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Abstract—The “Hospital at Home” initiative transforms medical
service automation through modern technologies. This paper
revisits remote physiotherapy, allowing convalescents to record
exercises using mobile devices from arbitrary angles. To address
this, we propose a physiotherapy video matching method that
accurately aligns movements from unconstrained viewpoints.
The task is formulated as an optimization problem and solved
using a modular pipeline. We introduce the Angle-of-Limb-based
Posture Structure (ALPS) and the Camera-Angle-Free (CAFE)
transformation to counter camera-angle differences. We also
develop the Three-phase ALPS Matching Algorithm (TALMA)
for matching movements between mentor and convalescent
videos. Real-world experiments show our method outperforms
existing solutions in both precision and practicality, with a
time deviation of less than 0.07 seconds from expert anno-
tations. The prototype and datasets are publicly available at:
https://github.com/NCKU-CIoTlab/TALMA-on-ALPS/.

Keywords: rehabilitation modeling, applied deep learning, tele-
physiotherapy automation, semantic matching, hospital at home.

I. INTRODUCTION

The “Hospital at Home” model has gained increasing traction
as a healthcare policy, particularly in countries facing declining
birthrates and aging populations[1], [2]. This model aims to
deliver hospital-level care in residential settings, leveraging
advancements in information technology and automation. In
response, research communities in robotic and automation
have been actively developing core technologies to enable
such remote healthcare applications.Among various medical
departments, physiotherapy stands out as a promising pioneer
for hospital-at-home implementation, primarily due to its
suitability for computer vision-based analysis [3], [4], [5], [6].

Successful development of hospital-at-home applications
requires seamless integration of modern IT and AI technologies.
This paper explores a remote physiotherapy application that
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automatically matches movements between video clips—one
recorded by a physiotherapy mentor and the other by a
convalescent patient at home. Physiotherapy video matching
(PVM) aims to identify frames in the patient’s clip that best
correspond to the selected anchor frames in the mentor’s clip.
In this study, an anchor frame refers to a manually chosen key
frame in the mentor’s video representing a critical pose in the
physiotherapy motion. By automating this process, healthcare
professionals can efficiently review convalescent videos without
performing time-consuming, frame-by-frame inspections.

However, PVM introduces two significant technical chal-
lenges. The first involves interpreting physiotherapy movements
recorded from varied camera angles. Since home-based patients
may place their mobile devices differently than mentors, the
resulting viewpoint discrepancies complicate visual matching.
Thus, subtle differences between similar and dissimilar frame
pairs are difficult to distinguish through 2D images alone. This
challenge becomes even pronounced in long videos captured
from highly divergent angles.

The second challenge concerns the computational difficulty
of selecting an appropriate frame subset that semantically
matches the mentor’s movements. This task must consider
physiotherapy-specific constraints, such as avoiding many-to-
one matches and accounting for unstable similarity metrics
caused by view variation. These complexities make PVM a
nontrivial and demanding problem.

Although prior work on physiotherapy movement analysis
has demonstrated promising results in posture and joint-
angle evaluations using predefined angles, such as Q-angle
assessments [7] and single-plane analyses [3], these methods
assume fixed viewpoints and thus struggle with view-invariant
recognition. Several approaches have attempted to improve
consistency using software-assisted assessments [4] and motion
analysis systems [8], but all remain constrained by static cam-
era perspectives. Additional efforts, including the movement
variability framework [9] and postural scoring systems [10],
provide valuable insights under controlled conditions but do
not support customizable or view-invariant evaluations.

The sports domain has significantly progressed in fine-
grained action parsing and temporal alignment. For example,
the FineGym [11] supports hierarchical temporal analysis of
complex gymnastics routines, while the KIMORE [12] enables
clinical evaluation of therapeutic movements. The LOGO
[13] targets group activity understanding with interpersonal
modeling. Despite their technical advancements, these works
rely heavily on fixed or controlled viewpoints, offering limited
support for cross-view matching or adaptable assessment.
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Across rehabilitation and sports analytics, existing methods
fail to address two critical needs: robustness to camera
viewpoint variation and support for dynamic, customizable
evaluation criteria. This gap motivates our work to design a
camera-angle-invariant and semantically flexible framework for
physiotherapy video matching.

To address these challenges, we propose a novel PVM
method based on three key innovations:
(1) Optimization-based Modular Pipeline: We reformulate

PVM as an optimization problem with semantic constraints
and design a modular pipeline comprising pose acquisition,
structural transformation, and semantic alignment stages.
To efficiently process input data, we adopt off-the-shelf
models, Alphapose [5] for 2D keypoint detection and
DST [6] for 3D reconstruction, as components within our
custom-defined modules, PHP-Net and 3DPHP-Net.

