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Abstract

The fair and objective assessment of performances and com-
petitions is a common pursuit and challenge in human so-
ciety. The application of computer vision technology offers
hope for this purpose, but it still faces obstacles such as occlu-
sion and motion blur. To address these hindrances, our Dance-
Fix proposes a bidirectional spatial-temporal context optical
flow correction (BOFC) method. This approach leverages the
consistency and complementarity of motion information be-
tween two modalities: optical flow, which excels at pixel cap-
ture, and lightweight skeleton data. It enables the extraction
of pixel-level motion changes and the correction of abnormal
skeleton data. Furthermore, we propose a part-level dance
dataset (Dancer Parts) and part-level motion feature extrac-
tion based on task decoupling (PETD). This aims to decouple
complex whole-body parts tracking into fine-grained limb-
level motion extraction, enhancing the confidence of temporal
information and the accuracy of correction for abnormal data.
Finally, we present the DNV dataset, which simulates fully
neat group dance scenes and provides reliable labels and val-
idation methods for the newly introduced group dance neat-
ness assessment (GDNA). To the best of our knowledge, this
is the first work to develop quantitative criteria for assessing
limb and joint neatness in group dance. We conduct experi-
ments on DNV and video-based public JHMDB datasets. Our
method effectively corrects abnormal skeleton points, flexibly
embeds, and improves the accuracy of existing pose estima-
tion algorithms.

Introduction

Human action recognition and assessment is a significant vi-
sual task that has found widespread use in real-world scenar-
i0s. In recent years, the application of action recognition in
sports and dance entertainment (Guo, Zhao, and Li 2021;
Lei et al. 2023) has gained increasing attention, and virtual
games (Wu et al. 2021; Hu et al. 2021) based on human
interaction (e.g., dance, sports) have also extended the re-
search in action assessment. In this paper, we focus on the
challenges in action understanding, taking dance action as-
sessment as an example and proposing targeted solutions.
Specifically, we introduce the Group Dance Neatness As-
sessment (GDNA) task, which aims to assess how neatly
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Figure 1: (a) Common abnormal challenges in dance scenes.
(b) Group dancing in real life is difficult, even impossible, to
achieve complete neatness. (Best viewed in color.)

and consistently dancers move with each other in a group
dance—a critical factor in group dance performances.
Various modalities are available to study human action,
such as RGB video (Li et al. 2022; Wen et al. 2023), optical
flow (Wang et al. 2023; Radevski et al. 2023), and skele-
ton data (Zhou, Liu, and Wang 2023; Lin, Zhang, and Liu
2023), but these works study only one modality, ignoring
the information consistency among modalities. The current
commonly used skeleton data is lightweight structural data
with high computational efficiency and robustness, which is
not easily affected by the background. However, the acquisi-
tion of skeleton data in practice depends on the accuracy of
pose estimation algorithms. The human dance actions stud-
ied in this paper are more variable with more complex action
information, which are more prone to abnormalities such as
self-occlusion, external occlusion, and motion blur leading
to inaccurate skeleton data (Fig. 1 (a)). This low-credibility
skeleton data reduces the accuracy of the dance neatness
assessment. In addition, we also find inconsistent motion
properties of body parts during actions. The human body
is a flexible articulated structure, with interconnected limbs
that often exhibit different motion properties. It is difficult to
achieve uniform changes in all body parts during movement.
Such differences are even more obvious in dance (e.g., hand



motions are more flexible and strenuous than legs).

Besides, dance action assessment is not only entertaining
and interesting but also has important practical value. Using
machines to assess human actions in performances and com-
petitions can effectively ensure fairness and eliminate indi-
vidual subjective effects. However, the lack of reliable label-
ing data and unified quantitative standards for many scenes
has made it difficult to achieve accurate quality assessment
of action sequences, hindering the effective dissemination of
research results and concepts. Moreover, most of the dance
scenes that look neat at a glance are not neat after a closer
look, and the dance scenes that are 100% neat in reality are
difficult to find and do not even exist (Fig. 1 (b)), making it
difficult to define the exact neatness of dance.

Based on the above analysis, we summarize the main
challenges for dance action assessment as follows: (1) How
to solve the shortcomings of a single modality and enhance
the accuracy of action information, particularly under abnor-
mal cases like occlusion and motion blur? (2) How to elimi-
nate the effects of the non-uniform motion of body parts and
adaptively extract motion information from each part with
various degrees of intensity? (3) How to obtain reliable la-
beling data and quantify criteria for group dance?

