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Abstract: Temporal Action Segmentation (TAS) assigns an action label to each frame in a sequence. While
TAS has been extensively studied in contexts such as daily activities, sports, and surgical videos, its application
to continuous dance motion derived from video-based skeleton data is still limited. This paper evaluates
vision-based TAS for continuous dance motion using video-derived skeleton sequences, eliminating the need
for wearable sensors. A labeled dance dataset was created from video clips, including multi-person scenes
where each performer was extracted and treated as an individual sequence. The dataset also incorporates
duet performances, which introduce greater variation in execution and recording conditions.To examine how
pose representation and temporal modeling affect segmentation quality, we evaluated two skeleton settings
(BODY-25 and COCO-18) and two representative Temporal Action Segmentation (TAS) models [Multi-Stage
Temporal Convolutional Network++ (MS-TCN++) and Frame-Action Cross-Attention Temporal Modeling
(FACT)] under a unified protocol. Both models effectively segmented dance actions from skeleton data. FACT
consistently achieved higher segment-level performance than MS-TCN++, particularly in F1 and Edit scores,
while BODY-25 generally outperformed COCO-18 across both models. Using BODY-25, FACT achieved
Fl@10 and F1@25 scores of 94.6 and an F1@50 score of 90.6, compared to MS-TCN++'s scores of 89.7,
89.7, and 89.1, respectively. These results demonstrate that both pose representation and temporal modeling
materially affect segmentation quality in continuous dance motion.

Keywords: Temporal Action Segmentation; Skeleton-based Action Recognition; Dance Action Analysis;
Pose Estimation; Computer Vision; Deep Learning

1. Introduction

Temporal Action Segmentation (TAS) divides an untrimmed sequence into labeled action segments [1].
It is a fundamental problem in computer vision because many human activities unfold as continuous streams
containing multiple sequential actions. TAS has been applied to daily activities [2], sports [3], and surgical
procedures [4], where both action identity and temporal boundaries are important. However, segmentation
remains difficult for fine-grained actions that are temporally connected and visually similar [5, 6].

Human action analysis is important in domains such as sports training, rehabilitation, and dance
performance analysis, where body motion must be interpreted over time. This analysis can be per-formed using
wearable sensors or visual data. Sensor-based approaches capture body movement effectively but depend on
body-worn devices and are therefore less practical in natural settings [7, 8]. In contrast, video-based approaches
are non-intrusive and easier to deploy. With recent advances in pose estimation, human motion can be
represented as video-extracted skeleton sequences [2], [9], making video-based skeleton analysis a promising
direction for TAS because it emphasizes body movement while reducing appearance and background variation
[10, 11].
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Despite this promise, video-based TAS from skeleton data remains challenging in continuous motion
scenarios where action boundaries are ambiguous and execution varies across performers. Dance is a
representative case: actions are linked by smooth transitions, and the same movement may differ in timing,
posture, body control, experience, viewpoint, and recording conditions. These properties make dance a
demanding benchmark for fine-grained temporal segmentation and motion understanding [12, 13].

However, existing work still provides limited evidence on how well video-based skeleton TAS handles
such continuous motion, especially under realistic multi-person settings and variations in execution [14]. In
particular, it remains unclear how pose representation and temporal modeling jointly affect segmentation quality
for continuous dance motion represented by video-derived skeleton sequences.

