respectively, with channel numbers of 8, 16, 32,
and 64. The number of channels in each layer of {C$}3_;
and {F}}3_, is kept consistent with that of {F}5,}3_.

Optical Flow Estimation. Given {F};}3_,, {F;}3_,,

and {C’Jﬁ}i’?:l, we divide them into three sets of features



Datasets\Method EMReg EFSR TrakEM?2 SEMLeSS Ours

MI (GT) 0.65+0.16 1.26 £ 0.15 1.24 +0.10 1.07 £0.14 1.54 £ 0.11

Mouse Kidney SSIM (GT) 0.44 £0.04 0.63 £0.05 0.61 £0.03 0.52 +£0.04 0.78 = 0.03
NCC (GT) 0.81 £0.05 0.97 £0.01 0.97 £0.00 0.96 £ 0.01 0.99 £ 0.00

MI (GT) 0.79 £0.18 1.36 £0.16 1.47 £0.08 1.29£0.19 1.83 + 0.08

Mouse Liver SSIM (GT) 0.43 +£0.03 0.56 £ 0.04 0.61 +£0.03 0.52 £0.06 0.80 £ 0.02
NCC (GT) 0.78 £ 0.05 0.95 £ 0.01 0.97 £ 0.00 0.95 +0.01 0.99 + 0.00

MI (GT) 0.66 +0.18 1.03 £ 0.20 1.08 £ 0.15 0.89 £0.18 1.40 £ 0.16

Mouse Skin SSIM (GT) 0.50 £ 0.07 0.60 £ 0.07 0.64 £ 0.06 0.51 £0.07 0.82 + 0.03
NCC (GT) 0.87 £0.04 0.97 £0.01 0.98 £ 0.01 0.96 = 0.01 0.99 + 0.00

Table 1: Quantitative results of various methods on the Mouse Kidney, Mouse Liver, and Mouse Skin datasets.

based on their scale, denoted as {F}, F;5,, C3}2_,. These
features are then separately input into three individual recur-
rent generation modules (ConvGRU). Simultaneously, each
ConvGRU takes the deformation field <I>f;: }_t as supplemen-
tary input, achieving a coarse-to-fine update of the deforma-
tion field ®; fio and the update formula is as follows:

z* = o(Convzxs([h}, F}, F], WY)),
7:5 = J(Convgxg([h;,FJf, F3],W5)),
h$ = tanh(Convzxs([r® © hy, Fy, FL1,WE)),
h = (1-2°)©Oh} +2°Ohy,
where C'onvsx3 represents a 3x3 convolutional layer, and
W denotes the corresponding learnable kernel parameters.

(10)

Context Fusion. In the final stage of the network, we input
the deformation field <I>11n)f¢ and F?, F° into the Context

Fusion Module, thereby introducing broader contextual in-
formation to enhance the accuracy of the deformation field.
The Context Fusion Module is a simple U-net network and
ultimately outputs the refined deformation field ®,,, ;.

Loss Function. According to the optimization objective
defined in Eq.(1), our loss function is composed of two pri-
mary components: similarity loss and regularization loss.
The similarity loss is formulated to compute the weighted
similarity across k adjacent slices. The regularization loss
focuses on the deformation fields ®; obtained at each itera-
tion, ensuring that the transformations are smooth and phys-
ically plausible. The final loss function is expressed as:

k T
Liotar = Z wi| |1, — m-&-t’”% + A Z ||Vq>m7f,t||§v
i=—k,i#0 t=1

(11)
where k represents the number of neighboring slices and
w; represents the weight between fm and I, 4;,which is in-
versely proportional to the distance between adjacent slices.
T is the total number of iterations.