(2) Angle-of-Limb-Based Semantic Representation: We intro-
duce the Angle-of-Limb-based Posture Structure (ALPS),
which captures human posture through inter-limb angles,
providing strong invariance to camera viewpoints. To
derive ALPS representation from arbitrary perspectives,
we propose the Camera-Angle-Free Encoding (CAFE)
transformation, which converts 2D/3D keypoints into a
unified, view-agnostic format.

(3) Three-Phase ALPS Matching Algorithm (TALMA): We
develop TALMA to perform progressive, structure-aware
matching of physiotherapy movements. This algorithm
addresses the NP-complete nature of the matching problem
using heuristic techniques that balance computational
efficiency with alignment accuracy, making it suitable
for practical applications.

We evaluate our method in real-world tele-physiotherapy,
where a nurse performs 11 standard exercises. The system
matches patient videos with an average temporal alignment
error of less than 0.07 seconds compared to expert annotations.

II. PROBLEM FORMULATION AND SKETCH OF SOLUTION

To facilitate understanding, Fig. 1 illustrates the symbolic
convention used for human posture vectors in this paper. Each
posture vector is written as h (e.g., θ

rh
i
j)1, where θ denotes

the camera angle2, r represents the owner role of h (either a
mentor m or a convalescent c), i is the frame index, and j is
the vector element index.

Fig. 1. Mapping between symbolic definitions and a physiotherapy video
frame.

1Superscripts and subscripts are used consistently across symbols serving
similar purposes.

2In this paper, the term “camera angle” refers to the observed orientation of
a subject’s pose as captured from a specific camera placement. It is primarily
influenced by the camera’s position and direction relative to the subject.

A video clip comprises a sequence of ordered frames. For the
mentor, we denote the ordered frame set as θm

m V = {θmm f i|i =
1, . . . ,M}, where θm

m f i represents the i-th frame captured at
camera angle θm. Similarly, for the convalescent, the video is
represented as θc

c V = {θcc f i|i = 1, . . . , N}, where θc
c f i denotes

the i-th frame recorded at angle θc.
The mentor selects K ∈ N anchor frames from θm

m V to serve
as reference poses for evaluation. We denote the indices of
these frames by αi ∈ N, where i = 1, . . . ,K, and 1 ≤ αi ≤ N ,
with N representing the total number of frames in the mentor’s
video. Each anchor frame encapsulates a target posture that
the mentor expects the convalescent to imitate.

To evaluate movement similarity, the system identifies the
most relevant matching frames from the convalescent’s video
θc
c V for each anchor frame in θm

c V .It then computes a score
based on transformed posture representations, capturing the
body configuration’s structural and directional similarity. A
higher score indicates a closer match between the convalescent’s
pose and the mentor’s reference. This scoring mechanism
enables interpretable and quantifiable assessments of motion
imitation quality across all anchor frames.

At the core of our approach is the Physiotherapy Video
Matching (PVM) method, which selects a subset of frames from
θc
c V that optimally align with the mentor’s designated anchor
frames {θmm fα

i |i = 1, . . . ,K}.By automating this process, our
PVM method allows physiotherapists to efficiently assess the
rehabilitation progress of many convalescents without manually
reviewing videos frame by frame.

This capability significantly reduces workload, improves
consistency, and supports large-scale or tele-physiotherapy
programs. We define the PVM problem as follows.

PVM Problem. Let αi, i = 1, . . . ,K, be the index of the
anchor frames. Find K frame index βj from θc

c V , denoted
by Ẑ∗ = {βj |j = 1, . . . ,K and 1 ≤ βj ≤ N}, such that the
selected K frames are most similar to the corresponding anchor
frames in terms of movement measures under the following
requirements in remote physiotherapy scenarios:

1) The physiotherapy movement comparison between frames
shall avoid interference from visual appearance charac-
teristics, such as weight, height, clothes, etc.;

2) The physiotherapy video clips for the mentor and conva-
lescents can be shot from arbitrary camera angles.

For computationally studying the issue, the problem can be
represented in an optimization form:

Maximize sim

({
θm
m fαi

}K

i=1
,
{
θc
c fβj

}K

j=1

)
︸ ︷︷ ︸

Need to satisfy requirements (1) and (2).

(1)

The solution Ẑ∗ to Eq.(1) is thus expressed in the equation:

Ẑ∗ = arg max
{βi}

K∑
i=1

sim(θmm fαi , θcc fβi ) (2)

Directly solving the PVM problem by comparing the simi-
larity between video clips θm

m V and θc
c V presents a significant

challenge. This is because the PVM problem is essentially an
NP-complete problem [14], further complicated by domain-
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specific constraints related to human posture, camera angles,
and movement semantics.

To address this complexity, we draw inspiration from
classic mathematical techniques, such as the Fourier Transform,
which reduces the computational cost of time-domain signal
processing by operating in the frequency domain. Similarly,
we tackle the PVM problem by transforming the video data
into a camera-angle-free domain, where matching becomes
more tractable..

