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A Mathematical Framework for Quality Assessment
of Body Segment Movements using Wishart Models

Tatsanee Chaiya
School of Renewable Energy
Maejo University
Chiang Mai, Thailand
Email: tatsaneechf@gmail.com

Abstraci— Automated movenlent quality assessments
enable effective physical therapy by allowing real-time
detection of improper movements. While previous methods
primarily offer offline, full-body evaluations, this paper
presents a novel framework for online human motion
modelling and accuracy assessment. Owr approach uses
covariance matrices to capture full-body motion, with the
capability to focus on individual body segments. These
matrices are computed continuously during a correct
exercising movement and used to create an exemplar Wishart
model to characterize dynamic motion of the correet
movements. For a query sampie performing the same
exercise, a second set of Wishart models is generated using
onling density estimation. We then compare these
distributions to the exemplar’s in real-time, using a
dissimilarity metric to quantify deviations. This allows the
framework to identify incorrect movements and pinpoint
specific body segments contributing to poor performance.
Experiments on three public datasets demonstrate that our
framework achieves an average AUC-ROC score ¢f95.2% for
full-body quality assessment. It effectively detects real-time
movement errors and distinguishes varying levels of deviation
for each body segment.

Keywords—Wishart distribution, Covariance mairix, Body
segment movements, Human motion assessment,

[. INTRODUCTION

Therapeutic exercises are vital for patients in physical
rehabilitation to improve joint and muscle function. Fach
year, about 24 million exercise sessions are conducted, with
over 90% performed at home [1]. While physiotherapists
periodically monitor progress, many patients cannot afford
daily professional supervision, leading to poor adherence
to treatment plans, slower recovery, and potentially higher
healthcare costs.

This paper introduces a novel framework to help the
patients evaluate the accuracy of phiysical movements. By
modeling body motion and providing immediate feedback
during exercise, our framework conducts real-time analysis
to detect incorrect movements, identifying specific body
segments that deviate from proper motion, This scalable
approach is suitable for customized home-based
applications.

Covariance descriptors have proven effective in
capturing low-level features for human action recognition
and motion analysis. In [2], covariance matrices were
constructed over time series of 3D joint positions for hand
gesture recognition, using the Log-Euclidean metric with a
k-Nearest Neighbor classifier. The authors of [3]
introduced temporal hierarchical covariance descriptors for
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action recognition, constructing matrices from overlapping
windows of feature vectors to capture the temporal order of
3D joint positions. In [4], hierarchical covariance
descriptors using kinematic features were classified with a
modified Log-Euclidean metric for multiple kernel
learning. In a related work, [5] built hierarchical covariance
matrices using the most informative joint features.
Recently, [6] applied hierarchical covariance descriptors to
model the dynamics of body patts, significantly improving
classification accuracy in action recognition.

Despite these advancements, none of these studies
explored the use of covariance descriptors for evaluating
movement quality, Only a few, such as [7] and [8], have
adopted Wishart distributions of covariance descriptors for
human motion analysis. Moreover, previous studies often
relied on high-dimensional movement data to construct
covariance matrices, which are computationaltly inefficient
for real-time applications. Geodesic metrics like Affine-
Invariant, Log-Euclidean, Stein, and Cholesky distances
are designed for symmetric positive definite (SPD)
matrices, which require full rank to remain positive
definite. When the data dimension exceeds the number of
samples, the covariance matrix becomes singular, making
these metrics unsuitable for similarity measurements. In
contrast, this paper constructs covariance matrices using
only three-dimensional features, ensuring they remain SPD
and efficient for real-time applications.

Recently, machine learning and deep [earning
algorithms have been extensively applied to human motion
assessment., Earlier approaches utilized methods like
HMM, GMM, and SVM to evaluate motions for both full-
body and specific body parts [9] - [12]. Studies also
compared the performance of RF, KNN, SVM, and MLP
for tasks like fall detection. More recently, deep learning
models such as GAN, CNN, L§TM, GRU, GCN, and Res-
TCN have been employed to assess human motions using
skeleton data and RGB images [13] - [15], and [22] - [26].
However, these models often require a large number of
skeleton sequences or RGB images for training. For
example, in [26], while their deep learning models (LSTM,
BILSTM, CNN, and CNN-LSTM) achieved high
classification accuracies of 95%—98%, the training process
toak 2.15 to 13.45 minutes and demanded a substantial
number of training samples to build robust classifiers.