Although existing keypoint detection or correction meth-
ods (Moon, Chang, and Lee 2019; Zeng et al. 2022) have
achieved great progress, they are not adapted to the com-
plexity and variability of dance scenes. Therefore, we aim
to explore methods that adapt to complex actions like dance.
To address these challenges, we propose a novel abnormal
skeleton data correction method called bidirectional spatial-
temporal context optical flow correction (BOFC). We ex-
ploit the fact that the motion information expressed across
modalities is consistent with each other. Among them, op-
tical flow can calculate the pixel changes before and af-
ter the appearance of anomalies, which has the potential
to solve anomalies such as occlusion (Poux et al. 2021;
Feng et al. 2023). BOFC first extracts the reliable pre- and
post-temporal context optical flow information of abnormal
frames. Using this, it calculates the pixel motion of skeleton
points and compensates for the defects of skeleton data, ulti-
mately combining fine-grained optical flow and lightweight
skeleton data to maximize benefits. By combining the mo-
tion consistency of modalities, skeleton data, and optical
flow, we can correct abnormal skeleton data effectively.

To extract motion properties of body parts, we decou-
ple the complex human body into limb parts inspired by
task decoupling and focus on the “instance-level” informa-
tion (Yang et al. 2020) of each part. We construct a part-
level dance dataset (Dancer Parts) to address the motion dif-
ference of body parts and propose a part-level motion fea-
ture extraction based on task decoupling (PETD). PETD ex-
tracts the motion properties of each part, including candidate
skeleton point regions and motion changes, and uses this in-
formation to detect the before and after frames of abnormal
frames. This improves the reliability of optical flow informa-
tion of BOFC, correction, and dance neatness assessment.

To improve the reusability and feasibility of DanceFix,
we construct a dataset that simulates fully neat virtual dance
scenes, called Dancing-Neatly-in-Virtual (DNV). We first
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validate the feasibility of automatic quantitative group dance
neatness assessment and the validity of DanceFix on the
DNV. To this end, we propose five new metrics to com-
prehensively assess GDNA, including three static: neat-
ness score (NS) and relative mean per joint angle/posi-
tion error (R-MPJAE/R-MPJPE) and two dynamic: relative
mean per joint angle/position velocity error (R-MPJAVE/R-
MPJPVE). We further validate the effectiveness of our
method in improving pose accuracy on the publicly JHMDB
dataset. The main contributions are summarized as:

* We propose a bidirectional spatial-temporal context opti-
cal flow correction (BOFC) to combat anomalies such as
occlusions and blurs for correcting the skeleton data.

* We propose a part-level motion feature extraction based
on task decoupling (PETD) and a corresponding part-
level dataset (Dancer Parts) to extract the candidate re-
gions of skeleton points and motion variations of body
parts to obtain accurate spatial-temporal information.

* To explore and tackle GDNA, we construct a simulated
fully neat dance dataset (DNV), which develops a unified
criterion for automatically quantifying dance neatness as-
sessment. To the best of our knowledge, this is the first
work to develop assessing the dance’s neatness.

* We propose five new metrics (three static and two dy-
namic) for group dance. Extensive experiments illustrate
that our DanceFix can effectively embed and improve the
accuracy of existing pose estimation algorithms.