We assume that, for each frame i, an ideal data model rAi

exists for role r (r ∈ {m, c}) to represent human postures
in a unified, appearance-independent, and camera-angle-free
manner. With this transformation, we reformulate the PVM
problem in the following form:

Ẑ∗ = arg max
{βi}

K∑
i=1

sim(mAαi , cAβi )︸ ︷︷ ︸
(1) appearance-independent structure, (2) no camera angles.

(3)

We incorporate the two requirements specified in the PVM
problem into the design of the data model rAi. To bridge
Eq.(2) and Eq.(3), we introduce three abstract functions as
solution-representation tools to systematically construct rAi.
The first abstract function, FPHP, extracts a two-dimensional
(2D) keypoint-based structure known as the Purified Human
Posture (PHP) model. This model, denoted by θr

r Hi , represents
the purified posture of the i-th frame for role r, captured from
camera angle θr, and is defined as follows:

θr
r Hi ≜ FPHP(

θr
r fi) (4)

The second abstract function, F3DPHP, performs an up-projection
of the 2D PHP model θr

r Hi into a 3D PHP model θr
r Qi, defined

as follows:
θr
r Qi ≜ F3DPHP(

θr
r Hi) (5)

The resulting 3D PHP structure θr
r Qi enables the model to

effectively mitigate the impact of camera-angle variations
on human posture representation. The third abstract function
FCAFE, transforms the 3D PHP structure θr

r Qi into a camera-
angle-free representation rA

i which removes all dependencies
on camera angle parameters. This function is defined as:

rA
i ≜ FCAFE(

θr
r Qi) (6)

We implement the ideal data model rA
i using the output

of FCAFE thereby grounding the theoretical formulation in a
practical representation.

By the composition of the above three abstract functions,
FPHP, F3DPHP and FCAFE, we derive the final PVM solution
form introduced in Eq.(2) as follows:

Ẑ∗ = arg max
{βi}

K∑
i=1

sim(θmm fαi , θcc fβi )

= arg max
{βi}

K∑
i=1

sim(FCAFE ◦ F3DPHP ◦ FPHP(
θm
m fαi ),

FCAFE ◦ F3DPHP ◦ FPHP(
θc
c fβi )) (7)

= arg max
{βi}

K∑
i=1

sim(mAαi , cA
βi ) (connecting Eq. (3) to Eq. (2))

= arg min
{βi}

K∑
i=1

(
1− cos(mAαi , cA

βi )
)

︸ ︷︷ ︸
A combinatorial optimization problem.

(8)

Eq. (8) presents the core of our solution approach: the
PVM solution Ẑ∗ can be obtained through a combinatorial
optimization process, provided that the three abstract functions
(Eqs.(4-6)) are instantiated as indicated in Eq. (7).

III. PROPOSED PIPELINE FOR SOLVING PVM

Based on Eqs. (7) and (8), Fig. 2 illustrates the overall
pipeline for solving the PVM problem. The pipeline comprises
four modules: the first three, i.e., PHP Net, 3DPHP Net,
and CAFE Transformation, implement our proposed abstract
functions, namely FPHP, F3DPHP, and FCAFE as defined in Eq. (7).
The final module, TALMA, addresses the optimization problem
formulated in Eq.(8). This pipeline operates by executing these
four modules sequentially, following the function execution
order specified in Eq.(7).

We divide the pipeline into three conceptual stages to clarify
its operation logic: extraction, transformation, and matching.

• In the extraction stage, PHP Net applies Eq. (4) to extract
human keypoints θr

r Hi from video clips, thereby capturing
posture semantics.

• The transformation stage involves the 3DPHP Net and the
camera-angle-free (CAFE) transformation. These modules
generate 3D human keypoint θr

r Qi according to Eq. (5)
and compute the angle-of-limb-based posture structure
(ALPS) rA

i (to be discussed later) for Eq. (6), enabling the
representation of physiotherapy movements under arbitrary
camera angles.

• The matching stage incorporates the three-phase ALPS
matching algorithm (TALMA), which computes the op-
timal matching result Ẑ∗ for the physiotherapy video
matching (PVM) problem defined in Eq.(8).

We will provide full technical details of each module in Section
IV.

To satisfy requirement (1) of the PVM problem, ensuring that
video matching between a mentor and a convalescent remains
unaffected by visual appearance, we rely exclusively on pose-
relevant features. Fig. 3 presents the human structure definitions
employed in our method. The mathematical definitions of the
structures shown in Fig. 2 are elaborated as follows. Specifically,
Fig. 3(a) illustrates the two-dimensional PHP model θr

r Hi,
constructed from keypoint-based representations and formally
defined as follows:

θr
r Hi ≜

[
θr
r hi

1 · · · θr
r hi

17

]⊤ ∈ R17×2, (9)

where θr
r hi

j =
[
xj yj

]
∈ R1×2, j = 1, . . . , 17.

