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Figure 1. Pole-Arina replaces identifiable RGB with privacy-preserving motion representations. We extract 2D pose skeletons and dense
optical flow, enabling clip-level trick recognition, frame-wise phase understanding, and coaching-oriented analysis for static pole tricks

under strong privacy constraints.

Abstract

Computer vision for sports lacks datasets and models that
target pole sports, an activity marked by self-occlusion,
body inversions, and sustained contact with the pole. We
address this gap by introducing Pole-Arina, a curated,
privacy-preserving dataset for markerless analysis of static
pole tricks. The collection comprises 836 videos from
58 participants and provides two appearance-suppressing
modalities derived from the recordings: pose skeleton se-
quences (2D joints) and dense optical flow. We anno-
tate each clip with both per-video trick labels and per-
frame labels that capture temporal structure (e.g., f1loor,
on_pole, and trick-specific pose states), enabling evalu-
ation of clip-level and frame-wise recognition under pri-
vacy constraints. As reference baselines, we benchmark
lightweight temporal models across all benchmark settings
(skeleton/flow x video/frame) and analyze common con-
fusions and imbalance effects. In addition, we provide
a geometry-aware analysis module that measures trick-
specific body orientation, joint alignments, and proximities
to produce interpretable overlays and actionable feedback.
To the best of our knowledge, this is the first dataset and
benchmark targeting recognition and analysis of pole tricks
from privacy-preserving motion representations. We will re-
lease the dataset, annotations, and code upon acceptance.

1. Introduction

Video-based coaching systems increasingly combine pose
estimation with temporal sequence models to analyze hu-
man motion and deliver corrective feedback across fitness,
sports, and dance [? ? ? ? ? ]. Markerless approaches
are especially compelling because they avoid wearables and
preserve natural movement [? ]. For fine-grained technique
analysis, models must support both clip-level recognition
and temporally localized, per-frame understanding under
occlusions, viewpoint changes, and rapid transitions, con-
ditions that motivate curated datasets and learning pipelines
built on privacy-preserving representations. One such un-
explored example is pole dancing.

As a sport, pole dancing has grown into a recognized
athletic discipline with standardized competition rules (e.g.,
within the International Pole and Aerial Sports Federation
since 2009) that emphasize technique and objective evalua-
tion [? ]; while debates about hypersexualization persist, a
sport-centered framing prioritizes inclusive, skill-based as-
sessment [? ]. Static pole tricks demand strength, flexibil-
ity, precise alignment, and sustained skin-pole contact (ren-
dering wearables impractical); they are practiced in studios
and at home, where dancers commonly self-record. Brief,
discriminative end-poses are preceded by visually similar
approach phases, occlusions are frequent, viewpoints vary,
and naming conventions differ across studios, complicating
both recognition and temporal localization. To the best of
our knowledge, no prior work provides a public dataset for
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pole trick recognition.

We address this gap with Pole-Arina, a new privacy-
preserving dataset and benchmark for static pole tricks. The
dataset contains 836 clips spanning six foundational tricks,
performed by multiple volunteers with varied skill levels
and including both successful and failed attempts, totaling
212,574 labeled frames. To mitigate privacy concerns while
retaining kinematic fidelity, we do not release RGB video;
instead, we provide two derived, appearance-suppressing
modalities: (i) pose skeleton sequences (2D joints with con-
fidence) and (ii) dense optical flow computed from the stan-
dardized clips - Figure 1. We further provide two annota-
tion granularities: per-video trick labels for clip-level action
recognition and per-frame labels capturing temporal struc-
ture (e.g., f1oor, on_pole, and trick-specific pose states),
enabling temporally localized evaluation.

On top of this dataset, we benchmark lightweight tem-
poral models across both modalities and both supervision
settings (per-video and per-frame). Clip-level recognition
is strong for skeletons (91.26% accuracy), while optical
flow is more challenging (66.67%), reflecting the fact that
pose extraction supplies a strong inductive bias whereas
flow must recover discriminative structure from motion
alone. For frame-wise recognition, overall accuracies reach
86.99% (skeleton) and 81.23% (flow), but performance is
affected by severe label imbalance in the per-frame taxon-
omy, highlighting open challenges for fine-grained, privacy-
preserving recognition. Beyond recognition, we include an
interpretable geometric scoring module that encodes tech-
nique cues (angles, alignments, distances) on the skeleton
to produce actionable, per-rule feedback, and we evaluate a
coaching-oriented prototype in a controlled user study.