In contrast, our proposed framework constructs
exemplar models with discriminating power comparable to
previous research while using only one or a few motion
sequences. This approach significantly reduces the reliance
on extensive training samples and computational resources,
making it both efficient and practical. Additionally, unlike



C. Covariance Descriptor

The covariance descriptors are constructed based on
the authors’ previous proposed method [8]. A covariance
descriptor of a single joint is represented as

1 ]

A set of covartance matrices, denoted as {(;]f €
{1,...,J}}, are constructed using the feature matrix deﬁned
in Equation |. The set of covariance matrices are used to
characterize movements of all joints, where C€; € R3*® is
a sample covariance matrix for the j*" joint,

2.3.1 Full-body covariance descriptors: all ]
covariance matrices are used to capture motion information
of the full body. For building an exemplar model, a set of
covariance matrices {Cy;|j € {1,..,J}} are constructed
using all Ty frames to characterize the exemplar’s
movement repetitions. For building a test sample, a set of
{C5,;1j € {1, ..., ]}} covariance matrices are re-computed as
the number of frames increments over time.

2.3.2 Body-segment covariance descriptors: body
joints are decomposed into five body segments as shown in
TABLE . Hence, a subset of six covariance matrices
{C;|j € frorso} is used to characterize motion in torso.
Other subsets of four covariance matrices: {(;lj €
]leerm}a [Cj |J' € frightArm}: {Cj U € Jr.!eftl.eg}: and {C}'U €
Jrigntreg) are used to characterize motions in left/right arms
and left/right legs, respectively.
{.\ 6.Head tip

3.Head
4, Neck
f p—] Lz N collar

12. Right shoulder

13, Right elbow

L4. Righl band

19. Right hip | 15, Lef hip
20. Right knee 16. Lefl knee
!
21 Right oot 7 Leil &
. Lell fool
22, Right lues {" 18. Lefl locs

Fig. 2. Skeleton joints from a Kinect v2 motion sensor are grouped into
five body segments.

D. Wishart Models

The feature vectors fff) are assumed independent
random samples and are drawn from a multivariate normal
distribution W (0,E) . Consequently, the covariance
descriptors, defined in Equation 2, are symmetric positive
definite matrices, and each of them follows a Wishart
distribution  €;~W,(n,%) . The probability density
function of a Wishart distribution withn € R degree of
freedom and a scale matrix € R4 is [16]:

n-d-1

1 agb =
W,i(Cj, n,X) =
i §)

1
————— Y]} {— 3 tr{zt C}-)}
d(d-1) ;
where Tq(e) = 2 [I&,T (a MT) is a multivariate
gamma function, ['(-)is a gamma function, and tr(*) is a
trace operator.

To obtain the maximum likelilood estimates # and £
for the Wishart parameters, we modified the algorithm
proposed in [17] as outlined in Algorithm 1. If 8, =
(n—d—1)/2), 05 = £, and M is the total number of

joints in a body segment, the objective function for this
iterative method is expressed as follows:

d+1
E(063) = (0 + ) (dl0g2 = logléiD

d+1
+ logly (Gn +~w§—-—)

- (ol -

J=1

ARG

s Building Wishart models for exemplar samples: 1f K
motion sequences are selected as exemplar samples, a

set of K X J covariance matrices, denoted as {ka) S

{1,2,....JLbke{l,..,K}}, are constructed. Hence,
five subsets of the constructed covariances matrices:

(€N € Jrorso} + (6N € Jegearm » (€P)j €
jrightArm} » ‘[C}k) U € ]leftArm} » and {ngk) |J €
Jrightarm} are used for modelling motions of five body
segments.

A Wishart model for capturing fuil-body movement of
an exemplar sample is denoted as W, {n,, L), a set of

Wishart models for capturing body segments of the
exemplar sample is denoted as

{(Wa(n@, 2P p(1,...51 }

*  Building Wishart models for test samples: Both fuil-
body and body-segment covariance matrices are built
in the same manner as for the exemplar sample. We
denote W, {n,, X;} as a Wishart model for capturing
full-body movement of a test sample and
{W (n®,xp e {1, ...,5]} as a set of Wishart
maodels for capturing body segments of the test sample.

