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Abstract
The release of AlphaFold2 has sparked a rapid expansion in protein model databases. Efficient protein structure retrieval is crucial for the analy
sis of structure models, while measuring the similarity between structures is the key challenge in structural retrieval. Although existing structure 
alignment algorithms can address this challenge, they are often time-consuming. Currently, the state-of-the-art approach involves converting 
protein structures into three-dimensional (3D) Zernike descriptors and assessing similarity using Euclidean distance. However, the methods for 
computing 3D Zernike descriptors mainly rely on structural surfaces and are predominantly web-based, thus limiting their application in studying 
custom datasets. To overcome this limitation, we developed FP-Zernike, a user-friendly toolkit for computing different types of Zernike descrip
tors based on feature points. Users simply need to enter a single line of command to calculate the Zernike descriptors of all structures in cus
tomized datasets. FP-Zernike outperforms the leading method in terms of retrieval accuracy and binary classification accuracy across diverse 
benchmark datasets. In addition, we showed the application of FP-Zernike in the construction of the descriptor database and the protocol used 
for the Protein Data Bank (PDB) dataset to facilitate the local deployment of this tool for interested readers. Our demonstration contained 
590,685 structures, and at this scale, our system required only 4–9 s to complete a retrieval. The experiments confirmed that it achieved the 
state-of-the-art accuracy level. FP-Zernike is an open-source toolkit, with the source code and related data accessible at https://ngdc.cncb.ac.cn/ 
biocode/tools/BT007365/releases/0.1, as well as through a webserver at http://www.structbioinfo.cn/.
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Introduction
Proteins, as the building blocks of all living systems, fold into 
specific three-dimensional (3D) configurations and perform 
corresponding biological functions. To understand the mech
anism of protein action at the molecular level, it is necessary 
to accurately predict the 3D structure of proteins. 
AlphaFold2 [1] has made significant strides in protein struc
ture prediction, achieving comparable prediction accuracy 
with experimental methods through a well-designed deep 
neural network and greatly reducing the prediction time. This 
breakthrough suggests that the protein model structure data
base will grow at an amazing speed. The latest AlphaFold 
database release contains over 200 million entries, highlight
ing the urgent need for an efficient and accurate method to 
measure protein structural similarity.

Structural alignment is the most direct method to measure 
the similarity between structures. There are two main types 
of structural alignment methods: coordinate-based methods 
and surface-based methods. Coordinate-based methods, dat
ing back to the 1970s [2], focus on the superimposition of 
structures based on atomic coordinate information. In the 
following decades, various schemes have been proposed and 
improved, such as combinatorial extension (CE) [3], DALI 
[4], RNA-align [5], TM-align [6], and US-align [7]. Since the 
nature of the protein surface is crucial to the study of 

protein–protein (RNA, ligand) interactions, structure align
ment schemes based on the protein surface have been pro
posed, such as gmfit [8], ZEAL [9], and iterative closest point 
(ICP) [10]. However, these alignment methods are often 
time-consuming. For example, a standard alignment software 
(gmfit) takes � 0.71 s to complete a structural alignment and 
� 5 days for a structure retrieval (� 590,000 alignments).

To enhance the efficiency of measuring the similarity be
tween protein structures, a common scheme involves convert
ing protein structures into feature vectors, designing a metric 
applied to feature vectors, and transforming the problem of 
measuring the similarity between structures into a measure
ment calculation between feature vectors. In recent years, 
two main approaches have been employed for representing 
structures as feature vectors. One way is to calculate geomet
ric information based on atomic coordinates and convert this 
information into feature vectors. For example, Omokage [11] 
calculates the distance distribution between feature atoms 
and proposes the Omokage score to measure the similarity 
between protein structures. Similarly, in BioZernike’s [12] 
geometric (GEO) module, the geometric information of 
atoms is converted into a feature vector of 17 lengths by cal
culating geometric features. Another way is to convert the 
protein structure into a protein surface and then calculate 
the feature vectors based on the protein surface. For example, 
the farthest point sampling-enhanced triangulation-based 
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iterative-closest-point (FTIP) [13] extracts 10–90 feature 
points on the protein surface through the farthest point sam
pling algorithm and then rapidly calculates the similarity be
tween protein structures based on the feature points and 
triangulation-based iterative-closest-point for protein surface 
alignment (TIPSA) algorithm [14]. Based on deep learning, 
the Surface ID [15] method encodes the surface of the protein 
into a fixed-dimensional feature vector. 3D-SURFER [16–18] 
provides a webserver for computing 3D Zernike descriptors 
[19] based on protein surface information (surface-based 
3DZD), and BioZernike was subsequently developed for cal
culating 3D Zernike descriptors based on gmconvert [20].