To address this gap, we used dance as a case study for vision-based TAS from skeleton sequences. In this
work, we constructed a labeled dance dataset from video clips for frame-level temporal segmentation. Because
many of the source videos contained multiple dancers, each per-former was cropped and treated as an individual
sequence. The dataset also included duet performances in which two students performed the same choreography
simultaneously, introducing less controlled conditions and greater variation in execution. On this basis, we
investigated two technical questions. First, we compared BODY-25 [15] and COCO-18 [16] to examine
whether a denser keypoint representation improves temporal segmentation. Second, we benchmarked two
representative TAS architectures, Multi-Stage Temporal Convolutional Network++ (MS-TCN++) [17] and
Frame-Action Cross-Attention Temporal Modeling (FACT) [18], to assess how temporal convolution and
transformer-based modeling behave under a unified protocol in continuous motion. These models were selected
because they represent two contrasting temporal modeling strategies for long untrimmed sequences. MS-
TCN++ captures temporal context through multi-stage dilated temporal convolutions and iterative refinement,
whereas FACT combines frame-level features with action-level representations through cross-attention. This
comparison is particularly relevant for dance segmentation, where smooth transitions and weak action
boundaries require both temporal continuity and segment-level coherence.

The contributions of this work are threefold. First, we investigate the feasibility of TAS from video-based
skeletal sequences without the use of wearable body sensors. Second, we propose a practical data preparation
pipeline for multi-person dance videos, encompassing performer-level skeleton extraction and frame-level
action annotation. Third, we conduct a structured comparison of two skeleton representations, BODY-25 and
COCO-18, and two TAS models, MS-TCN++ and FACT, under a shared experimental protocol. Beyond dance
analysis, the study is also relevant to other fine-grained motion analysis problems that require segmentation
from ordinary video, such as sports training and movement-based skill assessment. Collectively, these
contributions elucidate how pose representation and temporal modeling choices affect TAS performance in a
challenging, fine-grained motion analysis domain.

2. Materials and Methods

2.1 Frame-wise TAS

TAS is commonly formulated as a dense sequence labeling task in which each frame in a sequence is
assigned an action label. In this setting, the model must recognize the category of actions while maintaining the
temporal boundaries between adjacent actions [19]. Accordingly, many TAS methods are designed to generate
frame-wise predictions while modeling temporal context across long sequences.

A major line of work in this setting is represented by the Multi-Stage Temporal Convolutional Network
(MS-TCN) and its variants. Farha and Gall proposed MS-TCN as a strong frame-wise baseline built around
temporal convolution and multi-stage refinement [19]. Its importance lies in demonstrating that iterative
refinement can substantially improve temporal segmentation quality while maintaining efficient frame-level
prediction. Li et al. later introduced MS-TCN++ [17], which strengthened this framework by improving the
quality of early-stage predictions and, in turn, the effectiveness of subsequent refinements. As a result, MS-
TCN++ has become a widely used benchmark for frame-wise TAS and a representative model for studying how
refinement-based temporal modeling performs. This model family is particularly relevant to the present study
because it emphasizes frame-wise prediction refinement, which is important when action boundaries must be
localized precisely.

The influence of this model family is also evident in applied domains. MS-TCN-based approaches have
been adopted in surgical workflow analysis [20], used as key baselines in few-shot skeleton-based TAS [21],
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and included in structured sports benchmarks such as figure skating [22]. These studies indicate that frame-wise
refinement remains a central paradigm for TAS, particularly in settings where temporal precision is essential.

2.2 Higher-level temporal modeling and skeleton-based motion analysis

Although frame-wise refinement is effective, it may be less sufficient when actions are highly similar,
extended in duration, or connected by smooth transitions. This limitation has motivated work on higher-level
temporal modeling, where the goal is not only to refine frame predictions but also to capture a broader action
structure. Hierarchical Action Segmentation Refiner (HASR) is an example of this direction [23]. As a plug-in
refinement module, it shows that segment- and video-level context can further improve temporal consistency,
supporting the view that TAS benefits from representations beyond the frame level.