Related Work

Skeleton-Based Action Recognition. The data-driven
methods for feature extraction using deep learning gradu-
ally replace the traditional manual feature approach (Vemu-
lapalli, Arrate, and Chellappa 2014; Dalal and Triggs 2005),
and the main neural networks for skeleton-based action
recognition include RNN (Zhu et al. 2016; Li et al. 2021),
CNN (Ke et al. 2017; Xu et al. 2022), GCN (Chen et al.
2021; Xie et al. 2024), and Transformer (Wu et al. 2024).
However, pose estimation methods often perform poorly
in scenes such as occlusion and motion blur, thus the inac-
curate skeleton data limits these methods in applications. To
solve this, our BOFC captures motion information before
and after anomalies using optical flow estimation. We then
correct abnormal skeleton data by using the motion con-
sistency between multiple modalities to obtain high-quality
skeleton data for skeleton-based action understanding.
Human Keypoint Detection. Most pose estimation works
(Yu et al. 2021; Yang et al. 2023b; An et al. 2024) are per-
formed mainly on single-frame images, which can only es-
timate frame-by-frame for video and often perform poorly
in the face of occlusion and motion blur scenes common to
video. Recently, more promising results have been obtained
by modeling temporal features (Xu et al. 2021; Zhang et al.
2022a; Feng et al. 2023) based on video-based pose estima-
tion to learn and exploit the temporal information of videos.
However, these methods only use one frame before and
after to directly localize the current frame. We find that ab-
normal cases like occlusion often lead to inaccurate pose es-
timation in multiple continuous frames in dance and sports
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Figure 2: Block diagram of DanceFix. The input video sequence is pre-processed to estimate the initial pose and perform
abnormal skeleton data detection, and the PETD module extracts part-level motion information to assist in the search for
reliable spatial-temporal context information. Then, the BOFC module is used to correct the abnormal skeleton data based on
the spatial-temporal context optical flow information, and finally to complete the group dance neatness assessment.
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Figure 3: Block diagram of bidirectional spatial-temporal
context optical flow correction (BOFC).

competitions. For this reason, our method explores multi-
frame for extracting spatial-temporal features, excluding un-
reliable features, and uses optical flow estimation to capture
motion consistency to correct abnormal skeleton data.
Multiple Object Tracking. The classical MOT meth-
ods (Zhang et al. 2022b; Li et al. 2024) are based on the TBD
framework, using detectors to frame-wise detect bounding
boxes and data association methods to identify target identi-
ties. JDE frameworks (Zhang et al. 2021; Yu et al. 2023) use
a unified model to link target detection and tracking to im-
prove tracking efficiency. Recently, Transformer have been
applied to tracking (Chu et al. 2023; Wang et al. 2024).
However, these methods only track the whole body or
head, which is less suitable to scenes with complex limb mo-
tions. Therefore, we train a part-level tracker to track body
parts more finely and capture the motion differences of parts.

Method

In this section, we describe DanceFix in detail. DanceFix is
a generic pose correction network and an exploration of the
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application of CV in dance (GDNA), as shown in Fig. 2.

Remark: Although 2D pose has some limitations compared
to 3D, 2D pose is currently more widely applicable in real-
life scenes and easier to obtain. Many recent works (Ye et al.
2020; Wang et al. 2021a; Lei et al. 2023; Zhong and Demiris
2024) are using 2D poses to assess human motion and per-
formance. In this work, we explore the novel study of group
dance neatness assessment (GDNA) starting in 2D pose.

Bidirectional Spatial-Temporal Context Optical
Flow Correction (BOFC)

Problem Formulation. For an input video I, with NV
frames, where I, = {It}ivzl ST, € REXWX3 we first ex-
tract the pose heatmaps and optical flows using pre-trained
pose and flow networks. As in (Pfister, Charles, and Zisser-
man 2015; Song et al. 2017), the confidence estimates of
neighboring frames are aligned by shifting confidence val-
ues along the track directions through a flow-warping layer.
The initial pose is obtained based on the warped heatmaps.
We then apply the simplest abnormal data detection to the
initial pose. Specifically, we consider three cases as unreli-
able abnormal skeleton data that require correction: low con-
fidence (¢t 1), large variance in the confidence sequence (C})
of a body in initial poses, and a high instantaneous motion
rate of the skeleton position (p¥) between two continuous
frames. The above process is written as:

D ({pf}) =cF <7 orVar(Cy) > 1 or ||pf —pf_HH2 > 73, (1)

A=, i = DED)), @

where A; is the set of abnormal skeleton data in the abnor-
mal frame I;, p} is k-th abnormal skeleton point in I;, and
E(+), D(-) are pose estimation and abnormal data detection.



Abnormal Skeleton Data Correction. In practice, contin-
uous anomalous frames are more common due to intense
motions and complex changes in dance and sports. In this
case, skeleton information from just the two frames before
and after is often not credible. Therefore, we extend vision
to detect anomalies frame by frame within a certain number
of frames. We exclude abnormal skeleton data until we find
the nearest reliable pre-sequence frame and post-sequence
frame, and extract the motion’s past and future information.