Zernike descriptors have been widely used not only for re
trieval problems but also in other areas of structural biology, 
including interface (binding site) prediction [21–25], embed
ding of polymers into Electron Microscopy (EM) maps [26], 
docking problems [27], and analysis of protein surfaces [28]. 
Furthermore, Zernike descriptors have also shown their effi
cacy in image reconstruction [29] and 3D structure classifica
tion [30]. Despite their versatility, there is currently a lack of 
open-source, easy-to-use Zernike implementation for protein 
or RNA structure.

This study introduces FP-Zernike, which offers a unique 
capability to compute different Zernike descriptors based on 
different structural representations, such as surface, mesh, 
and atomic point cloud. FP-Zernike provides two main func
tions for users: (1) construction of a descriptor dataset for 
structural analysis using a customized structural dataset, and 
(2) ultra-fast retrieval (4–9 s) of structure within a large data
set (including 590,685 structures) based on a query structure. 
Specifically, the functions have been seamlessly integrated 
into a webserver (see “Code availability”) for user conve
nience. Comprehensive experiments demonstrated that FP- 
Zernike could handle structure retrieval problems efficiently, 
outperforming the surface-based 3DZD and a surface-based 
alignment tool on benchmark datasets, with a top-10 accu
racy of � 90% and an area under the curve (AUC) value of 
� 96%. Furthermore, the FP-Zernike-based retrieval system 
(FP-System) was confirmed completely feasible for large-scale 
structural retrieval challenges. When provided with query 
structures, the system yields the top 10–150 structures and 
calculates the average template modelling score (TM-score) 
between them and the query structures. Notably, the average 
TM-score of the FP-System is 0.15–0.23 higher than that of 
the state-of-the-art retrieval system based on surface- 
based 3DZD.

Method
Benchmark datasets
The benchmark datasets were meticulously constructed based 
on the basic local alignment search tool [31], TM-align, and 
the webserver [32]. To evaluate the initial performance of FP- 
Zernike, we constructed two protein structure datasets and 
one RNA structure dataset, denoted by Protein160, 
Protein13, and RNA16. Each dataset exhibited different 
characteristics, with the details presented in Table S1. In ad
dition, to test the binary classification ability of FP-Zernike, 
we obtained a set of structure pairs from the aforementioned 
three datasets. All the structure pairs were categorized into 
positive and negative samples, with the detailed information 
provided in Table S2. To address the excessive imbalance in 
the numbers of positive and negative samples, we conducted 

random sampling to ensure a balanced ratio of positive sam
ples to negative samples (1:3). To test the performance of FP- 
System, we randomly selected 500 structures from the entire 
single-stranded structure database to form a dataset called 
Random500. All details of constructing the datasets are pro
vided in File S1 (see “Benchmark dataset construction”).

Reference methods for comparative analysis
We conducted a comparison of our method with 3D- 
SURFER and gmfit. Currently, 3D-SURFER is the state-of- 
the-art protein structure retrieval system (including 606,272 
structure chains) based on surface-based 3DZD, and gmfit 
can quickly complete the structure comparison on the 
Gaussian mixture model (GMM), enabling users to pre- 
calculate the GMM database and subsequently build a re
trieval system based on gmfit. Please refer to File S1 (see 
“Reference methods”) for details on the use of 3D-SURFER 
and gmfit.

Experimental environment
All the experiments were run on an Ubuntu 20.04 system 
with Intel Core i9-10980XE (18 cores), 128 GB memory, and 
an NVIDIA RTX 3080.

FP-Zernike
Overview of FP-Zernike
The process of computing the 3D Zernike descriptors of FP- 
Zernike encompassed five steps: (1) the structural representa
tion of surfaces, meshes, and atomic point clouds was 
obtained; (2) feature points were extracted and scaled into 
the unit sphere; (3) a function was built based on the feature 
points to characterize the structure (Equation 1); (4) the cor
responding geometric moments were calculated; and (5) spe
cific mathematical expressions were used to compute the 3D 
Zernike descriptors. These five steps are briefly depicted in  
Figure 1. In addition, we improved Omokage and integrated 
it into the FP-Zernike to develop an offline algorithm called 
ReOmokage for computing the geometric features of the 
structures. In the context of measuring structural similarity, 
ReOmokage demonstrated superior performance compared 
with Omokage (File S1, see “Experimental details for the 
comparison of ReOmokage and Omokage”).