Our contributions are as follows:
¢ Pole Dancing Multimodal Privacy-Preserving Dataset.

We introduce a dataset of 836 clips spanning six fun-
damental static pole tricks, totaling 212,574 labeled
frames, and release privacy-preserving representations
(pose skeleton sequences and dense optical flow) together
with per-video and per-frame labels.

e Unified Benchmark Across Modalities and Label
Granularities. We define and benchmark four recogni-
tion settings (skeleton/flow x video/frame), enabling sys-
tematic evaluation of clip-level trick recognition and tem-
porally localized per-frame classification under appear-
ance suppression.

* Baseline Models, Analysis, and Coaching-Oriented
Feedback. We establish lightweight baseline results for
all settings, analyze confusions and imbalance effects,
and provide an interpretable geometric scoring module
with a user-study evaluation in a coaching prototype.

Together, the dataset, benchmark, and baselines establish
pole dance as a new computer vision problem setting for
privacy-aware, fine-grained athletic technique understand-

ing, leaving clear headroom for improved temporal model-
ing, robustness, and minority-class recognition.

2. Related Work

Motion capture for athletic analysis. Optical marker-
based mocap remains the gold standard for accuracy but is
costly, intrusive, and impractical outside controlled labs [?
? 1. Wearable inertial systems improve portability yet suffer
from drift and magnetic disturbances and can impede natu-
ral movement in contact sports [? ]. Markerless, vision-
based pose estimation offers the best trade-off for in-situ
training, preserving unconstrained motion while requiring
only commodity cameras [? ].

Pose estimation. Modern methods estimate body key-
points directly from RGB, from DeepPose regression [? ]
and multi-person Part Affinity Fields in OpenPose [? ] to
mobile or edge pipelines such as BlazePose or MediaPipe
Pose with monocular estimation [? ? ]. Complementary
open-source implementations and toolkits, including Open-
PifPaf (a composite-field, bottom-up formulation) and MM-
Pose, provide strong baselines and practical training and in-
ference pipelines across a range of backbones and deploy-
ment settings [? ? ? ]. These approaches enable non-
invasive capture in studios and at home, but remain sensi-
tive to occlusions, fast motion, and viewpoint changes, con-
ditions common in technical sports and dance.

Optical flow and privacy. Optical flow encodes motion
as per-pixel displacement fields and suppresses most ap-
pearance cues, making it a common input for action recog-
nition when texture or identity should be minimized [?
]. Recent work explicitly studies appearance-free (motion-
only) recognition, showing that competitive performance
is possible even when static visual cues are removed, and
motivating architectures that recover and leverage explicit
flow [? ]. In privacy-preserving action recognition more
broadly, motion-centric encodings are often used as prag-
matic compromises: they reduce identifiability while retain-
ing discriminative temporal structure [? ].

Sports recognition and temporal modeling. For se-
quence understanding, recurrent models remain strong on
modest datasets [? ? ], while Transformers capture long-
range dependencies given sufficient data [? ? ]. Literature
reports a common pipeline: pose estimation followed by
temporal modeling or rule-based assessment for technique
analysis, counting, phase segmentation, and feedback [?
]. Beyond recognition, pose-based scoring correlates with
expert judgments in judged sports [? ], and computer vi-
sion supports biomechanical analysis in both individual and

CVsports
#7

107
108

109

110
111
112
113
114
115
116
117
118

119
120
121
122
123
124
125
126
127
128
129
130
131

132
133
134
135
136
137
138
139
140
141
142
143

144
145
146
147
148
149
150
151
152
153



CVsports
#7

154
155
156

157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176

177

178
179
180
181
182
183
184

185

186
187
188
189
190
191

192
193
194
195
196
197
198
199
200
201

CVsports 2026 Submission #7. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

team settings [? ? ]. In dance, pose-based evaluation at-
tains high agreement with expert ratings despite occlusions
and rapid motion [? ].