Next, for the skeleton points p; in the pre-sequence i-th
frame, we introduce forward optical flow information f, be-
tween i-th and (i+1)-th frame, and calculate the skeleton
points p; 41 in (i+1)-th frame based on motion consistency.
We use p; 11 as input for calculating p; 2. The operation cy-
cles until the abnormal skeleton data is corrected. We denote
the start of the forward correction as p f,.on¢. In the other di-
rection, we start from Py, to perform backward correction
on the motion information of post-sequence frames. We fi-
nally fuse the forward and backward correction results. In
the case of extreme anomalies, which can only obtain a sin-
gle reliable pre-sequence or post-sequence information, we
make corrections based on this single information. The over-
all process is shown in Fig. 3 and can be written as:

N
(pi7 fi?pi+1>7
— —
a - Z BOFC <p’i7 fi7pi*1>7
i=back
ct =F (E,E) s

Where,a and E are the order and reverse order optical flow
corrections for abnormal skeleton data p;, F (-) is the linear
layer used for fusion operation to obtain the final results c;.
Loss Function. To correct exact skeleton points, we adopt
the mean squared error loss between ground truth p and cor-
rected skeleton point positions p, which is defined as:

t—1
S BOFC

i=front

N
Ct =

3

t+1

@

&)

Luse (p,p) = |Ip — |- (6)
Part-Level Motion Feature Extraction Based on
Task Decoupling (PETD)

Part-Level Tracking. To address non-uniform part motions,
we propose a part-level motion feature extraction based
on task decoupling (PETD). PETD detects and tracks each
body part of dancers in the input sequence. Trained on DP,
PETD’s tracking sequence preserves the spatial-temporal
motion of parts, providing candidate regions and motion
details for associated skeleton points. When extracting ini-
tial poses, these regions are encoded as masks for tempo-
ral tracking matching on heatmaps. When fixing abnormal
frames, the regions initially screen limb skeleton points. We
further screen them to find points that are consistent with the
overall limb motion trends and match the relative movement
of articulated limbs as reliable data, and the rest are regarded
as unreliable. The experiments prove that PETD can elimi-
nate misjudgments caused by unreliable skeleton data and
sufficiently improve the correction effect of BOFC.
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0) head 10) right hip
1) neck 11) left knee
2) belly 12) right knee

3) left shoulder 13) left ankle
4) right shoulder 14) right ankle

5) left elbow 0)£3-5-7

6) right elbow 0,)£1-3-5

7Y left wrist 0,)£4-6-8

) left wris 0)21-4-6
8) right wrist 0.)/9-11-13
9) left hip 6,)£10-12-14

Figure 4: An example of numbering 2D pose. We denote
the human skeleton points as {p" }1164:0, each limb as vector

i1 piz» €ach joint angle as {Gi}le, and split the body part
into the left hand, right hand, left leg and right leg subsets,
ie. B_p,Pr_p,Py_yand P._;.

(Y

Loss Function. We adopt the intersection over union loss
for part-level tracking, which is defined as:

area () Narea (z)

Liov (Z,2) =

7
area (£) Uarea (x)’ )
where x and 2 are the ground truth and detection box respec-
tively, area (-) denotes the area of the box.

Group Dance Neatness Assessment (GDNA)

Our method aims to further explore the application of CV
technologies in dance, an interesting and valuable scene.
While existing action quality assessment (AQA) (Zhou et al.
2023, 2024a,b; Ke et al. 2024; Xu et al. 2024) task focuses
on action completion and performance quality, relying on
ratings by experts. In many dance scenes, especially group
dance, there is still a lack of sufficient, authoritative, and
unified assessment data. Creating reliable datasets akin to
AQA is difficult. To this end, we use the simple and applied
method to assess group dance by dance neatness.