Representation of the structure
The core step in computing the 3D Zernike descriptors is the 
construction of an appropriate function f ðx; y; zÞ to express 
the structure. The initial phase in constructing the function 
f ðx; y; zÞ entails transforming the structure into a reasonable 
representation. The PyMOL (http://www.pymol.org/pymol) 
and gmconvert were utilized in FP-Zernike to transform pro
tein structures into multiple forms, including calculating the 
surface of protein structure (PS), protein mesh (PM), 
and GMM to represent the structure and extracting the 
atomic coordinates of the structure (ATOM) to represent 
the structure. All structural representations are shown 
in Figure 1A.

Extraction of feature points
To expedite the construction of the structure representation 
function, we extracted feature points from the structure rep
resentations, with the protein 1brn.pdb (chain L) as an exam
ple. Different schemes were employed to extract feature 
points for different structural representations, resulting in 
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varying final numbers of feature points. Figure 2 shows the 
feature point information and 3D Zernike descriptors of the 
structure of protein 1brn.pdb (chain L) under different repre
sentations. The illustration revealed that the number of fea
ture points generated based on PS was the largest, allowing 
these feature points to effectively represent the shape of the 
structure. In ATOM and GMM modes, the number of feature 
points was similar, and the GMM setting had minimal effects 
on feature point extraction. In addition, the descriptors in dif
ferent modes exhibited slight variations due to differences in 
feature points.

The feature points from different schemes possess different 
properties. For example, while a large number of feature 
points can be extracted based on the surface of the structure, 
these feature points may not effectively convey the internal 
information of the structure. Conversely, feature points 
extracted based on atomic coordinates can capture such in
ternal information. Given the requirements of different struc
tural biology problems, our method provides different 
schemes for calculating the feature points of the structure to 
accommodate these varied needs.

Structure representation function
All the feature points were embedded in the unit sphere. Let 
the set of feature points be denoted by S, where for all 8ðx; y;
zÞ 2 S, it satisfied jxj2þ jyj2þ jzj2 ≤ 1. In addition, a grid 
(N×N×N, default N ¼ 200) was constructed on the interval 
½� 1; 1�3, comprising a total of N3 cells, and the set of cells 
was defined as C ¼ fcellð0;0;0Þ; cellð1;0;0Þ; . . . ; cellðN−1;N−1;N−1Þg. 

Equation 1 represented a mathematical expression for the 
structural representation function. 

f x; y; zð Þ ¼

1; if x; y; zð Þ 2 cell i;j;kð Þ and 9s 2 S;
s:t: s 2 cell i;j;kð Þ; 0 ≤ i; j; k<N

0; otherwise

8
<

:
(1) 

FP-Zernike for computing 3D Zernike descriptors
The computation of the 3D Zernike descriptor essentially in
volved computing 3D Zernike moments. Ωm

nl in Equation 2 
defined the 3D Zernike moments. Here, n; l; and m were 
integers, l 2 ½0;n�; n � l was even, m 2 ½� l; l�; and X 2 R3. 
The detailed analysis for Ωm

nl is provided in File S1 (see 
“Analysis of moments and 3D Zernike moments”).

Upon calculating all Ωm
nl values, the 3D Zernike descriptor 

was obtained. χrst
nlm was defined in Equation 3, where 

k ¼ ðn � lÞ=2, and r; s; and t were positive integers and satis
fies rþ sþ t ≤ n. The definitions of qv

kl and cm
l in Equation 3 

are presented in the File S1 (see “3D Zernike descriptor”). 
Equations 2–4 demonstrated that χrst

nlm and f ðXÞ were 
independent, indicating no dependence on the computation 
of χrst

nlm and f ðXÞ. Thus, χrst
nlm could be computed when 

order n is given. Therefore, the key to calculating the 
3D Zernike descriptor was to construct f ðXÞ and 
calculate Mrst (geometric moment). Here, we defined 
Ωnl ¼ ðΩ� l

nl ;Ω
� lþ 1
nl ; . . . ;Ωl

nlÞ and Fn;l ¼ jΩnlj, and then the 3D 
Zernike descriptor (order ¼ n) of f ðXÞ was defined as the fol
lowing vector Df in Equation 5. 