Sports datasets. Large-scale action sets (e.g., Sports-
IM [? ], Kinetics [? ]) initiated video recognition but are
coarse-grained and RGB-centric, offering limited pose or
phase supervision. Fine-grained, judged-sport benchmarks
add temporal structure and skill labels, e.g., Diving48 [? ]
and FineGym [? ], for subtle technique discrimination and
phase localization. Pose-annotated sets such as Penn Ac-
tion [? ] and PoseTrack [? ] enable skeleton-based analysis
and tracking, while domain datasets target tactics (Soccer-
Net [? ], VNL-STES [? ]) to study multi-person dynam-
ics. Despite this breadth, we find no public dataset for pole
dancing. Existing resources neither capture its contact-rich
setting, frequent self-occlusions, and brief discriminative
end-poses, nor address the privacy constraints that make
appearance-based RGB release problematic. In contrast
to sports benchmarks centered on RGB appearance, Pole-
Arina emphasizes privacy-preserving motion representa-
tions for contact-heavy static pole poses, where sustained
body-pole interaction and fine-grained end-pose structure
are central.

3. Dataset

We introduce a privacy-preserving, skeleton and optical
flow dataset for fine-grained recognition of static pole
tricks. Our data consists of per-frame pose sequences (ob-
tained as MediaPipe poses [? ], having 75 joints with con-
fidence values), computed optical flow using RAFT, and
phase-aware annotations suitable for trick recognition and
end-pose evaluation.

3.1. Data Collection & Labeling

The data collection goal was to create an ethical, realistic
representation of fundamental static pole tricks. To that
end, the dataset targets six foundational tricks and balances
feasibility for novices with sufficient discriminability for
modeling. Annotations structure each clip into semantically
meaningful temporal states.

Scope and terminology. Pole dance comprises dance
moves (at least one foot stays on the floor), spins (airborne
rotations), floor work (near-ground movement), and tricks
(static/semi-static shapes). Poles operate in static or spin-
ning mode. We adopt terminology from Spin City’s Pole
Bible and IPSF [? ? ]. We target static pole tricks to obtain
consistent camera-facing orientation, fewer self-occlusions,
and reduced motion blur, conditions that improve pose es-
timation and geometric measurement on commodity video.
Each trick follows three phases: entry (approach/contact),

transition (movement on pole), and end pose (held target
shape).

Selection criteria. To balance feasibility, safety, and dis-
criminability, we included six foundational tricks across
two posture types: upright (Layout, Pin-Up, Wrist Seat) and
inverted (Straddle Invert, Gemini, Crucifix) - Figure 2. Up-
right tricks share similar entries but end in distinct shapes;
Layout vs. Pin-Up form intentional near-neighbors (Fig-
ure 2a). Inverted tricks begin from a basic invert grip and
diverge to clearly different end poses (Figure 2b), adding
biomechanical complexity while remaining achievable for
athletic beginners to lower-intermediate dancers.

(b) 4: Straddle Invert, 5: Gemini, 6:
Crucifix

(a) 1: Layout, 2: Pin-Up, 3: Wrist
Seat

Figure 2. Progression of each trick, highlighting similar entries
and transitions before the final pose.

3.1.1. Data Acquisition

Collecting high-quality and representative data was a cru-
cial step, as together with the annotations, it provides the
ground truth for our dataset generation and model evalua-
tion. The aim was to assemble a large enough collection
of clips, covering a balanced distribution of the six selected
tricks and including both successful and failed attempts. We
sought balanced sampling across tricks, experience levels,
gender, and age; nevertheless, residual demographic skew
and estimator-specific biases may persist. Beyond the scale
and diversity of the data, particular attention was given to
the ethical aspects of data collection.

We acquired videos via two routes: (i) online submis-
sions through a form with a clearly-defined consent pro-
tocol, standardized filming guidance (smartphone, frontal
full-body framing, even lighting, minimal background), and
direct upload; and (ii) in-class recordings in dedicated ses-
sions where an instructor demonstrated and supervised each
trick with a fixed camera, ensuring consistent viewpoints,
safer spotting for beginners, and better balance across the
six tricks. Participants were encouraged to submit multi-
ple attempts (including incomplete or failed tries) to capture
natural variability.