While the exemplar Wishart models are computed
once (offline), the test Wishart models are updated with
each new frame entering data stream {online). At each time
step t, six pairs of Wishart models are used to assess the
movement quality of the test sample. For instance, we
measure the dissimilarity between W, (n(l) f})) and

W, (n(l) xﬁ”) to evaluate how much the torso motion of
the test sample deviates from the normal torso motion of
the exemplar. The parameter estimates of these Wishart
models are then used to compute dissimilarity scores,
guantifying the deviation from normality.
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space. Joint trajectories of a subject performing a deep squat with a correct form (lop) and an incorrect form {bottom).

d ()= di ()
At
and d,(s) is a dissimilarity score of the test sample s
computed at frame t, and t;= t; + At, While the quality label
is used to detect abnormality of the test sample, the
dissimilarity score determines deviations from normality in
real-time.

For both offfine and online movement quality
assessments, dissimilarity scores and quality labels can be
reported for different body parts: the full body, torso,
left/right arms, and lefi/right legs. Thus, six exemplar
Wishart models—one for the full body and one for each
body part—are simultaneously built, and six distributions
of dissimilarity scores are computed to establish a
normality threshold for each part.

IH. EXPERIMENTAL PROCEDURE

A. Datasets

The UI-PRMD [19] dataset, specifically designed for
human motion analysis, was well-suited for evaluating our
framework for both offline and online movement quality
assessments. This dataset comprised 10 physical therapy
exercises, with each subject performing 10 repetitions of
each exercise in both correct (optimal) and incorrect (non-
optimal) forms. This resufted in a total of 200 multiple-
repetition motion sequences, equating to 2,000 individual
exercise repetitions, capturing 3D joint positions and joint
angles. Fig. 3 illustrates the joint trajectories in 3D space of
a subject performing a deep squat. In the correct deep
squatting movements {top), the subject maintained an
upright upper body with knees aligned over the feet,
Conversely, the incorrect deep squatting movements
(bottom) featured a non-upright trunk and knee valgus
collapse. Additionally, we used other public motion
datasets, such as MSR-Action3D [20] and UTKinect [21],
in experiments to select an appropriate similarity distance
metric.

B. Data Preprocessing

Skeleton data derived from motion sensors often
contain noise due to occlusions, To denoise the raw
skeleton data, we applied a Savitzky-Golay smoothing
filter. MATL.AB’s built-in sgolayfilf function was used for
this purpose, as it not only reduced noise but also aligned
delays and removed transient effects at the start and end of
the data stream. Typically, raw data from motion sensors
were prepared in a real-world 3D coordinate system, which
varied depending on the subject's location. Additionally,
differences in body sizes led to variations in coordinate
scales. Therefore, raw skeleton data were often pre-
processed to achieve viewpoint and body-scale invariance.
To ensure these properties, we created a human coordinate
system by using the subject's waist joint as the new
coordinate origin. The coordinate values of other joints
were then recalculated relative to this origin and
normalized using the minimum and maximum joint
position values.

After preprocessing, a set of 22 joint features and
covariance descriptors, constructed as described in Section
11, were created for each time frame for quality assessment.

TABLE I1. CLASSIFICATION ACCURACIES FROM CLASSIFYING
ACTIONS INUSING K-NN WITH FOUR DESTANCE METRICS,

. UI-PRMD
Distance 5T with MSR- 1 ineet
metric Actoion3D
ottly abnormal

dyer, 97.67% 88.60% 94.09% 87.00%
dg 98.33% 89.05% 92.22% 85.00%
dy 98.67% 88.20% 86.83% 79.84%
dp 97.67% 88.70% 87.42% £5.00%

C. Selection of a Distance Metric

To assess the discriminative capability of the 3x3

Wishart models combined with the dissimilarity metrics in
Equations 3 - 6 for classification, the dissimilarity score
distributions for various actions within the UI-PRMD



IV. RESULTS

A, Experiment 1: Offline Quality Assessment

Binary classifiers described in Section 2.6 were built,
each specifically designed to detect incotrect movements
for a particular action. To train each classifier, 200 motion
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Fig. 6. Results from classification of correct and incorrect deep squatting
movements showing (a) dissimilarity seores and (b) ROC curves.

sequences for each action were split into a training set and
a test set. The training set inchuded 70 correct and 70
incorrect movement sequences, while the remaining 60
sequences (30 correct and 30 incorrect) were used for
testing. From the {raining set, 10 correct sequences were
randomly selected as exemplars to build the exemplar
model, All 70 correct sequences in the training set were
used to establish a distribution of dissimilarity scores and
to compute the threshold defined in Equation 7. However,
for experiments, we utilized the 70 incorrect sequences in
the training set to search for an optimal threshold that
maximized the classifier's performance.