Assessment Algorithm. We propose dance neatness assess-
ment algorithms based on the extracted skeleton data. It is
worth noting that dancers in groups often communicate with
each other or audiences using eye contact and look conveys.
The demand for head neatness is not high, so we exclude
head in group dance assessment. As shown in Fig. 4, we
number the 2D poses of the human body to describe the se-
mantic features of each layer of the target. We first extract
the limb-level features and split the limbs into eight parts:
left forearm, left upper arm, right forearm, right upper arm,
left thigh, left calf, right thigh, and right calf. After that, we
link the two skeleton points involved in each limb part to
form the limb feature vector vy, p, . The cosine similarity
of the same limb feature vector among the dancers is cal-
culated, and the higher the similarity, the closer the limbs
are to parallel, indicating neater movements. We further ex-
tract more fine-grained joint angle features, numbering the
body joints commonly used in sports, and denote angles by
0 ={1,2,---,6}, representing left elbow angle, left shoul-
der angle, right elbow angle, right shoulder angle, left knee



angle, and right knee angle, respectively. We normalize the
joint angle values and use the L1 distance to calculate the
degree of difference in the same joint angle among dancers.
The smaller the distance, the neater the movement. With
these two algorithms, the two grainy feature information of
the human body is fused, and the correlation and neatness of
limb and joint motion are analyzed comprehensively. For a
group dance of M dancers, the neatness assessment is:

L
Z

=1

Slzmb.s Z1722 (8)

2
1
Sjoints (11,12) = J\j ) , O
J

NS = ﬁ Z (/\ISlimbs (ih 12) + )\2Sjnints (ilaiZ))7 (]0)
i1,i2€M

”l’x|”z}

10~

1
14+07 1407

where L and J are the number of limbs and joints, we set
L =8,J = 6.1,y are two dancers, v;" and v;* are the [-th
limb vectors, 6% and 6°% are the j-th joint angles, A1,\o
are the weights of limb neatness Sjmps and joint neatness
Sjoints- VS is the overall neatness score of the group.
Based on the traditional joint metrics (MPJAE and
MPIPE), We propose four new strict metrics for assessing
group dance, called relative mean per joint angle/position er-
ror (R-MPJAE/R-MPJPE) and their first-order velocity dif-
ference forms of relative mean per joint angle/position ve-
locity error (R-MPJAVE/R-MPJPVE). We calculate the er-
ror in joint angle and position between pairs of dancers.
Smaller errors indicate a neater dance. To eliminate the ef-
fect of dancers’ different spatial positions, we take the neck
point that can be stably detected as the base and normalize
the dancer poses. Each joint position is subtracted by the
base point (Toshev and Szegedy 2014), and divided by the
torso diameter (the distance from left shoulder to right hip)
as in PCK (Yang and Ramanan 2012). For dancers i1 and i5:

1 7 7
R-MPJAE(i1,i2) = 7 § 05 — 03|, an
1 K P P 12
R-MPJPE(i1,i3) = I 2
(ini2) = 7 3 || Pt — s+ (12

R-MPJAVE(i1,iz) = + >

R-MPJAE, at(i1,i2)— R-MPJAE, (i1 ,i2)
- At )

<.

13)

H R-MPJPE;sa¢(in,iz)—R-MPJPE,(iy,iz)

M=

R-MPJPVE(iy,iy) =

L
K At

k

Il
—

(14)
where ppeck, Pis, and p,p, are joint positions of the neck, left
and right shoulder, respectively, with K = 15 joints in total.

Datasets
Dancer Parts (DP)

Motivation. To address non-uniform part motions, we pro-
pose a PETD module to track part-level motion. Although
(Yang et al. 2020) has proposed an “instance-level” body
part dataset, it only focuses on the head, palms, and feet, and
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Figure 5: (a) Examples of the Dancer Parts dataset. We label
the 15 common human keypoints, and six body parts: the left
and right hands, the left and right legs, head, and torso. (b)
Fully neat virtual dance dataset (DNV) generation method.
Generate virtual and real-world datasets.

is not suitable for dances with complex part motions. To im-
plement PETD, we consider the common motion properties
of the dancers’ limbs and construct the DP dataset.

We divide the body into six parts: left and right hands,
left and right legs, head, and torso. Although the GDNA al-
gorithms do not directly consider the torso, its labeling is es-
sential for reconnecting and re-identifying parts during oc-
clusions, improving tracking sequence length and credibil-
ity. So we build the DP (part-level dance dataset) based on
these six parts, encompassing various dance types, scenes,
and variations (Fig. 5 (a)). In addition, we label 15 common
human keypoints as in (Jhuang et al. 2013) to learn accu-
rate pose correction. The DP dataset, following the MOT20
(Dendorfer et al. 2020) standard, includes 65 group dance
videos (50 for training and 15 for testing), each labeled with
the position and tracking sequence for each dancer’s parts.