The final dataset comprises 836 clips from N = 58
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participants. The protocol deliberately encouraged multi-
ple attempts per participant to capture natural variability in
the progression of a trick. Section 3.3 presents a detailed
breakdown of the final dataset. Table 3 compiles concise,
syllabus-aligned instructions and categories for the six se-
lected tricks.

Ethical considerations. All participants were fully in-
formed about the project, data handling, and withdrawal
rights, and provided written consent; collection and pro-
cessing complied with local data-protection policies. In
pole sports, participants typically wear short shorts and
a sports bra/tank top to maximize friction with the pole,
so identity cues extend to the full body. Combined
with mirrors and distinctive studio backgrounds, credible
de-identification would require near full-body obfuscation
and extensive background handling, substantially reducing
video utility. Hence, to protect privacy, we only use and re-
lease skeleton joint coordinates, optical flow, and per-video
and per-frame labels; raw videos are used solely for creat-
ing the dataset and are not shared. No personal identifiers,
faces, audio, or background content are stored.

3.1.2. Annotation Protocol

Our dataset provides two annotation granularities: per-
video labels and per-frame labels. The per-video labels
capture the performed trick (L, P, W, S, G, I), while per-
frame labels capture the broad temporal structure of each
clip through states such as floor, on_pole, and trick-
specific pose labels (e.g., x_pose), enabling supervision of
temporal progression from setup to execution. As expected
for unconstrained performance videos, the frame-level la-
bel distribution is imbalanced, with support states (floor and
on_pole) occupying a larger fraction of frames than termi-
nal trick poses; to support transparent benchmarking, we
provide the full label definitions and class frequencies with
the dataset. The annotation protocol could be extended in
future work toward finer phase-aware per-frame labels for
the support states, e.g., by separating entry types and inter-
mediate transition states.

Frame labels were annotated with expert guidance at
frame-accurate temporal boundaries. We do not provide
subjective per-phase quality scores, as these were found
to be less consistent across clips; instead, form assessment
is handled separately through a geometric rule-based mod-
ule. Annotation efficiency and consistency across the full
dataset were supported by a lightweight custom annotation
tool. The dataset further includes per-video metadata such
as the trick label and the performer’s experience level.

3.2. Dataset Generation

Our pipeline converts raw training videos into stable,
privacy-preserving representations for learning and evalu-

Method Missed Avg. Avg. Conf | Avg. Conf.
‘ Frames | # Joints | with Face w/o Face
MediaPipe 0.12% 60/75 0.76 0.76
MMPose 0.09% | 129/133 0.77 0.69
OpenPifPaf | 38.9% 52/133 0.27 0.15
OpenPose 2.9% 37/67 0.39 0.39

Table 1. Quantitative results of multiple skeleton extractors run on
the entire video collection.

Figure 3. Qualitative example of all extractors on one single frame.

ation. Instead of operating on pixels, we extract body skele-
tons and optical flow vectors of all the recorded videos.

Skeleton Extraction. Accurate assessment of pole tricks
requires reliable detection of both fingers and toes. We
therefore evaluate four full-body pose estimators (Figure 3):
OpenPose BODY 25 with hand keypoints [? ], Medi-
aPipe Holistic (model complexity 2, confidence thresh-
old 0.3) [? ], MMPose (RTMPose-L, 384 x 288 [? ])
with COCO WholeBody keypoints [? ], and OpenPifPaf
(ShuffleNetV2K30-WholeBody [? ]) with COCO Whole-
Body keypoints [? ]. Some methods predict more keypoints
than needed; for example, MMPose and OpenPifPaf include
68 facial landmarks that are not relevant to our use case.

