
How Much Context Matters? A Comparison for
Skeleton-Based Activity Recognition

1st Matthias Tschöpe
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Abstract—Automated and anonymized detection of normal
and unusual behavior can support clinical staff in hospitals
and care facilities, where continuous observation of patients is
often not possible. Such systems can help to improve the safety
of patients and employees by detecting unusual or potentially
critical situations while protecting privacy by avoiding the use of
raw video data.

In this work, we empirically compare models for classifying
human activities using a 2D pose dataset recorded in a care-
related context. We use five models and vary the temporal context
by using six different sliding window configurations. In addition,
we analyze how the use of a body-centered coordinate system
changes the classification results. We evaluate all results using
Leave-One-Subject-Out.

We focus on how temporal context, pose normalization, and
the chosen models affect the classification results. The results
show that graph-based and transformer-based models achieve
similar classification results when sufficient temporal context is
used. On our chosen dataset, the best classification results are
achieved with ST-GCN by using a sliding window configuration
of (180/90), we get an average accuracy of 79.65% and a macro
F1-Score of 79.86%. Finally, we provide the GPU usage and
power consumption for each model.

Index Terms—Skeleton-based Human Activity Recognition,
Body-Centered Coordinate System, ConvLSTM, MS-G3D, ST-
GCN, TinierHAR, TinyHAR

I. INTRODUCTION

Due to staff shortages and high workloads, it is often not
possible to monitor patients or residents in hospitals or similar
care facilities. Behavior causing harm to patients has a negative
financial impact on the facilities. Extra cost of $4,617 per
patient can incur [1]. Automated activity recognition systems
can be helpful in such situations by alerting clinical staff
when recognizing unusual or potentially dangerous activities.
To ensure the subjects’ anonymity, we only use approaches
that use 2D skeleton data.

Previous works considered this problem in the ISAS Chal-
lenge 2025 on Unusual Activity Recognition [5]–[7]. These
works show the importance of the task but also have some
limitations: Most approaches evaluate only a small set of
models, use a small set of sliding window sizes, and therefore
cannot analyze how temporal context affects the performance,
especially under Leave-One-Subject-Out (LOSO) evaluation.

In this work, we fill this gap by empirically comparing
five different models to classify human activities based on 2D
skeleton data. The models we considered are: ConvLSTM,

ST-GCN, MS-G3D, TinyHAR, and TinierHAR. These models
cover recurrent, graph-based, and small transformer-based
approaches. Rather than introducing a new method, our goal is
to analyze how different design choices affect the classification
results.

In order to analyze the effects of temporal context, we
evaluate each model using six sliding window configurations.
We select sliding window sizes from one to six seconds to
cover the typical duration of shorter and longer activities in
the dataset. In addition, we analyze the impact of a body-
centered coordinate system on the classification results. In
addition to classification accuracy and macro F1-Score, we
provide the GPU memory usage and power consumption for
each configuration to provide insights into the computational
requirements, which can be relevant for the deployment on
resource-constrained hardware. Thus, we can summarize our
main contributions as:

• an empirical comparison of five models using LOSO,
• an analysis of temporal context using six sliding window

configurations,
• an evaluation of body-centered pose normalization meth-

ods,
• a resource analysis considering GPU memory usage and

power consumption.
The rest of this work is structured as follows: Section

II provides an overview of related work on skeleton-based
human activity recognition. Section III describes the dataset,
preprocessing, and gives an overview of the models that we
used. In Section IV we present our results and analyze them
from different aspects. Finally, in Section V, we conclude our
work.

II. RELATED WORK

Early methods of skeleton-based human activity recognition
focused mainly on recurrent neural networks. For example,
in 2015, Du et al. [4] introduced a hierarchical RNN that
divides the human body into meaningful parts and models their
temporal movements in separate subnetworks, which are fused
sequentially to capture increasingly complex motions. Later, Li
et al. [10] proposed a two-stream CNN framework that directly
processes raw joint coordinates and their temporal differences,
supplemented by a skeleton transformer that automatically
reorders and selects useful joints to improve recognition



performance. In 2016, Ordóñez et al. [14] introduced the
ConvLSTM architecture, one of the first models to combine
convolutional and recurrent layers for sequential sensor data.