[xj yj ] is the 2D coordinate of keypoint θr
r hi

j . The 3D PHP
model θr

r Qj follows the same structure definition in Fig. 3(a),
except keypoints are raised to 3D vectors, defined as:

θr
r Qi ≜

[
θr
r qi

1 · · · θr
r qi

17

]⊤ ∈ R17×3, (10)

where θr
r qi

j =
[
xj yj zj

]
∈ R1×3 j = 1, . . . , 17.

It is important to note that under varying camera angles, a
human posture represented by a keypoint-based model (e.g.,
θr
r Hi and θr

r Qi) may exhibit significant value discrepancies.
These variations complicate the computation of posture simi-
larity between video frames. To address this issue, we design
the angle-of-limb-based posture structure (ALPS), denoted by
rA

i, to represent the posture of frame i for role r.
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Fig. 2. The proposed physiotherapy video matching pipeline consisting of Extraction, Transformation, and Matching stages.

The ALPS model aims to mitigate the impact of camera angle
differences by using posture features that are less sensitive
to viewpoint changes, while preserving the most essential
semantics of human movements. This design supports both
requirements outlined in the PVM problem.

Fig. 3(c) illustrates the ALPS model rA
i, defined as:

rA
i ≜

[
ra

i
1 · · · ra

i
16

]⊤ ∈ R16×1 (11)

where ra
i
j denotes the angle formed between two adjacent

limbs. The detailed formulation and computation of ra
i
j will

be provided in Section IV-B.

IV. KEY COMPONENT DESIGNS

A. Deepnet-empowered Function Implementation: PHP-Net
and 3DPHP-Net

To solve the PVM problem efficiently, we integrate Alpha-
pose [5] and DST [6] as pretrained modules within PHP-Net
and 3DPHP-Net, respectively—AlphaPose for 2D keypoint
extraction and DST for 3D posture reconstruction.

The extracted keypoints are then reformatted to align with the
posture structure defined in Fig. 3(a), serving as standardized
inputs to the ALPS and CAFE modules. This design streamlines
preprocessing, ensures consistency and semantic alignment
across the pipeline, and maintains flexibility for future upgrades.
Notably, pose estimation backbones such as Alphapose and
DST can be replaced or updated without impacting the
functionality of the downstream modules.

B. Angle-of-Limb-based Posture Structure (ALPS) and CAFE
Transformation

Because keypoint-based features are often sensitive to visual
appearance and camera veiwpoint, we instead describe human
movements using angle-of-limb vectors. The approach is
motivated by the ovservation that limb angles remain relatively
invariant across different camera angles, making them more
robust for posture comparison.

To construct this representation, we transform the 3D
keypoint model θr

r Qi ∈ R17×3 into a limb-based model θr
r Li ∈

R16×3. This transformation is performed by computing each
of the 16 limb vectors, θr

r lij , as the vector difference between
a target (end) keypoint vector θr

r qi
tj and a corresponding start

keypoint θr
r qi

sj , where sj and tj are start and end indices of
limb j, respectively, based on the keypoint connections defined
in Fig. 3(b). The resulting limb-based model is formally defined
as:

θr
r Li ≜

[
θr
r li1 · · · θr

r li16
]⊤ ∈ R16×3, where (12)

θr
r lij = θr

r qi
t − θr

r qi
s =

[
v1 v2 v3

]
∈ R1×3, j = 1, . . . , 16.

For example, Limb 1 (Head) connects keypoint 11 (the start
point) to keypoint 10 (the end point) and is represented by the
vector θr

r li1 = θr
r qi

11 − θr
r qi

10.
The ALPS vector, denoted as rA

i ∈ R16×1, is derived from
the limb-based representation θr

r Li. To compute it, we first
normalize each limb vector θr

r lik ∈ θr
r Li to produce a set of

unit limb vectors, forming the matrix U ∈ R16×3. The k-th
row, rk(U), denoted as rk(U), is defined as:

rk(U) =
θr
r lik

∥θrr lik∥2
, for k = 1, . . . , 16. (13)

Next, each component ra
i
j of the ALPS vector rA

i is
computed as the cosine similarity between two specific limb
vectors, namely the sj-th and ej-th limbs, according to
predefined limb parings illustrated in Fig. 3(c). Mathematically,
this is expressed as:

ra
i
j = rsj (U) · rej (U)⊤ = cos

(
θr
r lisj ,

θr
r liej

)
, for j = 1, . . . , 16.

(14)
The full ALPS vector rA

i is assembled as:

rA
i =

[
ra

i
1 ra

i
2 . . . ra

i
16

]⊤
, (15)

Given that Eq. (12) defines the transformation from the 3D
keypoints model θr

r Qi to the limb-based model θr
r Li, the

complete conversion from θr
r Qi (e.g., computed by a deep

networks as θr
r Qi = 3DPHP ◦ PHP(θrr fi)) to the ALPS

representation rA
i is fully realized through Eqs. (12), (14)

and (15). Each element in rA
i quantitatively encodes the

relative angular orientation between two connected limbs. This
angle-based representation substantially mitigates sensitivity to
absolute camera viewpoints, offering greater robustness.