Compared to the traditional similarity loss (Liu et al.
2023), our loss function Ls not only considers the simi-
larity with the reference image I,,_; but also takes into
account the weighted similarity between multiple adjacent
slices, which ensures the axial structural continuity.
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Experiments
Experimental Settings

We compared our proposed method with four widely used
3D registration methods, including a commonly applied tra-
ditional method, TrakEM2 (Cardona et al. 2012), and three
recent deep learning methods, EMReg (Liu et al. 2023),
EFSR (Xin et al. 2023), and SEMLeSS (Popovych et al.
2024). We evaluated the performance of 3D elastic registra-
tion from different perspectives by statistically analyzing the
NCC (GT), SSIM (GT), and MI (GT) between the registered
image stacks of each method and the ground truth.

Datasets. We evaluate our method on three datasets from
the OpenOrganelle platform (Xu et al. 2021). These datasets
include electron microscope images of various tissues such
as mouse kidney!, mouse liver?, and mouse skin®. We
cropped these images into slices of size 1184x1184 and
added different degrees of elastic deformation to simulate
nonlinear distortion. The lengths of the three datasets are
1000, 557, and 1230, respectively, which helps us assess
performance in terms of error accumulation. These datasets
provide us with diverse and representative biological sam-
ples, which are useful for comprehensively evaluating the
applicability and robustness of our method across different
biological tissues. More details about the data usage are pro-
vided in the appendix.

Implementation. Our method is implemented using Py-
Torch (Paszke et al. 2019), and all experiments were con-
ducted on an NVIDIA A100 GPU. During training, we used
the Adam optimizer with a learning rate of Se-3, a random
seed of 42. The weight of the regularization loss A was set
to 1.8. The network architecture included three cascading
steps by default. The feature pyramid had three levels, cor-
responding to 1/4, 1/8, and 1/16 of the original size. In the
loss function, we chose k = 1. In the Gaussian filtering strat-
egy, the kernel radius was fixed at » = 1, o was set to 3.0,
and the maximum registration distance was L = 1.

"https://openorganelle.janelia.org/datasets/jrc_mus-kidney

“https://openorganelle. janelia.org/datasets/jrc_mus-liver

*https:// lle.janeli /datasets/j -skin-1
ps://openorganelle.janelia.org/datasets/jrc_mus-skin



Mouse Kidney

Mouse Liver

Mouse Skin

datasets.
Method Time cost (s)
TrakEM2 3.52
EFSR 3.38
EMReg 0.25
SEMLeSS 29.04
Ours 0.72

Table 2: Average time cost (s) by each method for registering
a slice

Experimental Results

Results for synthetic data. We evaluated the registration
results of various methods on mouse kidney, mouse liver,
and mouse skin datasets using NCC (GT), SSIM (GT), and
MI (GT), which assess the registration quality from different
perspectives. As shown in the quantitative results in Table
1, our proposed method consistently demonstrates superior
performance across all metrics on all datasets. This is at-
tributed to our novel perspective on addressing the 3D elas-
tic registration problem in the frequency domain. We extract
and integrate displacement field information between adja-
cent slices and use Gaussian filters to decouple nonlinear
distortion and natural deformation.

Figure 5 shows the 3D visualization results of various

AR

Figure 5: 3D visualization of registration results for various methods on the Mouse Kidney, Mouse Liver, and Mouse Skin
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methods on three datasets. It can be seen that our method
achieves better and smoother registration results, which are
closest to the ground truth. This is especially evident in the
mouse skin dataset, which involves cellular structures with
significant inter-slice gaps. In this case, our method demon-
strates smooth and continuous registration results even for
structures with very long spans, highlighting its advantage in
long-sequence registration. Additionally, we measured the
average time required by ours and the comparison methods
to register a single slice. As shown in Table 2, our method
can complete the registration of a single slice in less than one
second, demonstrating its potential for handling large-scale
datasets. Additional experimental results are provided in the
appendix.