Dancing-Neatly-in-Virtual (DNV)

Motivation. In reality, perfectly neat group dances hardly
exist, and there is no professional quantitative label to de-
fine neatness. To tackle the GDNA task and verify the ef-
fectiveness of our assessment method on reliable data with
quantitative metrics, we propose a DNV dataset based on the
idea of motion synthesis (Tevet et al. 2022; Lee, Moon, and
Lee 2023) to simulate the fully neat dances.

As shown in Fig. 5 (b), we generate virtual group dances
by parsing and replicating virtual individual dances, cre-
ated through methods such as dance generation algorithms,
games, or LLMs. Then, real group dances are generated us-
ing real individual dances sourced from video websites. The
resulting dataset is 100% neat, providing quantitative criteria
for GDNA, facilitating research, and validating our method.
We remove the background to avoid noise interfering with
the 100% neatness, but also hire professional dancers to
check that DNV’s dance moves match real-life dances. To
our knowledge, this is the first work to develop quantita-
tive criteria for dance neatness assessment. The DNV dataset
consists of 50 group dance videos (25 virtual, 25 real) at 30
FPS. We only use DNV for testing to verify GDNA.
JHMDB. We also validate our pose correction effects in



Name FPS

DNV 30
Dancer Parts 30
JHMDB 15-40

Resolution Clips Length  Box

1280720 50 5,300 238
1920x1080 65 13,666 1,190
320240 928 31,838 928

Table 1: Parameters for DNV, Dancer Parts, and JHMDB.

Methods NS? [R-MPJAE||R-MPIPE||R-MPJAVE||R-MPJPVE|

AlphaPose (1ccv 17)85.74| 15.64 | 7.91 13.73 3.63
+DanceFix (Ours) 94.25| 7.94 6.39 6.28 3.15

Hrnet (cVvPR 19)  89.56| 9.79 7.82 8.98 5.15
+DanceFix (Ours) 91.77| 6.49 6.38 6.14 4.59

RSN (eccv20) 87.36] 7.90 4.88 7.54 2.17
+DanceFix (Ours) 91.64| 5.20 4.37 4.83 1.88

LiteHrnet (CVPR 21) 92.90| 6.99 4.33 6.57 1.90
+DanceFix (Ours) 96.26| 4.11 4.07 2.85 1.53

PVT accvan  87.41| 10.82 8.50 8.38 428
+DanceFix (Ours) 94.50| 6.44 6.82 4.83 3.79

PVT2 (cvME22) 92.58| 5.08 491 3.77 2.76
+DanceFix (Ours) 94.37| 4.06 4.34 2.75 2.04

ED-Pose (ICLR23) 94.71| 3.87 2.12 3.49 1.69
+DanceFix (Ours) 96.08 2.36 1.85 1.96 1.23

DGN @wcv24) 94.67| 4.24 3.18 3.73 2.34
+DanceFix (Ours) 96.30| 2.52 2.05 2.09 1.37

SHaRPose (AAA124)94.40, 3.71 2.97 3.36 1.96
+DanceFix (Ours) 96.02| 2.22 1.63 1.75 1.18

Table 2: Comparison of the correction effects of apply-
ing DanceFix to the latest pose estimation algorithm on
whole-body NS (%)1, R-MPJAE|, R-MPJPE (x100)/, R-
MPJAVE/, and R-MPJPVE (x100)].

the widely-used video-based JHMDB (Jhuang et al. 2013)
dataset for other action scenes. To facilitate comparison with
previous work (Wei et al. 2016; Xiao, Wu, and Wei 2018),
we evaluate our method in three subset divisions of JHMDB
and report the average results. We show the content param-
eters of the three datasets in Table 1.

Experiments
Implementation Details

We conduct experiments on a Tesla V100 with PyTorch
1.8.0, using the open-source code and pre-trained models of
previous works to obtain initial poses and dance neatness.
We adopt the ByteTrack (Zhang et al. 2022b) and Flow-
Former (Huang et al. 2022) as the backbone for part-level
tracking and optical flow estimation, with learning rates of
le-3 and le-4. The input size for training is 800 x 1440. We
use the Adam optimizer and set the weight decay to 1e-5. We
train our part-level tracker and fine-tune the pose and opti-
cal flow estimation models on the Dancer Parts. The DNV
is just to verify the effect of our pose correction and dance
neatness assessment. The hyperparameters 71, 7o, 73, A1 and
Ao in Eq. (1) and Eq. (10) are 0.8, 0.02, 10, 0.5 and 0.5.