C. Three-Phase ALPS Matching Algorithm for PVM Solver

To mitigate the effect of occluded or distorted limb angles
caused by the varying camera viewpoints, we introduce three
variants of the ALPS representation in the matching algorithm:
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(a) Keypoint-Based (b) Limb-Based (c) Angle-Based
Fig. 3. Structural definitions of human pose representations used in the physiotherapy video matching framework. (a) 2D and 3D keypoint-based pose

structures H and Q; (b) limb structures L, defined by joint pairs individual body segments; (c) limb angle-based features and cosine similarity representations
used to construct the alignment vector A(ALPS).

full-body, left-body and right-body ALPS. The full-body ALPS,
denoted by F

r A
i, for frame i is identical to rA

i. The left-
body ALPS, denoted by L

r A
i, is constructed by setting the

right-side elements of rA
i to zero, specifically: a2 = a3 =

a4 = a8 = a11 = a12 = a13 = 0.Conversely, the right-body
ALPS, denoted as R

r A
i, sets the left-side elements to zero:

a5 = a6 = a7 = a9 = a14 = a15 = a16 = 0.
Our matching process is designed to be frame-wise and

alignment-free, meaning each mentor anchor frame is matched
individually to the most similar frame in the convalescent
clip without requiring sequence synchronization or a shared
temporal reference point.

We propose a Three-Phase ALPS Matching Algorithm
(TALMA) to solve the PVM problem by aligning ALPS
sequences from mentor and convalescent video clips based on
specified anchor frames, α1, . . . , αK .Inspired by conventional
machining procedures [15], which include roughing, refining,
and finishing stages, TALMA sequentially performs rough
matching, fine matching, and integration to refine the matching
result incrementally across multiple ALPS views. Algorithm 1
summarizes the TALMA procedure, and the following provides
a conceptual explanation of each phase.

• Phase 1: Rough Matching. In the first phase, we ap-
ply Dynamic Time Warping (DTW) [16] to the three
ALPS variants (full-body, left-body, right-body) to obtain
preliminary matches for each anchor frame αi, where
i = 1, . . . ,K. The output of this phase, denoted by
[F |L|R]P1R3, may contain many-to-one matchings, mean-
ing multiple convalescent frames can be assigned to a
single anchor frame. This rough approximation is an
initial candidate set, though the results may not yet meet
physiotherapy alignment expectations.

• Phase 2: Fine Matching. The second phase refines the
rough matches into one-to-one mappings using two steps:
Step 2.1: Filter out redundant matches by selecting the
frame with the highest full-body ALPS similarity.
Step 2.2: For matches with insufficient similarity, search
for better alternatives within a bounded index range
defined neighboring qualified matches. The refined results
are recorded as [F |L|R]P2R, representing higher-quality,
uniquely matched frame pairs.

3The symbol [F |L|R]P1R serves as a shorthand for three seperate data
structures: FP1R, LP1R, and RP1R.

• Phase 3: Integration. The final phase aggregates the refined
matches from all three ALPS models by selecting, for
each anchor frame αi, the matched frames with the highest
similarity score across the three sources. The final output
is denoted as: Ẑ∗ = {βi|i = 1, . . . ,K}, where each
βi represents the optimal matching frame index in the
convalescent’s clip for anchor frame αi, and collectively
solves the optimization problem defined in Eq.(8).

To asses temporal alignment quality, we define the frame
index gap |αi − βi| as the time difference between the mentor
anchor frame and its matched convalescent frame. This value
serves as a core evaluation metric in our experimental analysis
to quantify matching accuracy and consistency.

Algorithm 1 Summarized Three-Phase ALPS Matching Algo-
rithm (TALMA)
/* Initialization */

1 Construct ALPS similarity matrices TypeZ for Type ∈ {F, L,R} between mentor anchor frames αi and all
convalescent frames j, incorporating a temporal decay factor tmd(i, j).

2 Phase 1: Rough-Matching
foreach (Type ∈ {F, L,R}) do

3 Apply Dynamic Time Warping (DTW) to TypeZ to find an initial warping path;
4 Backtrack along the path to obtain many-to-one matching sets TypeP1R ;
5 end foreach

6 Phase 2: Fine-Matching
Let F P2R, LP2R, RP2R = ∅; θsim is a similarity threshold;
foreach (Type ∈ {F, L,R}) do

/* Step 2.1: One-to-one Transformation */

7 For each anchor αi , select the single convalescent frame βi from TypeP1R that has the highest full-body

similarity cos(FmAαi , Fc Aβi ), forming TypeFirstPassMatching;