Figure 1 Workflow for computing 3D Zernike descriptors based on the FP-Zernike algorithm 

A. Computation of four structural representations in four modes from a given protein structure (PDB: 1brn, chain L). B. Extraction and scaling of feature 
points from each structure representation into unit spheres. C. Generation of the grid defined at ½� 1; 1�3 based on the feature points, with a cube symbol 
representing the feature points. The structure representation function fðXÞ is defined on the grid, taking values of 1 on the cubes representing feature 
points and 0 on the other cubes. Using Algorithm 1 and Equation 2, four different 3D Zernike descriptors can be computed. 3D, three-dimensional; PDB, 
Protein Data Bank; PS, protein surface; PM, protein mesh; GMM, Gaussian mixture model; ATOM, the atomic coordinates of the structure.
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Ωm
nl :¼

3π
4
�
X

rþ sþ t ≤ n

dχrst
nlmMrst (2) 

χrst
nlm :¼ cm

l 2� m
Xk

v¼0
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Xv

α¼0
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Xv� α
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iu
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2
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ð� 1Þμ2� 2μ l
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� �

�
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mþ μ

� �
Xμ

v¼0

μ
v

� �

(3) 

Mrst :¼
Ð

Xj j<1f Xð ÞxrysztdX;X ¼ x; y; zð Þ (4) 

Df ¼ Fn;l0 ;Fn;l1 ; . . . ;Fn;lt
� �

(5) 

Based on previous work and the definition of an integral, 
the discrete form of Equation 4 is derived, resulting in 
Equation 6. The default value of N was set to 200 in 
our algorithm. 

Mrst :¼
XN−1

i¼0

XN� 1

j¼0

XN−1

k¼0

xrþ 1
iþ 1 � xrþ1

i

rþ 1
�
ysþ 1

jþ1 � ysþ1
j

sþ 1

�
ztþ1

kþ 1 � xtþ1
k

tþ1
� f xi; yj; zkð Þ

(6) 

Notably, the structure representation function f ðXÞ in 
Equation 1 was defined on the interval ½� 1;1�3. For 8s 2 S, it 
held that jsj<1. Let cube ¼ fðx; y; zÞj jxj; jyj; jzj≤ 1g and 
unitBall ¼ fðx; y; zÞj x2þ y2þ z2 ≤ 1g, the following for
mula held: 

Ð

cubef Xð ÞxrysztdX ¼
Ð

unitBallf Xð ÞxrysztdX

þ
Ð

cubenunitBallf Xð ÞxrysztdX ¼
Ð

unitBallf Xð ÞxrysztdX

¼
Ð

Xj j<1f Xð ÞxrysztdX ¼Mrst

(7) 

Therefore, the integral of f ðXÞ on cube was equivalent to 
the integral of f ðXÞ on unitBall.

Algorithm 1 showed the process of computing geometric 
moments. Initially, it calculated the feature points of the 
structure (lines 1–6) based on the modes input by the user, 
utilizing four main functions: exByPM, exByPS, exByGM, 
and exByAtom, with detailed calculations provided in File S1 
(see “Feature point extraction functions”). Subsequently, 
Algorithm 1 determined the size of each small cube in the 
grid according to the size of the grid (line 7) and calculated 
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A

B

C
GMM-10-Zernike
GMM-20-Zernike
GMM-30-Zernike
PS
PM
ATOM

Rank

D
es

cr
ip

to
r 

va
lu

e

0 20 40 60 80 100 120
−2

0

2

4

6

8

n = 63,918 n = 25,422 n = 868

n = 732 n = 786 n = 858

GMM, |GMM| = 20 GMM, |GMM| = 30

Figure 2 Comparison of feature point numbers and 3D Zernike 

descriptors in various modes of FP-Zernike 

A. Comparison of the shapes and numbers of feature points in PS, PM, and 
ATOM modes. n represents the number of feature points. B. Analysis of the 
shapes and numbers of feature points in GMM mode for different GMM 
parameters. n represents the number of feature points. C. Comparison of 
3D Zernike descriptors in six modes. GMM, Gaussian mixture model.

Algorithm 1  FP-Zernike algorithm for computing geometric moments

Input: Structure , feature point type , grid size , and moment order .

Output: hash table of geometric moments .

1: if = then featurePointList ←

2: else if = then featurePointList ←

3: else if = then featurePointList ←

4: else

5:   featurePointList ←

6: end if

7: diff ← 2

8: ← VOXELIZATION , ,

9: for , , ∈ 0, + 1 do

10:   if + + < + 1 then divide ← 1
+1 +1 +1

11:      ← 0

12:      for each ∈ do

13:         = 0 + 1 ⋅ − 1 +1 −

0 ⋅ − 1 +1

14:         = 1 + 1 ⋅ − 1 +1 −

1 ⋅ − 1 +1

15:         = 2 + 1 ⋅ − 1 +1 −

2 ⋅ − 1 +1

16:         ← + ⋅ ⋅ ⋅ divide

17:      end for

18:      ←

19:   end if 

20: end for

21: return
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the small cubes in which the structure representation function 
took a value of 1 (line 9). Finally, the geometric moments 
were calculated according to Equation 5 (lines 10–21).