A more explicit step in this direction is FACT, proposed by Lu et al. [18]. FACT combines frame-level
representation with action-level temporal modeling, allowing the model to capture both local motion cues and
longer-range dependencies among actions. This design is particularly relevant when temporal meaning depends
not only on short-term motion patterns but also on the ordering and interaction of action phases across a
sequence. FACT has achieved strong results on standard TAS benchmarks [18] and has also been applied to 3D
pose-based figure-skating segmentation [24], suggesting its suitability for continuous and fine-grained motion
domains. In contrast to MS-TCN++, which relies on iterative temporal convolutional refinement, FACT
explicitly models interactions between frame features and action-level representations. This architectural
difference makes the comparison between the two models informative for continuous dance motion, where both
local transitions and segment-level coherence are important.

At the same time, skeleton-based motion representation has become increasingly important in human
action understanding. Compared with RGB-based features, skeleton data focus more directly on body
movement and are less affected by appearance and background variation. This makes them especially relevant
for motion-centered tasks in which pose dynamics carry the main discriminative information. Previous studies
have also explored skeleton-based TAS in low-data or structured-motion settings [21], but this line of work
remains more limited than RGB-based TAS, particularly for continuous movement scenarios with substantial
performer variation. This representation is especially suitable for dance analysis, where fine-grained motion
patterns are expressed through posture, limb coordination, and movement transitions rather than scene context.
Based on the literature above, two research gaps remain. First, although TAS has progressed rapidly, much of
the literature still focuses on standard activity benchmarks, with less attention to continuous human movement
settings characterized by smooth transitions and performance-dependent variation. Second, while MS-TCN++
and FACT represent two important temporal modeling strategies, there is still limited evidence on how they
compare under a skeleton-based setting for fine-grained motion analysis. These gaps motivate the present study,
which evaluates MS-TCN++ and FACT on video-derived dance skeleton sequences and examines whether the
denser BODY-25 representation provides more reliable segmentation cues than COCO-18.

3. Methodology

3.1 Processing pipeline

We evaluate two temporal action segmentation (TAS) models, Multi-Stage Temporal Convolutional
Network++ (MS-TCN++) and Frame-Action Cross-Attention Temporal Modeling (FACT), on a video-based
skeleton dataset. The processing pipeline consists of five stages: video collection, pose extraction, performer
tracking, skeleton pre-processing, and frame-wise TAS. Given a video containing one or more performers, 2D
skeletons are first extracted with OpenPose [25]. The detected skeletons are then associated across frames to
form one temporally consistent sequence for each performer. Next, normalization, missing-keypoint completion,
and sequence augmentation are applied. The resulting sequence is used as input to a TAS model that predicts
one action label for each frame. The overall workflow is shown in Figure 1.
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Figure 1. Overview of the proposed pipeline

Let V = {I,}f_; denote an input video of length T, where I, is the frame at time t. After pose estimation
and tracking, each performer is represented by a skeleton sequence K = {K,}F_,, Where

Kt = [kt,l' kt,Z’ ey ktJ]T € R]XZ

And J denotes the number of body joints. Here, k; ; € R? is the 2D coordinate of joint j at frame t. After pre-
processing, the normalized sequence is denoted by K = {Et}le. Each K, is reshaped into a frame feature

vector X, € R?/, and the full sequence is written as
X= [Xl’ Xz, ...,XT]T € RTXZ]
The corresponding frame-level ground-truth labels are

y=[Y1;yz;---;_VT], yte{ll---rA}

where A denotes the number of action classes. A TAS model outputs a frame-wise prediction matrix P € RT*4,
and the predicted label at frame t is given by

¥, =arg max P,
Ye gae{l,...,A} ta

3.2 Skeleton pre-processing

3.2.1 Pose extraction and performer tracking

The source videos contain multiple performers in the same scene. OpenPose [25] is applied to each frame
I, to obtain a set of detected skeletons D, = {Kt(l), Kt(z), s Kt(Nt)}, where N, denotes the number of detected
people at frame t. Because these detections do not preserve a stable person index across frames, temporal
association is required before action segmentation.