/* Step 2.2: Qualification and Re-matching */

8 foreach (αi, βi, simβi
) ∈ TypeFirstPassMatching do

9 if simβi
< θsim then

10 Add αi to a list LowSimAnchor for re-matching;
11 else
12 Re-match anchors in LowSimAnchor by searching for a high-similarity frame β′ in a

dynamically determined range between the last good match in TypeP2R and βi ;
13 Append (β′, similarity) to TypeP2R ;
14 Clear LowSimAnchor;
15 Append (βi, simβi

) to TypeP2R ;

16 end if
17 end foreach
18 end foreach

19 Phase 3: Integration
Ẑ∗ = ∅. for (i = 1 to K) do

20 Select the ALPS model type (TMax ∈ {F, L,R}) whose corresponding match in TMaxP2R[i] has
the highest similarity for anchor αi ;

21 Let βi be the frame index from this best match.
22 Ẑ∗ = Ẑ∗ ∪ {βi};
23 end for

24 return Ẑ∗ ;

V. CASE STUDY

A. Environmental Settings and Performance Metrics

We implemented the proposed Physiotherapy Video Match-
ing (PVM) method in Python using the PyTorch framework. To
realize the FPHP and F3DPHP functions in our modular pipeline,
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we directly integrated the pretrained models Alphapose [5] and
DST [6] without modification. Their outputs are processed
through standardized interfaces to ensure modularity and
implementation isolation. This design facilitates future extensi-
bility—alternative pose estimation models can be substituted
seamlessly without impacting the downstream components. In
Algorithm 1, the parameters θsim and ϕ are empirically set to
0.75 and 15%, respectively. To evaluate performance, we use
the Mean Absolute Error (MAE) metric, which quantifies the
frame-wise discrepancy between the predicted matches and the
ground-truth annotations. To validate the proposed method, we
conducted a real-world case study using physiotherapy video
data collected in collaboration with a hospital in Tainan, Taiwan.
All video clips were recorded at an industrial frame rate of
30 frames per second. In the dataset, the mentor, who is an
experienced nurse licensed in Taiwan, performs 11 commonly
prescribed physiotherapy movements (i.e., K = 11) within
a 19.6-second clip (588 frames). The convalescent performs
the same set of movements in a separate 20-second clip (601
frames). To evaluate the robustness of matching under different
camera placements, we recorded the mentor from a frontal
view, while the convalescent was recorded simultaneously from
three distinct angles: front, left, and right.
B. Qualitative Study

We applied the proposed method to real-world testing
scenarios, which are also used in the subsequent quantitative
evaluations. Fig. 4 shows a screenshot from our demonstration
video, with full comparisons available at our GitHub repository:
https://github.com/NCKU-CIoTlab/TALMA-on-ALPS/. To evaluate the
method’s robustness under varying viewpoints, we tested three
mentor-convalescent camera-angle pairings: front-front, front-
left, and front-right. Notably, the convalescent intentionally
skipped the eleventh movement. Our system correctly detected
this omission by giving a low similarity score, demonstrating
its ability to handle incomplete action sequences.

Beyond camera-angle invariance, our system is also designed
to cope with imprecise, incomplete, or low-quality movements,
which are common in home-based rehabilitation. When a
convalescent fails to complete a movement, the system still
returns the most semantically similar frame, accompanied by
a visibly low similarity score displayed in red text on the user
interface. This feature enables physiotherapists to easily identify
missed or substandard movements and respond accordingly,
significantly enhancing the system’s practical applicability in
real-world, non-ideal rehabilitation conditions.
C. Precision Study

Table I shows the MAE of various methods under different
camera-angle configurations. The settings are represented as
mentor-convalescent camera-angle pairs, where F, L, R denote
Front, Left, and Right camera positions, respectively. For
fairness, all seven evaluated methods share the same overall
algorithmic structure, making this experiment functionally
equivalent to an ablation study. Our proposed method, shown
in the last row of Table I, achieves the lowest overall MAE(1.6)
and smallest variance (ranging from 1.2 to 2.1 across all camera
settings), demonstrating high precision and robustness. For
reference, an MAE of 2.1 corresponds to a temporal deviation

Fig. 4. Screenshot from the demonstration video illustrating
the proposed physiotherapy video matching method. The figure
visualizes the full pipeline, including 2D/3D pose estimation,
limb angle computation, ALPS vector construction, and frame-
wise alignment results between mentor and convalescent under
different camera angles.

of less than 2.1/30 ≤ 0.07 seconds at a frame rate of 30 fps,
making the difference nearly imperceptible to human observers.

More detailed analysis is described below. The last two
rows of Table I highlight the benefit of using three ALPS
variants (full-body, left-body, right-body) in Algorithm 1.
Specifically, the F ALPS+TALMA setting (second-to-last row)
yields a noticeably higher MAE in the F-R scenario, indicating
the advantage of incorporating partial-body ALPS to handle
occlusion and asymmetry more effectively. In constrast, the
2D keypoint-based methods (rows 1 and 4-5) produce higher
MAEs, even paired with TALMA. These methods are more
sensitive to camera-angle variation and often fail to capture
subtle postural changes, resulting in lowerquality matches. The
instability of 2D methods is particularly evident: for example,
in rows 4-5, the MAE is 1.9 in F-F setting but increases sharply
to ≥ 8.1 and ≥ 10.8 in F-L and F-R, respectively. These results
underscore the stability and viewpoint invariance provided by
the ALPS representation.