Algorithm 2 outlined the process of constructing a struc
tural representation function f ðXÞ. Given S, the computa
tional complexity of f(x,y,z) was O(jSj). It determined the 
indexes of the small cubes containing the feature points, 
where f ðXÞ took a value of 1, and 0 in other cubes. 
Specifically, a collection named oneSet (Algorithm 2: line 2) 
was created to store the positions of all small cubes with a 
value of 1. Given a 3D point 3DPoint, the algorithm deter
mined the index of the small cube into which it fell based on 
its three coordinate values (Algorithm 2: lines 4–6).

Upon calculating all geometric moments, the 3D Zernike 
descriptors could be obtained via Equations 2–4.

Build descriptor datasets based on FP-Zernike
A streamlined script was integrated into FP-Zernike, facilitat
ing the rapid construction of descriptor datasets by users. 
With just a one-line command, users could calculate the 

descriptors for all structures within a folder containing files 
in .pdb format. The seamless integration underscores the 
ease with which FP-Zernike can be integrated into other 
structural analysis algorithms. The efficiency of building de
scriptor datasets is related to the complexity of the structure. 
The detailed information is provided in File S1 (see 
“Runtime analysis”).

Analysis of fusions of different representations
FP-Zernike can generate four distinct representations and 
descriptors for a given structure (Figure 1). By combining 
these representations using C2

4þC3
4þC4

4 ¼ 11 fusion meth
ods, new descriptors can be derived. For example, the “PM þ
PS” descriptor is obtained by combining the PM and PS rep
resentations. To generate the “PM þ PS” descriptor, the PM 
and PS representations for a structure are initially computed. 
Subsequently, feature points are extracted from each repre
sentation and embedded into the unit ball, and then all fea
ture points were used to generate the “PM þ PS” descriptor. 
The process for generating new descriptors from other fused 
representations follows a similar approach.

We evaluated the performance of all the hybrid descriptors 
on the Protein160 dataset by clustering them. The results, 
summarized in Table 1, indicated that descriptors generated 
by a single representation outperformed those generated by a 
hybrid representation. Specifically, descriptors generated by 
the PM representation exhibited the best performance. These 
findings suggest that hybrid representations may not be as ef
fective as single representations in representing structures and 
could potentially lead to “collision” issues, wherein these rep
resentations interfere with each other, diminishing the effec
tiveness of the mixed representation in representing the 
structure accurately.

Results
Structure retrieval and classification by FP-Zernike 
effectively evaluate the structural similarity
FP-Zernike can compute four different Zernike descriptors 
based on four different representations for a given structure. 
To determine the most suitable descriptor for structure 

Algorithm 2 FP-Zernike algorithm for building the structure
representation function

1: function VOXELIZATION , ,

2:   ←

3:   for each ∈ featurePointList do

4:      = 3 0 +
2

5:      = 3 1 +
2

6:      = 3 2 +
2

7:      . , ,

8:   end for 

9:   return

10: end function

Table 1 Clustering results obtained by different descriptors

Zernike mode AMI FMI ACC HOMO COMP V-measure

ATOM 0.82 0.70 0.79 0.91 0.93 0.92
GMM 0.61 0.45 0.60 0.81 0.84 0.82
PM 0.91 0.84 0.89 0.96 0.96 0.96
PS 0.85 0.75 0.83 0.93 0.94 0.93
ATOM þ GMM 0.52 0.35 0.50 0.77 0.79 0.78
ATOM þ PM 0.75 0.61 0.72 0.88 0.90 0.89
ATOM þ PS 0.59 0.42 0.56 0.80 0.82 0.81
GMM þ PM 0.75 0.62 0.72 0.88 0.90 0.89
GMM þ PS 0.58 0.41 0.55 0.80 0.82 0.81
PM þ PS 0.64 0.48 0.62 0.83 0.85 0.84
ATOM þ GMM þ PS 0.59 0.42 0.57 0.80 0.82 0.81
ATOM þ GMM þ PM 0.75 0.60 0.70 0.87 0.89 0.88
ATOM þ PM þ PS 0.64 0.48 0.62 0.83 0.85 0.84
GMM þ PM þ PS 0.64 0.47 0.61 0.82 0.85 0.83
ATOM þ GMM þ PM þ PS 0.63 0.46 0.58 0.82 0.84 0.83

Note: Various representations were fused to generate descriptors on Protein160 and compute corresponding clustering metrics. V-measure represents the 
weighted average of HOMO and COMP. PS, protein surface; PM, protein mesh; GMM, Gaussian mixture model; ATOM, the atomic coordinates of the 
structure; AMI, adjusted mutual information; FMI, Fowlkes–Mallows index; ACC, accuracy; HOMO, homogeneity; COMP, completeness.
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retrieval, we conducted experiments on benchmark datasets. 
The details on the evaluation metric can be found in the File 
S1 (see “Evaluation metric”).