Performer-specific sequences are constructed using SORT-based tracking [26]. For each detected skeleton
Kt(n) a bounding box Bt(n) = [Xmins Ymin: Xmax Ymax) 18 computed from the joint coordinates and enlarged by
a factor of 1.2. SORT then predicts track boxes LA?t(m) and matches them to detections using the Intersection-
over-Union (IoU) criterion in Eq. (1), followed by mini minimum-cost assignment.

B 0 5

1oU(B™, B) = BT U ™|
t t

(e)
After association, each track yields one temporally consistent skeleton sequence K™ = {Kt(m)}:;"l ,

where T,,, denotes the sequence length of performer m. In the following sections, the performer index is omitted
for simplicity, and the tracked sequence is written as K = {K,}1_;.
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3.2.2 Skeleton normalization and missing-keypoint completion

The skeletons extracted from OpenPose vary across performers in position and body scale. Each frame is
therefore normalized by centering at the neck and scaling by shoulder width. LetK, . denote the neck joint,
and let k;; and Kk, denote the left and right shoulder joints. The normalized coordinate of joint j at frame t
is defined in Eq. (2).

i(tj _ kt,j - kt,nc (2)
ke = Ke,

Equation (2) centers each skeleton at the neck and rescales it by shoulder width, reducing variation caused
by body position and scale.

Some frames contain missing keypoints due to occlusion, truncation, or pose estimation failure. Instead of
zero filling, missing joints are completed using a mean relative-vector strategy. Let r denote a reference joint,
with the neck used whenever available. For each frame t and joint j, the relative vector is defined in Eq. (3).

Ttj = kt,j - kt,r 3)

Using the relative vectors in Eq. (3), the mean relative vector of joint j at frame index t is computed over
all available samples, as defined in Eq. (4).
1
= (n)
fy =1 ) 1
Y eyl Y @

nEQt’j

In Eq. (4), Q. denotes the set of samples in which joint j is available at frame index t. If joint j is
missing at frame t, it is restored by Eq. (5).

i(t,j = kt,r + ft,j Q)

Equation (5) restores the missing joint by combining the reference-joint coordinate with the mean relative
offset.

3.2.3 Sequence augmentation

To increase data diversity, a motion interpolation strategy inspired by Xu et al. [21] is applied. Transitions
between adjacent clips are smoothed by linear interpolation at the clip boundary.

Let kj(l)and kj(z) denote the coordinates of joint j in the last frame of the first clip and the first frame of
the second clip, respectively. For an interpolation window of length S, the interpolated joint coordinate at step
i is defined in Eq. (6)

kM= (1-aDkP + aik®, = o i=01..5 (6)

Equation (6) linearly interpolates the coordinate of joint j between the two clip boundaries, where a;

denotes the interpolation ratio at step i.
To filter unstable interpolated poses, a torso-angle outlier check is applied. Let k;,;, denote the center hip

joint. The torso vector is defined as v{”*” = Ky;, — K¢ ecr -and the corresponding torso angle is 6, =
atan2 (v? ), vgx)). The interquartile range (IQR) of the torso-angle sequence is then computed, and frame t is

marked as abnormal if it satisfies Eq. (7)
0; < Q; —1L.5IQR or 0; > Q; + 1.5IQR (7)

In Eq. (7), Q1 and Q5 denote the first and third quartiles of the torso-angle distribution. Frames identified
as abnormal are replaced by forward fill.

After pre-processing, each frame K, € R/*? is reshaped into a vector x, € R?/. The resulting sequence
is written as X € R7*%/, which is used as input to the TAS model.

JX2

3.3 Prediction models

Given the pre-processed input sequence X € R7*2/] TAS predicts one action label for each frame. Two
models are evaluated in the same skeleton-based setting: MS-TCN++ and FACT. MS-TCN++ represents
refinement-based temporal convolutional modeling, whereas FACT combines frame-level temporal features
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with action-level representations through cross-attention. This contrast makes the comparison informative for
continuous dance motion, where both local transitions and segment-level coherence are important.