Rows 1-3 represent the baseline matching performance using
DTW [16] without semantic enhancement. Even when DTW
is applied to ALPS vectors (rows 2-3), the MAEs are still
higher compared to TALMA-based approaches (rows 4-7),
reinforcing the importance of incorporating physiotherapy-
specific semantics in the matching process. Finally, we con-
ducted a supplementary analysis on the sensitivity of TALMA’s
hyperparameters θsim and ϕ used in Step 2.2 of Algorithm 1.
Due to space limitations, the detailed findings are presented in
our technical report [17].

TABLE I. Comparison of MAE (in frames) across different methods and mentor-
convalescent camera-angle configurations. For all methods, 2D keypoints
are extracted using Alphapose [5], and DTW results are based on our re-
implementation of [16] using the proposed structural definitions.

Method F-F F-L F-R Overall
F 2D-Keypoints+DTW 145.5 105.2 134.9 128.5
F ALPS+DTW 82.3 112.3 31.4 75.3
[F |L|R]ALPS+DTW 88.9 175.6 87.4 117.3
F 2D-Keypoints+TALMA 1.9 8.7 10.9 7.1
[F |L|R]2D-Keypoints+TALMA 1.9 8.1 10.8 6.9
F ALPS+TALMA 1.2 2.1 2.2 1.8
[F |L|R]ALPS+TALMA 1.2 2.1 1.7 1.6
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(a). Strict Tol. ±5 , acc. 0.74 (b). Moderate Tol. ±10 , acc. 0.96
Fig. 5. Confusion matrices evaluated under two clinically motivated temporal tolerance

windows. The prediction-only column Error reflects frame-level misalignment, while the
bidirectional class NoExec highlights cases of undetected or skipped actions, revealing
typical mismatches and omissions in physiotherapy execution.

D. Robustness Study Under Challenging Conditions

To evaluate the robustness of our system under realistic
and challenging environments, we conducted an experiment
simulating common home-use scenarios by placing the camera
at ground level, resulting in an upward-facing view. This
configuration reflects practical situations where patients may
position recording devices on the floor or low furniture, often
leading to severe viewpoint distortion compared to standard
front-facing setups.

Under this camera angle, we introduced four types of abnor-
mal patient behaviors frequently observed in unsupervised or
home-based rehabilitation settings: (1) Slow-paced execution:
movements are performed at approximately half the mentor’s
speed; (2) Lack of actions: certain prescribed movements are
skipped; (3) Redundant actions: additional, non-prescribed
movements are performed; (4) Incorrect execution: movements
are deliberately performed with incorrect form.

The upward-facing angle significantly alters the perceived
spatial distribution of body keypoints, particularly for the limbs
and upper torso, resulting in distorted input features that pose
a challenge to conventional pose-matching methods. However,
our system leverages a frame-wise comparison strategy that
does not rely on strict temporal alignment, making it inherently
tolerant to temporal irregularities, such as those caused by
variable movement speeds.

Table II presents the MAE (in frames) for each abnormal be-
havior scenario. Using the [F |L|R]ALPS+TALMA configuration,
our method achieved: 7.3 frames for Slow-paced execution,
5.2 frames for Lack of actions, 5.8 frames for Redundant
actions, and 5.4 frames for Incorrect execution, with an overall
average MAE of 5.9 frames. While this represents a slight
drop in performance compared to standard views, it clearly
demonstrates the robustness and practical viability of our
approach under both visual distortion and behavioral deviation.

TABLE II. MAE (in frames) under various abnormal behavior scenarios
with an upward-facing camera view. The evaluated scenarios include slow-
paced execution, missing actions, redundant actions, and incorrect movement
execution.

Method Slow Lack Redundant Incorrect Overall
[F |L|R]ALPS+TALMA 7.3 5.2 5.8 5.4 5.9

E. Confusion Matrix Analysis

Figure 5 shows confusion matrices evaluated under two
clinically inspired tolerance windows, which fall well within

one second, commonly used by physiotherapists for frame-level
review. These windows reflect varying degrees of strictness in
temporal alignment:

• Tighter window: ±5 frames (≈ 0.17 s) — yielding an
overall accuracy of 0.74.

• Moderate window: ±10 frames (≈ 0.33 s) — yielding
an overall accuracy of 0.96.

We evaluate a total of seven video scenarios, including both
normal and challenging cases:

• Four standard camera-angle configurations: front–front,
front–left, front–right, and front–low (upward-facing
view).