We successfully obtained the descriptors of the Protein160 
dataset through 3D-SURFER’s webserver. However, only 
531 descriptors were attained for the Protein13 dataset using 
3D-SURFER, resulting in a subset of Protein13 with the 
structures corresponding to these descriptors. Groups of 
smaller size (size < 5) in this subset were further excluded, 
yielding a dataset containing 529 structures from six groups, 
denoted by Protein13-Subset. We compared our method with 
3D-SURFER and gmfit on Protein13-Subset. Since 3D- 
SURFER is not suitable for computing descriptors of RNA 
structures, our method was not compared with it on RNA16.

The top-k accuracy of our method and the two reference 
methods on Protein160, Protein13, Protein13-Subset, and 
RNA16 is shown in Table 2. Among the five modules of FP- 
Zernike, PM-Zernike was most stable and achieved superior 
results on three datasets, slightly surpassing gmfit and 3D- 
SURFER. GMM-Zernike and ReOmokage exhibited slightly 
lower top-10 accuracy on Protein160, but were outstanding on 
RNA16, likely due to their limited extraction of feature points 
and disregard for the internal structure information, leading to 
a slightly inferior performance on datasets containing complex 
structures. All methods demonstrated high top-k accuracy on 
Protein13, attributed to its small number of groups and the 
stringent criterion for determining membership, thereby simpli
fying the retrieval problem. Similarly, various methods also per
formed well on the Protein13-Subset. In particular, the top-k 
accuracy of FP-Zernike on RNA16 was relatively favorable 
compared with that of gmfit, indicating that FP-Zernike is more 
suitable for measuring the similarity between RNA structures.

Furthermore, we evaluated the binary classification perfor
mance of FP-Zernike on structure pairs. Figure 3 showed the 

receiver operating characteristic (ROC) and precision-recall 
(PR) curves for all methods. Overall, the binary classification 
accuracy of all methods was consistent with their top-k accu
racy, with the exception of gmfit, which performed well in 
the binary classification of RNA16.

The aforementioned experiments indicate that PM-Zernike 
achieves the best performance, leading us to use it in building 
a retrieval system.

FP-Zernike is generalized for a retrieve system on a 
large database
We acquired the complete Protein Data Bank (PDB) database 
(https://www.rcsb.org/), which contains 193,728 protein 
structures. Subsequently, all the structures were partitioned 
into single-stranded structures, yielding a large database of 
590,685 structures. The descriptors (PM mode) for each 
structure were computed to construct the retrieval database. 
Based on this retrieval database, we built a retrieval system 
called FP-System. The workflow of the FP-System is as fol
lows: the query structure is first verified for its presence in the 
database. If absent, its descriptor (referred to as the query de
scriptor) is calculated, followed by the computation of the 
Euclidean distance between all descriptors in the database 
and the query descriptor. The results are ranked based on the 
ascending order of the Euclidean distance (ascending order). 
Additionally, we offer a webserver to enhance the user- 
friendliness of FP-System, with detailed usage instructions 
available in File S1 (see “Instructions for use of the 
FP-Zernike”).

FP-System holds superior suitability in 
structure retrieval
We utilized each structure in Random500 as a query struc
ture and input them into 3D-SURFER and FP-System to 

Table 2 The top-k accuracy of our method and reference methods on the benchmark datasets

Dataset Top-k FP-Zernike component Reference method

PM-Zernike PS-Zernike GMM-Zernike ATOM-Zernike ReOmokage 3D-SURFER gmfit

Protein160 Top-10 0.9114 0.8540 0.6015 0.8378 0.5624 0.8762 0.9093
Top-30 0.9463 0.8952 0.7148 0.8842 0.7364 0.9103 0.9237
Top-50 0.9540 0.9160 0.7663 0.9026 0.8022 0.9238 0.9309
Top-70 0.9571 0.9257 0.7916 0.9109 0.8438 0.9320 0.9341
Top-100 0.9596 0.9365 0.8200 0.9299 0.8761 0.9465 0.9460
Average accuracy 0.9457 0.9055 0.7388 0.8931 0.7642 0.9182 0.9288