MS-TCN++ produces frame-wise predictions through multi-stage temporal refinement [17]. Let S
denote the number of stages and L the number of temporal convolution layers in each stage. The first stage
takes X as input, and each later stage takes the prediction of the previous stage. The output of stage s is P® €
RTXA.

In the first stage, the hidden representation Hl(l) is updated with a Dual Dilated Layer:

Zl,d1 = Wd1 * Hl(i)l + bdl (8)

Z,q, =Wy *HY +b v
Ld, d, -1 d;

l’_il(l) = ReLU([Zz,dl; Zl,dz]) "

Hl(l) = Hz(i)1 + W1><1i:ll(1) +bixa o

In Egs. (8)—(11), W4, and W, denote temporal convolution kernels with different dilation factors, and *
denotes 1D temporal convolution.
For stages s > 2, the hidden representation is refined by standard dilated residual layers:

A = ReLU(W, * HY, + by) (12)
H = HZ, + Wia B + by (13)
After layer L, each stage outputs frame-wise class probabilities:

PO = softmax(WyH + by,) € RT*4 (14)

The final prediction of MS-TCN++ is Pyg = PG,
FACT maps the same input sequence X € R7*2/ to frame-level features and action-level tokens [18]. The
input is first projected to a latent frame representation:

F, = ¢(X) € RT*P (15)

In Eq. (15), ¢(-) denotes a learnable projection and D denotes the hidden dimension. In paral-lel, the
model initializes M learnable action tokens A, € RM*P,
For update block s, the action tokens are first updated from the frame features:

(A5, A$) = CrossAttn.,,(As_q,Fs_1) (16)
A, = Trans(A}) (17)

The updated action tokens are then used to refine the frame features:
(F., AL) = CrossAttn, ¢(F,_;,Ay) (18)

F, = Trans(F.) (19)

After the last block, the action and frame branches produce P? = FC(A) € RM*“+D and Pf = FC(F) €
RT*4, respectively. After removing the null-label component from P?, the remaining token predictions are
denoted by P{‘@ € RM*4 These predictions are aligned to the frame axis using the final attention map:

P = 4l

last

P, € R7*4 (20)

The final frame-wise prediction is obtained by fusing the two branches:
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Peacr = wP/ + (1 —w)P/ 21)
In Eq. (21), w € [0,1] notes the fusion weight. Both models output a class probability matrix P € R7*4,
and the predicted label at frame t defined as
Ve = arg max Pia (22)
The complete predicted sequence is § = [;, P, ..., Irl.

4. Results

4.1 Dataset

The source material was collected from a dance tutorial on YouTube and includes one instructor and four
students. Two additional participants recorded supplementary action clips based on the same tutorial. Each
performer was treated as an independent sample for temporal action segmentation. The dataset contains 7 action
classes, and all action segments were manually annotated.

All recordings were captured from a frontal view with no obvious body occlusion. Since the analysis
focuses on body movement rather than facial or identity-related cues, all sequences were checked to ensure
clear visibility of the body region from the neck downward. An example frame is shown in Figure 2.

Figure 2. Example frame from the dance recordings

The dataset is publicly available at [27]. After annotation, the sequences were processed using the
workflow in Figure 1, including pose extraction with OpenPose, skeleton pre-processing, and data augmentation.
All sequences were resampled to 30 fps, and BODY-25 and COCO-18 keypoints were extracted for comparison.

After preprocessing and augmentation, the dataset contains 761 training sequences and 57 test sequences.
During training, the training set was divided into 10 folds, with one fold used for validation in each run.

4.2 Setup

Two models were evaluated: MS-TCN++ [17] and FACT [18]. All experiments were conducted on
Ubuntu LTS 22.04 with a single NVIDIA RTX 4070 SUPER. Both models were trained for 150 epochs using
Adam with an initial learning rate of 10~*. The batch size was set to 1, and the dropout rate was set to 0.3.