• Three abnormal scenarios under the front-low (upward-
facing) view, simulating common at-home rehabilitation
issues: (1) Slow execution (approximately half speed), (2)
Missing actions, (3) Extra actions.4

For each mentor anchor frame αi, the system predicts a
matching convalescent frame βi, which is treated as a clas-
sification outcome. To better reflect real-world physiotherapy
settings, we introduce two additional semantic classes:

• NoExec (No Execution): The predicted frame has
a similarity score < 0.7, indicating the patient likely did
not perform the prescribed action. Although the system
still outputs the closest-matching frame, the low score
denotes an execution failure. This class appears on both
the ground-truth and prediction axes.

• Error: The predicted frame has a similarity score ≥
0.7, but the temporal gap |αi − βi| exceeds the tolerance
window. This class, appearing only on the prediction axis,
captures high-confidence yet misaligned matches.

Despite these challenging conditions, including severe view-
point distortions and behavioral inconsistencies, TALMA main-
tains robustness. Under moderate tolerance windows, the system
achieves 96% overall accuracy, underscoring its reliability and
adaptability in real-world physiotherapy applications.

F. Interpretation of TALMA Behavior

Fig. 6 shows the matching behavior of the proposed Three
Phase ALPS Matching Algorithm (TALMA) by illustrating
the alignment between the mentor’s anchor frames and the
convalescent video frames. In each subfigure, the horizontal
axis represents the frame index, and the vertical axis is the
length of an ALPS vector, i.e., mapping the vector A16×1 to
∥A∥2 = (A

⊤
A)

1
2 ∈ R, to visualize the matching relationship

in a two-dimensional plot. The 11 anchor frames α1, . . . α11

and their corresponding matches Ẑ∗ = {β1, . . . , β11} obtained
by Algorithm 1, are indicated by red and green markers,
respectively. Each matched pair (αi, βi) is connected by a
green line, indicating the source ALPS model used in the final
decision made by TALMA.

In cases where multiple ALPS models yield the same
similarity score to a given anchor frame, the system may
identify βi from more than one model. For example, in Fig.

4The erroneous-action case reuses the slow-execution clip and thus does
not increase the total number of scenarios beyond seven.
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(a) Front-Left (b) Front-Front (c) Front-Right

Fig. 6. Visualization of the Three-Phase ALPS Matching Algorithm (TALMA) in physiotherapy video matching. The matching results are shown for three
mentor–convalescent camera-angle configurations: front-front, front-left, and front-right. The vertical dashed lines in Fig. 6(c) highlight specific instances where
TALMA, leveraging all three ALPS variants (full-body, left-body, and right-body), yields more accurate matches compared to using full-body ALPS alone.

6(b), the similarity scores between α1 and β1 from both full-
body ALPS and left-body ALPS are equal (as determined in
Line 52 of Algorithm 1, and thus green lines are drawn from
both mentor views. This figure effectively illustrates Step 3 of
Algorithm 1 – the integration phase, where the system selects
the best match among multiple ALPS perspectives.

From Fig. 6(b) to Fig. 6(c), we observe that 30 out of 33
anchor frames in the test clips are successfully matched by
using only F ALPS (full-body ALPS), explaining why row 5
([F |L|R]ALPS+TALMA) in Table I performs comparably to
row 6 (F ALPS+TALMA). The primary distinction between
these two methods arises in matching anchor frames α8-α10 as
seen in Fig. 6(c) (marked with vertical dashed lines). In these
cases, left-body ALPS (LALPS) provides a higher similarity
score than full-body ALPS. This discrepancy can be attributed
to the camera placement: The testing video in Fig. 6(c) was
recorded from a right-front diagonal angle, which enhances the
visibility of the left-side body features. As a result, accurately
matching these movements requires a stronger sensitivity to the
left limb postures, which our system addresses through the use
of three ALPS models. This confirms the method’s robustness
in matching physiotherapy videos across varied viewpoints and
setups.

VI. CONCLUSIONS

This study revisits physiotherapy services by enabling
convalescents to record exercises at home using mobile
devices from arbitrary angles. To support accurate remote
assessment, we propose a physiotherapy video matching (PVM)
method that handles varied viewpoints. Key contributions
include: (1) formalizing PVM as an optimization problem and
solving it via a modular pipeline using Alphapose and DST;
(2) introducing the Angle-of-Limb-based Posture Structure
(ALPS) and Camera-Angle-Free (CAFE) transformation to
achieve angle-invariant representation; and (3) developing the
Three-Phase ALPS Matching Algorithm (TALMA) for precise
movement alignment. Real-world experiments confirm our
method’s accuracy, robustness, and interpretability. This work
offers a foundation for scalable remote rehabilitation. Future
directions include reducing latency for real-time use, tuning key
parameters in TALMA to improve adaptability, and expanding
to multi-person scenarios such as group physiotherapy or team
sports analysis.
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