Protein13 Top-10 1.0000 1.0000 0.9615 1.0000 1.0000 – 1.0000
Top-30 0.9673 0.9628 0.9393 0.9825 0.9673 – 0.9912
Top-50 0.9642 0.9592 0.9452 0.9880 0.9627 – 0.9672
Top-70 0.9431 0.9284 0.9207 0.9864 0.9420 – 0.9536
Top-100 0.9288 0.9304 0.9183 0.9899 0.9264 – 0.9451
Average accuracy 0.9607 0.9562 0.9370 0.9894 0.9597 – 0.9714

RNA16 Top-10 0.8919 0.9200 0.9263 0.8441 0.9109 – 0.8326
Top-30 0.8982 0.9201 0.9017 0.8818 0.9181 – 0.7571
Top-50 0.9100 0.9198 0.8990 0.9097 0.9098 – 0.7495
Top-70 0.9067 0.9394 0.9054 0.9066 0.9053 – 0.7440
Top-100 0.9359 0.9486 0.9246 0.9075 0.9081 – 0.7442
Average accuracy 0.9085 0.9296 0.9114 0.8899 0.9104 – 0.7655

Protein13-Subset Top-10 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Top-30 0.9444 0.9278 0.9444 1.0000 0.9278 0.9500 0.9056
Top-50 1.0000 0.8967 0.9000 1.0000 0.8900 0.9033 0.8767
Top-70 1.0000 0.8333 0.8810 1.0000 0.8785 1.0000 0.8643
Top-100 1.0000 0.8683 0.8603 1.0000 0.8683 1.0000 0.8683
Average accuracy 0.9889 0.9152 0.9187 1.0000 0.9129 0.9707 0.9030

Note: In each row of the table, the best value is bolded, and the next best value is underlined. –, not available.
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obtain retrieval results. Here, we employed US-align to calcu
late the TM-score and the root-mean-square deviation 
(RMSD) between the structure in the retrieval results and the 
query structure, and used these two metrics to evaluate the 
performance of the retrieval system, with the main results 
presented in Table 3. The average TM-score of FP-System 
was 0.15–0.23 higher than that of 3D-SURFER, while the av
erage RMSD of FP-System was � 1 Å lower than that of the 
3D-SURFER. These results indicate the superior suitability of 
FP-System for characterizing the structure compared with 
surface-based 3DZD.

Real-time structural retrieval by FP-System
From the entire structure database, 1000 structure pairs were 
randomly selected, and aligned by TM-align, DeepAlign [33], 
US-align, gmfit, and FP-Zernike, respectively, to obtain the 
average alignment time. As shown in Table 4, FP-Zernike 
exhibited a very obvious efficiency advantage compared with 
other structural alignment tools. This might be owing to the 
reason that FP-Zernike measures the structural similarity by 

calculating the Euclidean distance between the descriptors of 
the structure, with the fixed descriptor length resulting in the 
time complexity of O(1).

Efficient estimation of structural similarity based on 
Euclidean distance output from FP-Zernike
To facilitate a preliminary estimate of the similarity between 
structures based on Euclidean distance, we estimated the sta
tistical significance of the Euclidean distance between FP- 
Zernike descriptors of structures by comparing approxi
mately 1.99 million random structure pairs from our down
loaded protein structure database (193,728 entries). GMM- 
Zernike was not included in this analysis due to its limited 

A  ROC curve on Protein160-Pairs B  ROC curve on Protein13-Pairs C  ROC curve on RNA16-Pairs

D  PR curve on Protein160-Pairs E  PR curve on Protein13-Pairs F  PR curve on RNA16-Pairs

Figure 3 Comparison of structure retrieval performance among FP-Zernike, 3D-SURFER, and gmfit 

Comparison of ROC curves and AUC values for our method and the reference methods on the Protein160-Pairs (A), Protein13-Pairs (B), and RNA16-Pairs 
(C) datasets. Comparison of PR curves and AP values for our method and the reference methods on the Protein160-Pairs (D), Protein13-Pairs (E), and 
RNA16-Pairs (F) datasets. AUC and AP values are shown as mean 6 standard deviation. ROC, receiver operating characteristic; AUC, area under the 
curve; PR, precision–recall; AP, average precision.