For MS-TCN++, a 4-stage architecture was used. Each stage contains 10 dilated temporal convolution layers
with a kernel size k = 3, a hidden channel width of 64, and 1 X 1 convolutions for input projection and frame-wise
classification. For FACT, the model consists of one input block and three update blocks. In each block, the frame
branch contains 10 dilated temporal convolution layers with a kernel size k = 3. The action branch contains 6
multi-head attention layers in the input block and 1 multi-head attention layer in each update block. The number
of attention heads was set to 8, the number of action tokens to 20, and the channel width to 64.

The models were evaluated using frame-wise accuracy (Acc), Edit score (Edit), and segmental F1 score
at [oU thresholds of 10%, 25%, and 50%, denoted as F1@10, F1@25, and F1@50. Acc measures the percentage
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of correctly classified frames. However, frame-wise accuracy alone does not fully reflect segmentation quality,
because a prediction may classify many individual frames correctly while still producing fragmented segments
or inaccurate boundaries. Edit measures the normalized Levenshtein distance between the predicted and ground-
truth segment sequences and therefore reflects ordering errors and segmentation consistency. F1@10, F1@25,
and F1@50 measure segment-level overlap after matching predicted and ground-truth segments at the
corresponding IoU threshold. These segment-level metrics are more appropriate for TAS because they evaluate
both action identity and temporal boundary quality.

4.3 Training dynamics

Figures 3 and 4 show the training and validation loss curves for MS-TCN++ and FACT under BODY-25
and COCO-18. In both skeleton settings, MS-TCN-++ shows a sharper loss decrease during the early epochs,
whereas FACT decreases more gradually and with less smooth trajectories.

These curves indicate different optimization behaviors between the two models. MS-TCN++ reaches a
low-loss regime earlier, while FACT converges more progressively over training. The gap between BODY-25
and COCO-18 is visible in both models, but the loss curves alone do not determine the final segmentation
quality. A plausible explanation is that FACT uses frame-action attention-based modeling, which introduces a
more complex optimization process and may therefore require more gradual convergence. By contrast, MS-
TCN++ relies on dilated temporal convolutional layers and iterative refinement, which may allow more direct
optimization in the early training stage. However, faster convergence does not necessarily imply better segment-
level performance. As shown later in the quantitative and qualitative results, FACT produces more stable
segment predictions than MS-TCN++, especially under more challenging recording conditions.
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Figure 3. MS-TCN++ training and validation loss curves under BODY-25 (a) and COCO-18 (b)
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Figure 4. FACT training and validation loss curves under BODY-25 (a) and COCO-18 (b)

4.4 Quantitative results

Table 1 shows two consistent patterns. First, FACT achieves better segment-level performance than MS-
TCN++ under both skeleton settings. Second, BODY-25 yields better segmentation results than COCO-18 for
both models.
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Table 1. Quantitative comparison of MS-TCN++ and FACT under BODY-25 and COCO-18

BODY-25 COCO-18
F1@{10,25,50} Edit  Acc F1@{10,25,50} Edit  Acc

MS-TCN++[17] 89.7 897 891 909 951 740 740 737 865  96.1

FACT[18] 946 946 906 89.8 926 88.6 882 829 917 922

Comparing the two models, FACT outperforms MS-TCN++ on most segment-level metrics, with the
largest margin under COCO-18. Under BODY-25, FACT improves F1@10 and F1@25 from 89.7 to 94.6 and
F1@50 from 89.1 to 90.6, although its Edit score is slightly lower than that of MS-TCN-++ (89.8 vs. 90.9).
Under COCO-18, FACT improves F1@10 from 74.0 to 88.6, F1@25 from 74.0 to 88.2, F1@50 from 73.7 to
82.9, and Edit from 86.5 to 91.7. These results indicate that FACT produces more accurate action segments and
more consistent temporal structure, especially when the skeleton representation is reduced from BODY-25 to
COCO-18.