For all four methods, we compute extraction statistics
over the full dataset, including the percentage of missed
frames (defined as all joints having confidence below 0.3),
the average number of detected joints per frame, and the av-
erage confidence score (Table 1). MMPose yields the lowest
number of missed frames and the highest overall confidence
on the full keypoint set. However, after excluding facial
keypoints, which are not useful in our setting, its average
confidence drops significantly, and the number of missed
frames increases by 31. MediaPipe, by contrast, remains
only slightly behind in total missed frames (262 vs. 201)
and shows a more favorable error pattern: most of its missed
frames (156) occur at the end of videos, when no person is
visible, whereas MMPose failures are more often scattered
throughout the central parts of clips, including contiguous
intervals. For this reason, we select MediaPipe both as the
released skeleton representation and as input to our example
action-recognition pipeline.
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Trick Straddle | Gemini | Inverted
Invert Crucifix

144 | 88 | 94

Layout | Pin-Up | Wrist
Seat
#Videos| 188 | 167 | 131 |

Table 2. Number of videos per trick end-pose.

Optical Flow Extraction. We extracted optical flow with
RAFT [? ] using the official PyTorch implementation with
the RAFT-Large model and default inference settings.
All videos were first standardized to 30 fps and resized by
setting the shorter image edge to 300 px while preserving
aspect ratio to reduce computation and ease data sharing.
We then computed dense forward flow between consecutive
frame pairs only (t — t+1).

3.3. Final Dataset Statistics

Per-video class balance. Table 2 reports per-trick video
counts with at least one end-pose. Upright tricks (Layout,
Pin-Up) are more frequent than inverted ones, reflecting
their lower difficulty. In total, 812/836 clips include one
end-pose, 9 of which contain a second attempt, and 24/836
are failed attempts.

Phase distribution. Regarding the per-frame phase distri-
bution, phase on_pole immediately stands out, as it holds
the majority share of 60.0% of all frames. It is followed
by floor with 20.5%, while the trick-specific labels con-
tribute only a small fraction individually, with around 2-4%
and a combined value of 19.5%. By design, each record-
ing typically shows a single target trick but always includes
background, idle, and transition segments. As a result,
on_pole and floor dominate frame counts.

Demographics. To reflect real studio populations while
maximizing variability from failed to perfect attempts,
we prioritized novice-friendly, beginner—intermediate tricks
and encouraged multiple tries. The dataset includes N = 58
participants, deliberately emphasizing limited prior experi-
ence to diversify entries, transitions, and final shapes: O=to-
tal beginner, 1=intermediate, 2=advanced. Gender distri-
bution mirrors typical class composition: Female n=43
(74.1%), Male n=15 (25.9%), and ages span 20-58 years
(median 28). We provide the experience labels as part of
our dataset.

4. Trick Recognition & Analysis

Our technical contributions demonstrate the value of the
dataset while exposing the remaining challenges of privacy-
preserving pole-trick understanding.  Specifically, we
benchmark skeleton-based and optical-flow-based action
recognition under both per-video and per-frame labeling.
As a unifying design choice, all action recognition models

Category

Description / Level

1. Stand on the right side of
the pole

2. Pull up, cross legs at
ankles

3. Lean back, arch, push
hips up

Upright
Beginner

1. Stand on the right side of
the pole

2. Pull up, right toes to left
knee

3. Lean slightly back and
arch

Upright
Beginner

1. Stand on the right side of
the pole

2. Pull up, right toes to left
knee

3. Place left hand
underneath the thigh

4. Lean back, open legs into
a 'V shape

Upright
Beginner

1. Stand behind the pole,
facing left

2. Stronghold grip, pull up,
lean back

3. Open legs into a V shape

Inverted
Intermediate

1. Start with Straddle Invert

2. Hook the outside leg,
other leg down

3. Chest up, arch and release
hands

Inverted
Intermediate

Start with Straddle Invert
. Place legs into crucifix
hold
3. Upper body low, release
B | | arms
Inverted Crucifix

N =

Inverted
Intermediate

Table 3. Compact summary of the selected tricks; terminology
aligned with IPSF and Spin City [? ? ].

use a lightweight GRU-based architecture to provide a con-
sistent baseline across modalities and to emphasize dataset
difficulty rather than architecture-specific gains. All mod-
els use the same fixed train/validation/test split (70/15/15)
to ensure fair comparison across modalities and supervision
settings. The coaching application enabled by this pipeline
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is evaluated separately in Section 5.