Robustness to error accumulation. Minor deviations can
inevitably accumulate into significant errors during the reg-
istration of long-sequence image stacks, ultimately leading
to short structure truncations and sequence drift (Xin et al.
2023). Figure 6 illustrates the average registration accuracy
across different slice intervals as the number of slices in-
crease. The results demonstrate that our method consistently
achieves higher accuracy compared to other methods across
all intervals, highlighting its robustness against error accu-
mulation. Notably, even in datasets with a thousand slices,
our method does not exhibit significant accuracy decline,
demonstrating its robustness to error accumulation and its
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Figure 6: Scatter plot showing the registration accuracy
across different slice intervals.
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Figure 7: Box plot of the registration accuracy for various
methods under different deformation levels.
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potential to scale to large datasets.

Robustness to complex deformations. To assess the ro-
bustness of our method under different levels of deforma-
tion, we applied varying degrees of deformation to mouse
kidney dataset by fixing 0 = 0.08 and varying « from
1.0 to 3.0. For each «, we registered the datasets and com-
puted the average registration accuracy. Figure 7 presents
box plots of the average registration accuracy for various
methods across datasets with different deformation levels.
Our method achieves the highest accuracy across all lev-
els of elastic deformation, consistently maintaining stable
performance without noticeable drops. This demonstrates its
strong robustness against complex nonlinear distortions, en-
suring reliable and accurate results even under challenging
conditions.

Ablation Studies

The effectiveness of Gaussian filter strategy. To verify
the effectiveness of our core algorithm: the Gaussian filter
strategy, we show the registration accuracy with and without
the Gaussian filter strategy in Table 3. Meanwhile, in order
to demonstrate the universal adaptability of our algorithm,
we replaced the optical flow estimation network with other
models. We chose the LKUnet (Jia et al. 2022) as the regis-
tration module in the Gaussian filter strategy and trained it
according to the training strategy of our network. As shown
in Table 3, when the Gaussian filter strategy was not applied,
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Mouse Kidney Mouse Skin Mouse Liver

w/o Gauss filter 0.63 0.67 0.66
w/ Gauss filter 0.78 0.82 0.80
LKUnet 0.43 0.47 0.41
LKUnet+Gauss filter 0.75 0.80 0.77

Table 3: Ablation study on the Gaussian filter strategy.

r\T 1 2 3
1 0.83 0.82 0.83
2 0.72 0.65 0.92
3 0.58 0.55 0.58

Table 4: Ablation study on the radius of receptive field (r)
and the number of iterations (1)

the network merely served as a simple registration network,
and the registration accuracy decreased significantly. How-
ever, after introducing the Gaussian filter strategy, the reg-
istration accuracy was greatly improved. This fully demon-
strates the effectiveness of the core algorithm as well as its
universality in being compatible with advanced networks.

Hyperparameters in Gaussian filter. In order to select
the optimal hyperparameters for the Gaussian filter strategy,
we conducted further ablation experiments on the receptive
field radius 7 and the number of iterations 7". As can be seen
from Table 4, changes in the number of iterations 7" did not
cause significant changes in accuracy, but as the receptive
field radius r increased, the registration accuracy dropped
sharply. This may be because a larger receptive field in-
creases the complexity of integrating the deformation field,
leading to the inability of the Gaussian kernel parameters to
cope. It is worth noting that in order to handle large-scale
datasets, we avoid complex parameter designs and instead
adopt a simple Gaussian filtering model. Therefore, future
work may explore learnable adaptive filtering methods to in-
tegrate a wider range of slice information more efficiently.
Further analysis is provided in the appendix.

Conclusion

We provide a new perspective on the 3D registration prob-
lem in series section electron microscopy and propose a
Gaussian filtering-based 3D registration method. We exam-
ine the differences between natural deformation and non-
linear distortion and have successfully decoupled these two
in the frequency domain. Our method integrates deforma-
tion field information within the receptive field by combin-
ing Gaussian filtering and optical flow networks, achieving
state-of-the-art performance. We conducted experiments on
simulated and real datasets of three cell types, validating our
method’s effectiveness in reducing error accumulation and
managing complex elastic deformations, highlighting its po-
tential for large-scale applications.
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