Comparing the two skeleton representations, BODY-25 consistently outperforms COCO-18 in F1 and Edit.
For MS-TCN++, the drop from BODY-25 to COCO-18 is substantial across all segment-level metrics. For
FACT, the same pattern is observed, although the degradation is smaller. This result suggests that the denser
BODY-25 representation provides more reliable motion cues for temporal segmentation.

Frame-wise accuracy does not follow the same trend. For example, MS-TCN++ achieves slightly higher
Acc under COCO-18 than under BODY-25, despite markedly worse F1 and Edit. This difference shows that
accuracy alone is not sufficient for evaluating TAS. A model may classify many individual frames correctly
while still producing fragmented segments or inaccurate boundaries, as illustrated in Figure 5. For this reason,
segment-level metrics such as F1 and Edit provide a more reliable basis for comparison in the present task.

N
m 1 = [

—/

Figure 5. Example of fragmented action segmentation. The predicted labels match many individual frames, but
the segment boundaries remain inconsistent with the ground truth.

5. Discussion

5.1 Analysis on real performers

To examine model behavior on real performance sequences, Figure 6 compares the ground-truth labels
with the predictions from MS-TCN++ and FACT under the two skeleton settings. In the figure, each color
segment corresponds to one action label.

In the YouTube performer examples on the left of Figure 6, MS-TCN++ exhibits several clear error
patterns, including merged adjacent segments, short-term jitter near action boundaries, and unstable transitions
between neighboring actions. These errors are especially visible near the be-ginning of the sequence, where
MS-TCN++ under COCO-18 merges multiple intervals into a single twist segment. By contrast, FACT aligns
more closely with the ground truth, producing cleaner segment overlaps and fewer spurious cuts, although minor
boundary offsets remain.

The participant-recorded examples on the right of Figure 6 show greater variation in execution and
recording conditions. Under this more difficult setting, errors increase for both models, but the degradation is
more pronounced for MS-TCN++, which shows more frequent mislabeling and less stable temporal
segmentation. In the second half of the sequence, COCO-18 produces clearer prediction errors, while BODY-
25 still shows some local mislabeling. FACT remains comparatively cleaner, especially under BODY-25,
although some over-segmentation is still visible under COCO-18.

Overall, the qualitative comparison indicates that MS-TCN++ is more prone to over-segmentation and
unstable boundary prediction, whereas FACT produces cleaner and more temporally coherent action segments.
This difference is most evident when FACT is combined with BODY-25. These observations are consistent
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with the quantitative results in Table 1 and suggest that frame-action modeling, together with a richer keypoint
representation, helps preserve segment consistency in continuous dance motion.

I':J(‘]A (V()( ()_Il\, !:[ :I -]:. ]

I bHounce half-squat N step I twist cabbage_patch M hands_up slide_step

Figure 6. Qualitative comparison of ground-truth and predicted action segments on YouTube performer videos
(left) and participant-recorded videos (right). The YouTube examples show minor boundary inconsistencies
near the beginning of the sequence, whereas the participant-recorded examples show more pronounced errors
near the end, including over-segmentation and unstable transitions in MS-TCN++ and mild over-segmentation
in FACT under COCO-18. FACT with BODY-25 produces the most coherent segment structure.

5.2 Effect of skeleton representation

Skeleton representation is especially relevant in dance action segmentation because subtle differences in
posture, foot placement, and torso coordination can affect both action recognition and boundary localization. In
this task, the level of pose detail influences how well the model captures the fine-grained motion cues required
for segmentation.