Methods Subl | Sub2 | Sub3 | Avg

CPM (cvPr16)  59.0/32.8/52.7/28.0/61.0/34.9]57.6/31.9
+DanceFix (Ours) 67.8/43.1/61.5/36.9|68.7 / 43.5/66.0 / 41.2

SBL (Eccv 18)  74.8/49.0|65.6 /40.4(74.5 / 48.3|71.7/45.9
+DanceFix (Ours) 79.8 /57.7|73.2/49.7|79.8 / 57.1|77.6 / 54.8

PoseWarper (NIPS 19) 69.2 / 43.9|64.8 / 38.5(72.9 / 44.4/68.9 / 42.2
+DanceFix (Ours) 75.5/50.9|71.1/45.8|78.2/52.0|74.9 / 49.5

DCPose (cvPr21) 61.8/36.9/56.5/32.2|64.1/37.3160.8 / 35.5
+DanceFix (Ours) 70.7 / 45.6/66.2 / 40.8|73.3 / 46.2|70.1 / 44.2

DeciWatch (Eccv 22) 86.6 / 62.6|82.3 / 56.1|86.2 / 61.7|85.0 / 60.1
+DanceFix (Ours) 88.0/67.6/83.8 /60.6/87.4 / 66.2|86.4 / 64.8

HANet (wACv 23) 87.3/63.4/83.9/57.9|87.2/62.4/86.1/61.2
+DanceFix (Ours) 89.6/69.9/86.6 / 63.8/89.7 / 69.1|88.6 / 67.6

Table 3: Comparison of the correction effect of applying
DanceFix to existing methods on the public JHMDB dataset
on the PCK@(.2 / PCK@0.11 metrics.

Evaluation Metrics. We validate the correction effect on
the human body by calculating the neatness score (NS) of
the left hand, right hand, left leg, and right leg, and the NS,
R-MPJAE, R-MPJPE, R-MPJAVE, and R-MPJPVE of the
whole body (all are introduced in Method). In addition, we
validate our transferability for abnormal skeleton data cor-
rection on the JHMDB using the PCK metric.

Experiment Results

Correction Effects on State-of-the-Art Methods. We re-
port the effect of pose correction on prior works (Fang et al.
2017; Sun et al. 2019; Cai et al. 2020; Yu et al. 2021; Wang
et al. 2021b, 2022; Yang et al. 2023a; Tu, Wu, and Wang
2024; An et al. 2024) on DNV in Table 2. The first row
lists the initial dance neatness, while the second row shows
the improvement achieved by our method. We see that our
method has a good correction effect on all methods with
an average increase of 3.54%, 2.97, 0.97, 2.90, and 0.57 in
whole-body NS, R-MPJAE, R-MPJPE (x100), R-MPJAVE,
and R-MPJPVE (x100) respectively, showing the strong ef-
fectiveness of the DanceFix.

Results on JHMDB Dataset. We report the average correc-
tion effect on the public JHMDB in Table 3. Our method
achieves good corrections with existing methods (video-
based pose estimation (Wei et al. 2016; Zeng et al. 2022;
Jin et al. 2023) and pose tracking (Xiao, Wu, and Wei 2018;
Bertasius et al. 2019; Liu et al. 2021)). The PCK@0.2 / 0.1
are improved by 8.4% / 9.3%, 5.9% / 8.9%, 6.0% / 7.3%,
9.3% / 8.7%, 1.4% | 4.7%, and 2.5% / 6.4% on six meth-
ods, respectively. Although DanceFix aims to be studied for
dance scenes, there are also great effects in general scenes,
showing the strong effectiveness of our method.