4.1. Skeleton-Based Trick Recognition

Data preprocessing. For skeleton-based recognition,
each clip is represented as a variable-length sequence of
frames, each consisting of 75 joints with («, y, conf) values.
Missing detections at sequence boundaries are trimmed,
short internal missing frames are linearly interpolated, and
a light temporal smoothing is applied to reduce jitter.
Training-only augmentation includes mild spatial perturba-
tions (rotations and Gaussian noise) and temporal warping.
For the per-frame setting, the same preprocessing is used,
while frame-wise labels are aligned to the processed se-
quence, and unlabeled or padded positions are masked out
during training. To mitigate the strong class imbalance in
frame-wise labels, we additionally apply class-aware aug-
mentation during training, with stronger augmentation for
underrepresented classes.

Model architecture. We use a lightweight 2-layer bidi-
rectional GRU backbone (hidden size 64, dropout 0.2) for
both skeleton-based settings, taking the flattened per-frame
joint representation as input. For video-level classification,
the final forward and backward hidden states are concate-
nated and passed to a linear classifier. For per-frame pre-
diction, the recurrent output at each timestep is decoded by
a shared linear head to produce frame-wise logits. Models
are trained with cross-entropy, using masking for padded or
unlabeled frames in the per-frame setting.

4.2. Optical Flow-Based Trick Recognition

Data preprocessing. Optical-flow recognition operates
on precomputed dense flow fields, represented as variable-
length sequences of two-channel motion frames. Flow se-
quences are temporally subsampled (take 16, skip 5), re-
sized to a common processing resolution (maximum size
192), normalized using statistics computed on the training
split, and augmented only during training. For the per-frame
setting, frame-wise labels are assigned from the annota-
tions, and padded or unlabeled positions are masked out.

Model architecture. For optical flow, each frame is first
encoded by a 2-layer compact CNN and then aggregated
temporally with a 2-layer GRU. In the video-level setting,
the final GRU state is used for clip classification. In the per-
frame setting, the GRU output at each timestep is decoded
by a shared linear layer to obtain frame-wise predictions.
This design keeps the temporal backbone comparable to the
skeleton-based models while introducing only a modality-
specific spatial encoder.

Skeleton

Optical Flow

poRpaLd
poRpad

N R < % S N
Ground truth Ground truth
Figure 4. Confusion matrices for our per-video models on both

modalities.

4.3. Results and Discussion

We report results for two supervision granularities: (i)
per-video action recognition and (ii) per-frame state/trick
recognition. For each task, we evaluate the two privacy-
preserving modalities introduced in Pole-Arina: skeleton
sequences and dense optical flow. Figures 4 and 5 show the
corresponding confusion matrices, while Table 5 provides
an overview of our results.

Per-video recognition (clip labels). On the shared test
split, the skeleton-based video model achieves 91.26% ac-
curacy, while the optical-flow model reaches 66.67% ac-
curacy (Fig. 4). This gap is expected: skeleton extraction
already provides a structured representation of body pose
and motion, supplying a strong inductive bias for classifica-
tion. In contrast, optical flow is a weaker and noisier proxy
for articulation, particularly in unconstrained recordings
with camera motion, background clutter, mirrors, and self-
occlusions, leaving greater headroom for improved model-
ing on the flow stream.

Across both modalities, the dominant confusions occur
between Layout and Pin-Up, which are visually and
kinematically similar and thus represent a natural ambiguity
in the label space. Additionally, errors tend to remain within
the same broad regime: upright tricks are more commonly
confused with other upright tricks, and inverted tricks with
other inverted tricks. Mixing upright with inverted does not
happen for the skeleton model, indicating that the pose rep-
resentation strongly disambiguates inversion state; it is less
rare (though still uncommon) for optical flow, consistent
with flow providing weaker explicit cues about body ori-
entation and inversion.