Figure 7 shows the per-action F1@50 scores under the BODY-25 and COCO-18 settings. Over-all,
BODY-25 performs better than COCO-18 for most action classes, and FACT performs better than MS-TCN++
across the same action set. This pattern is consistent with the overall results in Table 1, where BODY-25
achieves higher F1 and Edit scores than COCO-18 for both models, suggesting that the denser representation
provides more informative cues for segment-level dance segmentation. The advantage is especially visible for
actions such as bounce, cabbage-patch, twist, and step, where more detailed lower-body and full-body motion
cues may help the model distinguish segment boundaries more clearly.

100 4 100.0
95.095.2

90 4

93.8 9.0 .
86.7 86.757.8 81.6
80 oe 8Lz 80.4 o120
725 74.1 74.0 [EE
70 69.1 67.9 66 =2
50 4 - 60.6 53
52, .

50 1 m MS-TCN++ COCO

o8 MS-TCN++ BODY
40 FACT COCO

FACT BODY
30 -
twist step

bounce half_squat cabbage_patch hands_up slide‘_step

F1@50

Action label

Figure 7. Per-action F1@50 comparison between BODY-25 and COCO-18

Two exceptions are observed for half-squat and hands-up. For half-squat, the movement mainly consists
of a downward squat followed by an upward rise, so the dominant cue may come from overall vertical body
motion rather than finer joint detail. In this case, the additional joints in BODY-25 appear to provide limited
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extra benefit, especially for FACT. For hands-up, the hands move around the waist area, and the torso may also
move during the action. Here, the additional torso-related joints in BODY-25 may not always provide stable
discriminative information, which may reduce their benefit for segmentation.

These observations suggest that the value of a richer skeleton representation is action-dependent. When
the additional joints capture motion detail that is relevant to the action, BODY-25 tends to improve
segmentation performance. When the added joints provide less stable or less relevant cues, the gain becomes
smaller. Even so, the overall pattern in Figure 7 still favors BODY-25 over COCO-18 for this task.

6. Conclusion

This work addressed the limited evaluation of vision-based temporal action segmentation (TAS) from
skeleton sequences in continuous human motion by using dance as a case study. The results show that video-
derived skeleton data can support frame-level dance segmentation without wearable sensors and that multi-
person dance videos can be converted into usable performer-level sequences through the proposed data
preparation pipeline.

The experiments also answer the two technical questions posed in the introduction. First, the comparison
between BODY-25 and COCO-18 shows that a denser keypoint representation generally improves segment-
level performance. Second, the comparison between MS-TCN++ and FACT shows that the choice of temporal
modeling materially affects segmentation quality in continuous motion. Under the evaluated conditions, FACT
achieved better segment-level results than MS-TCN++ in most cases, while BODY-25 generally outperformed
COCO-18 across both models. These findings indicate that both pose representation and temporal modeling
contribute to the quality of temporal segmentation in continuous dance motion.

Taken together, the study makes three contributions: it demonstrates the feasibility of skeleton-based TAS
without wearable sensors, establishes a practical pipeline for performer-level extraction and annotation in multi-
person dance videos, and provides a structured comparison of skeleton representation and TAS architecture
under a shared protocol. These results also suggest that fine-grained motion segmentation can be performed
from ordinary video, with potential relevance to movement-based analysis tasks beyond dance.

At the same time, the findings should be interpreted within the scope of the current dataset. The videos
were mainly captured from a frontal view, which provides a clear observation of lateral body motion but may
limit the representation of front-to-back movement. The current action set also emphasizes extended limb
motion more than subtle spine-related movement, and the use of 2D skeletons further limits the analysis of torso
articulation. In addition, the dataset is small and still requires manual frame-level labeling, which constrains
scalability.

Future work should therefore extend the evaluation to more diverse dance settings with additional
performers, camera viewpoints, recording conditions, and movement types. It would also be useful to explore
3D pose estimation, richer skeleton designs, and more scalable labeling strategies such as semi-automatic
annotation or weakly supervised segmentation. Beyond dance, the pro-posed pipeline may also be adapted to
other continuous-motion domains, including sports training, rehabilitation, and movement-based skill
assessment.
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