Analysis

Ablation Studies. We conduct experiments using Alpha-
Pose (Fang et al. 2017) as the pose estimation backbone,
which is a competitive and widely used algorithm. Correct-
ing a non-optimal initial pose sequence helps DanceFix to



Real-world Dataset Virtual Dataset

Methods LH RH LL RL All LH RH LL RL All
AlphaPose 9534 84.41 89.59 96.50 85.74 9494 9382 99.36 9833 94.39
Replace 95.04 90.39 9536 98.81 9148 9543 95.07 9947 9841 9497
Replace+PETD 97.74 89.17 9536 98.82 92.57 95.53 9511 9948 98.41 95.00
Line Speed 95.15 90.09 9536 98.82 91.88 9544 9490 99.44 9841 94.89
Line Speed+PETD 9740 89.53 9537 98.82 9222 9551 9495 9945 9841 9492
Ours (BOFC) 95.03 9222 9536 98.83 93.19 95.66 9499 9948 98.40 95.02
Ours (BOFC+PETD) 97.71 92.80 9536 98.83 94.25 95.69 95.00 9948 98.42 95.02

Table 4: Ablation experiments with BOFC and PETD modules for the NS (%)1 (including LH (Left-hand), RH (Right-hand),
LL (Left-leg), RL (Right-leg), ALL (Whole-body)) on DNV’s Real-world Dataset and Virtual Dataset.

Dancers  Siimps (5) Sjoints () R-MPJAE (s) R-MPJIPE (s)

2 0.002 0.008 0.008 0.018
7 0.038 0.035 0.037 0.076
15 0.056 0.082 0.082 0.118
30 0.107 0.161 0.168 0.252

Table 5: Computational cost of our proposed dance neatness
assessment metric in 60 frames, with time units in seconds.

better face the challenges in dance scenes. We randomly se-
lect 20 videos from DNV, 10 real and 10 virtual scenes, and
average the results. As shown in the left part of Table 4, com-
pared with directly replacing abnormal skeleton data with
reliable temporal frames (denoted as Replace) and calcu-
lating based on the movement speed of the skeleton points
in the temporal frames (denoted as Line Speed), our BOFC
is more effective in correcting the skeleton data of dancers,
achieving an NS increasing by 8.38% of the whole body than
AlphaPose. With the PETD added, the whole-body NS of
the three methods improves by 1.09%, 0.34%, and 1.06%.
Moreover, DanceFix also achieves good results on virtual
datasets, which shows the feasibility of applying this method
to scenes such as VR and games. The above results indicate
the effectiveness of the components of DanceFix.

Computational Cost. The group dance assessment metrics
we proposed require pairwise dancer comparison, which re-
sult in an exponential increase of comparison numbers as the
number of dancers increases. To this end, we study the com-
putational cost for different numbers of dancers, as shown in
Table 5. For a 60-frame video (2 seconds at 30 FPS), all cal-
culations can be completed within 1 second, even with up to
30 dancers. This suggests that our proposed assessment met-
rics can be applied in real time for industrial applications.

Case Studies. We compare our results with the Avg. expert
neatness of ten professional dancers. As shown in Fig. 6 (a),
DanceFix corrects and gives more accurate neatness.

Visualization. We show the correction effect of DanceFix
on abnormal cases under realistic complex dance scenes in
Fig. 6 (b), such as occlusion and motion blur. Our DanceFix
can effectively correct the abnormal skeleton data.
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Figure 6: (a) Case studies for comparing expert neatness
scores. (b) The feasibility of optical flow and correction ef-
fects under realistic complex, flashy dances.

Conclusion and Discussion

In this paper, we have explored a new Group Dance Neat-
ness Assessment (GDNA) task. We have proposed a bidi-
rectional optical flow correction (BOFC), aiming to correct
abnormal skeleton data. Meanwhile, we have collected the
Dancer Parts dataset and trained a part-level tracker (PETD)
to obtain reliable temporal frames. We have also proposed
the DNV dataset and dance assessment algorithms. Exper-
iments on DNV and JHMDB have shown that our method
can be flexibly embedded into existing works to correct ab-
normal skeleton data and improve accuracy. To the best of
our knowledge, we are the first to define quantitative crite-
ria for group dance assessment. We hope that our work will
provide a meaningful and fun idea for dance assessment.

Potential Impact. DanceFix is applicable to group dance as-
sessment, motion instruction, medical rehabilitation, group
sports, military training, and many other scenes.
Limitations and Future Research. The proposed method
examines the neatness of group dance, which assumes that
dancers follow the same actions. This work contributes two
new datasets, including real-world dance sourced from video
websites, and we are actively contacting the creators to ob-
tain appropriate consent. We further plan to expand our re-
search on 3D pose perspective with more specialized abnor-
mal pose detection and build dance datasets with expert la-
bels to explore further dance research as in the AQA task.
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