Results from detecting movements of a subject
performing deep squat are shown in Fig. 6. Fig. 6a
visualizes the distribution of dissimilarity scores for all 200
deep-squat sequences based on full-body modelfling. It can
be observed that the dissimilarity scores for correct

sequences (red) were typically smaller and less variable
than those for incorrect ones (blue).

To detect incorrect movements for a specific action,
six exemplar models were constructed to represent six body
parts: the full body, torso, feft/right arms, and lefi/right
legs. After computing dissimilarity scores for the training

TABLE Iil. STATISTICAL RESULTS FROM CLASSIFYING
CORRECT AND INCORRECT MOVEMENTS OF ACTIONS IN Ul-

PRMD DATASET.
g gl &
= = g & 8]
Action Body 3 § 1‘5 = -
segment o o~ b 3 <€
A & R

Full-body | 6.96 | 0.93 | 0.97 | (.95 | 0.91
Torso 0.84 | 0.90 | 0.83 | 0.87 [ 0.83
Deep Left arm 0.85 | 0.97 | 0.83 [ 0.90 | 0.90
squat Rightarm | 0.84 | 0.87 | 0.83 | 0.85 | 0.8%
Left Leg 0.82 [ 093 | 080 | 0.87 | 0.90
Rightleg | 0.81 | 0.87 | 0.80 | 0.83 | 0.89
Fuli-body | 1.00 | 1.00 [ 1,00 | 1.00 | 1.00
Torso 1.00 | 1.00 | £.00 | 1.00 | 1.00
Hurdle | Lefrarm | 0.91 | 1.60 | 0.90 [ 0.95 | 06.99

step Rightarm | 1.00 | 1.00 | 1.00 | 1.00 | 1.00
Leftbeg | 095 1050 | 095 | 093 | 0.97
RightLeg | 1.00 { 1.00 | 1.00 | 1.00 { 1.00
Full-body | 0.80 { 1.00 | 0.75 | 0.87 1 0.51
Torso 0.85 [ 1.0G | 0.83 | 0.88 § 0.90
Side Leftarm | 0.87 [ 093 | 0.88 | 0.87 | 0.90
lunge Rightarm | 0.83 [ 0.86 | 0.83 | 0.83 | 0.86
Leftleg | 074 [ 0.83 | 0.67 | 0.81 | 0.85
RightLeg | 8.77 [ 096 | 0.71 | 0.83 | 0.81
Full-body [ 1.00 [ 0.96 | 1.00 | 0.98 [ 0.99
Torso 00 [ 1,00 | 1.00 | 1.00 | 1.00
Shoulder | Left arm 1.00 | 1.00 | 1.060 [ 1.00 | 1.00
abduction | Rightarm | 100 | 1.00 ! 1.00 | 0.98 | 0.98
Left Leg 1.00 | 1.00 1 1.00 [ 0.95 | 0.91
RightLeg | 0.92 [ 0.92 | 0.92 [ 0.96 [ 0.99
Full-body | 0.85 | 0.83 | 0.83 | 0.88 | 0.95
Torso 096 | 0.96 [ 096 | 0.96 | 0.99
Shoulder | Leftarm | 0.96 | 0.96 [ 0.96 | 0.96 | 0.98
scaption | Rightarm ! 0.85 | 092 | 0.83 | 0.88 | 0.92
Lefi Leg 0.95 { 0.81 | 0.96 | 0.88 | 0.88
Right Leg | 0.87 | 0.87 | 0.88 | 0.87 | 0.90

TABLE IV. PERFORMANCE COMPARISON OF RELATED
STUDIES TN CLASSIFYING MOVEMENT QUALITY USING Ul-

PRMD DATASET.
) w o 6
5 = ®E
Method % ‘g i}é -g jz”
GCN [22} 0.92 - -
Res-TCN {Deep squat) [23] 0.83 - -
Res-TCN {All actions) [23] 0.62 - -
Graph Transformer [24] - .85 -
LSTM [23] 0.98 - -
CNN-LSTM [25] 0.87 - -
GRU [25] (.92 - -
Bidirectional LSTM [26] 0.95 0.94 13.45
LSTM [26] 0.98 0.98 4,18
CNN-LSTM [20] (.98 0.98 8.54
CNN {26} 0.99 (.99 2.15
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