Per-frame recognition (frame labels). For frame-wise
classification, the skeleton model achieves 86.99% ac-
curacy with a 77.71% macro Fl-score, whereas optical
flow reaches 81.23% accuracy but only 45.84% macro F1
(Fig. 5). This discrepancy confirms that overall frame accu-

CVsports
#7

413

414
415
416
417
418
419
420

421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443

444
445
446
447
448



CVsports
#7

449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474

475

476
477
478
479

CVsports 2026 Submission #7. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Modality floor on_pole L w ) S I G
Skeleton 8798 9035 77.19 81.54 7643 76.07 86.24 45.89
Optical Flow 88.08  88.03  52.33 6822 7.99 62.02 0.00 0.00

Table 4. Per-class F1-scores (%) for per-frame recognition, high-
lighting the stronger effect of class imbalance on optical flow than
on skeleton-based recognition.

Skeleton Optical Flow
527] 0 33 06 6 0 0 flo 4143 816 19 0 i
poe] 22 w1 00 13| ] 20 - 6 u m
o 6 ue o0 0 0 0 0 oo o s s )
= S
w{ o im0 ) 1210 0 0 ) % wl 6 om 0 6 ) %;
B I
o W 0 0 0 sm 0 0 G . . 5 0
¢l o a w o o 1 ) - ’ f 3
H o0 16 0 0 0 0 1 918 d o G 1
& N N N N ) N ey 5
S S B
Ground truth Ground truth

Figure 5. Confusion matrices for our per-frame models on both
modalities.

racy is strongly inflated by class imbalance: the dominant
on_pole and floor states account for most frames and
are recognized comparatively well in both modalities, while
minority trick classes remain substantially harder.

The class-wise skeleton results show that several trick
classes remain meaningfully distinguishable despite this
imbalance, including I (86.24% F1), W (81.54% F1), L
(77.19% F1), P (76.43% F1), and S (76.07% F1). The main
exception is G (gemini), which is substantially harder at
only 45.89% F1. In contrast, the optical-flow model per-
forms reasonably on the dominant states (f1loor: 88.08%
Fl, on_pole: 83.03% F1) and on some trick classes such
as W (68.22% F1) and S (62.02% F1), but fails on G and
I, both of which obtain 0.00% F1. This indicates that flow
alone is much less reliable for fine-grained pose discrimina-
tion under severe imbalance, as reflected in Table 4.

Overall, skeletons provide a strong and compact repre-
sentation for frame-level recognition, with substantially bet-
ter class-sensitive performance across most trick classes.
Optical flow remains useful for dominant motion states,
but currently underperforms on fine-grained minority poses.
These results support the dual-modality design of Pole-
Arina: skeletons offer a strong baseline for privacy-
preserving pose recognition, while optical flow defines a
more challenging appearance-suppressed setting with clear
room for methodological improvement.

4.4. Limitations

We intentionally adopt compact GRU-based models to sup-
port low-latency coaching use, and therefore present them
as practical baselines rather than capacity-saturating archi-
tectures. Skeleton-based results are also conditioned on

Modality Task Acc. (%) Macro F1 (%)
Skeleton Per-video 91.26 91.50
Optical Flow Per-video  66.67 67.11
Skeleton Per-frame  86.99 77.71
Optical Flow Per-frame  81.23 45.84

Table 5. Summary of benchmark results across modalities and
supervision settings. For the imbalanced per-frame task, macro F1
is more informative than overall accuracy alone.

pose estimation: extracting skeletons already introduces a
strong inductive bias, and errors or biases of the selected es-
timator, especially under occlusion and sustained pole con-
tact, directly affect both recognition and geometric scoring.
While optical flow reduces appearance leakage, it remains
sensitive to camera motion and mirror artifacts. These de-
pendencies are part of the challenge captured by Pole-Arina
and point to clear directions for future work in more robust
privacy-preserving sports analysis.

5. Coaching Feedback Case Study and User
Study

Beyond benchmark recognition, we use Pole-Arina to study
a practical downstream application: coaching-oriented
feedback for static pole tricks. Our goal is not to replace ex-
pert instruction, but to examine whether privacy-preserving
motion representations and interpretable pose analysis can
support a useful feedback workflow. To this end, we first
define a transparent geometric scoring system for end-pose
assessment and then evaluate its integration into a prototype
coaching application through a user study.