Table 3 Retrieval evaluation of 3D-SURFER and FP-System on Random500

Top-10 Top-30 Top-50 Top-100 Top-150

3D-SURFER TM-score 0.606 ± 0.357 0.548 ± 0.350 0.522 ± 0.343 0.486 ± 0.331 0.464 ± 0.320
RMSD (Å) 2.698 ± 2.253 3.133 ± 2.269 3.328 ± 2.252 3.595 ± 2.217 3.742 ± 2.172

FP-System TM-score 0.835 ± 0.269 0.751 ± 0.314 0.708 ± 0.328 0.650 ± 0.337 0.614 ± 0.339
RMSD (Å) 1.460 ± 1.879 2.086 ± 2.221 2.386 ± 2.326 2.812 ± 2.428 3.067 ± 2.465

Note: All values in the table were calculated by US-align, and represented by mean ± standard deviation. FP-System, FP-Zernike-based retrieval system; TM- 
score, template modeling score; RMSD, root-mean-square deviation.

Table 4 Average running time for the five tools to compute 

structural similarity

FP-Zernike gmfit TM-align DeepAlign US-align

Running time (s) 2.75 × 10−6 0.710 0.038 0.221 0.078
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ability to characterize structures. A list of P values and corre
sponding FP-ATOM/FP-PM/FP-PS is provided in Table 5. 
For example, a FP-ATOM/FP-PM/FP-PS of 2.442935/ 
3.932048/2.772549 indicated significant similarity at a P 
value of 0.01. These distance values for different Zernike 
descriptors can be utilized to rapidly estimate the similarity 
between structures.

Discussion
In this study, we have developed an advanced toolkit named 
FP-Zernike, specifically designed for constructing structural 
descriptor databases. FP-Zernike enables the generation of 
four distinct representations and descriptors for structures. 
Extensive experiments have validated the effectiveness of 
these descriptors in capturing the characteristics of structures, 
particularly the PM-Zernike descriptor.

To showcase the capability of FP-Zernike, we constructed 
a PM-Zernike descriptor database tailored for protein struc
tures at the chain level. Subsequently, we developed an 
ultra-fast retrieval system that leveraged this database. For 
a given query structure, our retrieval system can efficiently 
complete a structure retrieval within a remarkable 10-s 
timeframe. Experimental results further confirmed the high 
similarity between the retrieved structure and the 
query structure.

To facilitate easy access to the functionalities of FP- 
Zernike, we have integrated it into a user-friendly webserver. 
Users can conveniently utilize all the features of FP-Zernike 
by accessing it through the endpoint http://www.struct 
bioinfo.cn/. Additionally, for users interested in analyzing 
customized datasets, the source code of FP-Zernike can be 
obtained through https://ngdc.cncb.ac.cn/biocode/tools/ 
BT007365/releases/0.1 or https://github.com/junhaiqi/FP- 
Zernike.git.

By transforming structures into feature vectors, FP-Zernike 
can be applied to a wide range of structural analysis issues. 
Future endeavors will primarily focus on utilizing FP-Zernike 
to investigate protein–protein interactions. Specifically, FP- 
Zernike will be employed to convert proteins into feature vec
tors, which will then be integrated into neural networks to 
predict affinity between different structures.

Conclusion
With the rapid growth of protein structure databases, an effi
cient and accurate structural similarity analysis scheme is ur
gently needed. Existing structure alignment algorithms 
cannot efficiently analyze the similarity between structures. 
In this work, we propose FP-Zernike, which allows users to 
compute different types of 3D Zernike descriptors and geo
metric features. Based on FP-Zernike, we built a retrieval 

system and demonstrated its superiority over the state-of-the- 
art retrieval system based on surface-based 3DZD. In terms 
of efficiency, FP-System can complete a retrieval in less than 
10 s. In particular, users can easily deploy FP-Zernike in the 
local system for structure retrieval and descriptor database 
construction, as well as integrate it into other structure analy
sis algorithms.

Code availability
All datasets and codes are available at https://ngdc.cncb.ac. 
cn/biocode/tools/BT007365/releases/0.1, as well as through a 
webserver at http://www.structbioinfo.cn/.
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Table 5 Statistical significance of the Euclidean distance between FP-Zernike descriptors of structures

Descriptor type P value

5 × 10−2 1 × 10−2 1 × 10−3 1 × 10−4 1 × 10−5 1 × 10−6

FP-ATOM 2.987906 2.442935 1.988947 1.477029 0.522746 0.080739
FP-PM 4.653991 3.932048 3.169391 1.259989 0.252537 0.000244
FP-PS 3.299481 2.772549 2.306926 1.411444 0.514943 0.285697
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