5.1. Geometric Scoring System

We design an interpretable scoring module for skeleton-
based end-pose assessment. We considered an autoencoder-
based approach that would learn an ideal pose and score
deviations through reconstruction error [? ], but such a for-
mulation would require many near-perfect exemplars and
would be highly sensitive to dataset bias. Instead, we adopt
a geometric, rule-based scorer: it is transparent, aligns with
instructor practice through angles, alignments, and relative
joint positions, and avoids the subjectivity often discussed
in dance evaluation [? ].

Each trick is scored by 5-7 geometric rules that capture
its defining cues: (i) body orientation with respect to the
pole, (ii) limb alignment through joint angles, and (iii) joint
proximity through characteristic distances, such as ankles
being close together or toe—knee contact.

Each rule specifies a target value and tolerance for the
required joint angle or distance. A rule is evaluated only
if the corresponding joint confidences satisfy min(v;) > 7,
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with 7 = 0.75. We then compute the relevant angles and
distances from the joint coordinates and assign a pass or fail
decision according to the target and tolerance. The end-pose
score is defined as the fraction of passed evaluable rules,

#passed

seore = #evaluable

For interpretability, the system reports per-rule feedback to-
gether with the measured values and target ranges. We will
provide the complete rule catalog for all six tricks, includ-
ing targets and tolerances, as part of the benchmark.

5.2. User Study

To assess the practical utility of our pipeline, we integrated
the per-frame skeleton-based recognition model and geo-
metric scorer into an end-to-end coaching-guide web ap-
plication. Given a recorded training video, the system ex-
tracts privacy-preserving pose skeletons, predicts the trick
label, and computes a geometric end-pose score, return-
ing structured feedback. Computation is centralized on a
FastAPI+PyTorch server, while a React/Next.js client runs
on consumer laptops and supports a coach-like workflow:
upload — trick gallery — per-rule feedback (Figure 6).

OVERLAYS

® Acs G Angles O Proximity
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Figure 6. Application interface showing the frame viewer, overlay
controls, and per-rule feedback for the predicted trick.

We conducted a between-subjects study with 33 partic-
ipants comparing a Control condition (smartphone video
self-review) against an Experimental condition (Pole-Arina
feedback). Participants were randomly assigned to one
condition, performed five practice trials with review after
each trial using experience-matched tricks (Layout and
Pin-Up), and then completed post-session Likert ratings

and the System Usability Scale (SUS) [? ], together with
optional qualitative feedback and debriefing.

Results. Normality tests (Kolmogorov—Smirnov and
Shapiro—Wilk) indicated non-normal distributions, so we
used Mann—Whitney U tests for between-condition com-
parisons. In our between-subjects study (N = 33; 17 Ex-
perimental, 16 Control), the Pole-Arina condition yielded
higher ratings for trust/adoption, clarity, and usability, in-
cluding a higher SUS score (95.444-4.07 vs. 86.414+11.14;
U = 72.00,p = .020), while efficiency-related mea-
sures showed no significant difference (p = .485). Par-
ticipants’ self-ratings generally trended below the system
scores. Qualitative feedback highlighted the usefulness of
the overlays and expressed interest in future additions such
as reference poses and real-time feedback.

These results suggest that interpretable geometry-based
feedback can be useful in practice as a downstream ap-
plication of our benchmark. While this user study does
not constitute a benchmark evaluation in itself, it indicates
that combining accurate skeleton-based recognition with
transparent rule-based explanations can support a coaching-
oriented workflow.

6. Conclusion

We introduce the first privacy-preserving benchmark for
fine-grained pole dance analysis, an underrepresented yet
increasingly popular sport that poses distinctive challenges
(contact constraints, self-occlusions, mirrors, and appear-
ance obfuscation). We provide skeleton and optical-flow
modalities with expert annotations, enabling learning with-
out releasing identifiable RGB. Strong baseline results from
our lightweight skeleton- and flow-based models demon-
strate that meaningful recognition is possible from these
representations, while leaving substantial headroom for im-
proved temporal modeling, robustness, and feedback qual-
ity. Finally, we show how these components can be in-
tegrated into a coaching-oriented prototype and evaluated
with a user study, connecting benchmark performance to
practical feedback. Together, the dataset, baselines, and
evaluation establish pole dance as a new, well-defined com-
puter vision problem setting for privacy-aware, fine-grained
athletic technique understanding.
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