When Yan et al. [25] introduced GCNs (Graph Convolu-
tional Networks) in 2018, this led to a significant improve-
ment in classification results. The idea was that the model
developed by Yan et al. – known as ST-GCN – models spatial
dependencies between joints using an adjacency matrix and
temporal relationships using temporal convolutions. In 2020
Liu et al. [11] built up on this idea and introduced the MS-G3D
model, which uses GCNs in combination with a multi-scale
approach and a 3D spatio-temporal convolution to capture
complex motion movements over varying time scales.

Transformer-based and attention-based methods have re-
cently improved human activity recognition even more. Zhou
et al. [26] introduced TinyHAR, which combines convolutional
layers, attention layers, and an LSTM layer. TinyHAR was
originally trained on IMU data, such as accelerometers, gy-
roscopes, and magnetometers. Based on this idea, Bian et al.
[2] introduced TinierHAR in 2025, an even smaller model that
achieves the same classification performance as TinyHAR on
average.

Previous works also considered activity recognition based
on 2D human pose data in clinical, healthcare, and nursing sce-
narios [8], [22]. In particular, previous studies have addressed
tasks such as recognizing nursing activities, posture changes,
or medical procedures using pose-based representations and
learning-based models [9], [13], [15], [18], [19].

The aforementioned works provide an overview of the ar-
chitectures which are often used in human activity recognition.
These works cover a broad range of model architectures.
However, there is no work yet that systematically analyzes
which sliding window configurations are the best choice for
these models on our selected dataset. Therefore, we select the
five models: ConvLSTM as a recurrent neural network, ST-
GCN and MS-G3D as graph neural networks, and TinyHAR as
well as TinierHAR as modern attention-based neural networks.
We compare them under the use of a LOSO evaluation over
multiple sliding window configurations.

III. DATASET AND METHODS

A. Dataset

We use the dataset from Fujioka et al. [6], which was also
used in the ISAS 2025 Unusual Activity Recognition Chal-
lenge [7]. The dataset contains recordings of human activities
in hospitals, captured from five different subjects. Each subject
performs normal and unusual activities, such as “Attacking”,
“Biting nails”, “Eating snacks”, “Head banging”, “Sitting
quietly”, “Throwing things”, “Using phone” and “Walking”.
Fujioka et al. [6] used a GoPro 9 and an iPhone 15 Pro - both
recorded with 30 FPS - to record the participants. Afterwards,
they applied YOLOv7 [23] with its pose estimation model
to extract the 2D human poses. The skeleton data consist of
17 joints per time step. The skeleton structure is shown in
Figure 2.
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Fig. 1: This figure visualizes the per-subject class distribution
of all classes in our used dataset at frame level.
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Fig. 2: Human pose structure that we used for our graph-based
methods.

Figure 1 visualizes the per-subject class distribution in terms
of the number of recorded frames per activity. For all subjects,
activities such as “Walking”, “Sitting quietly”, and “Using
phone” occur most often. On the other side, activities such as
“Throwing things”, “Head banging”, and “Biting nails” occur
less often.

B. Data Preprocessing

To be independent of the participants’ location, we use a
body-centered coordinate system as proposed by Tschöpe et
al. [20]. In the following, we briefly recap the idea of this
transformation. The idea is to transform the (x, y) coordinates



into a new coordinate system, where all joints are relative to
a reference point computed from a subset S of body joints.

As shown in Figure 2, the data set consists of 17 joints,
where each joint is represented by its (x, y) coordinates. Thus,
we have F = 34 features in our sliding windows. With this,
let W ∈ RT×F be a sliding window of length T . Further, we
denote Wt,: =

[
x
(t)
1 , y

(t)
1 , . . . , x

(t)
17 , y

(t)
17

]
to refer to the t-th

row in W.
1) Body-centered coordinate system: Let lsx be the column

index in W of the x-coordinate from the left shoulder. Sim-
ilarly, we define the column indices in W of x-coordinates
from the right shoulder rsx, the left hip lhx, and the right
hip rhx. Analogously, we define the column indices of the
y-coordinates from those joints. With this, we define the
center-based origin of the body-centered coordinate system as
follows:

x
(t)
center =

1

4

∑
j∈Cx

Wt,j , Cx = {lsx, rsx, lhx, rhx} (1)

y
(t)
center =

1

4

∑
j∈Cy

Wt,j , Cy = {lsy, rsy, lhy, rhy} (2)

The hip-based origin is then defined as:

x
(t)
hip =

1

2

∑
j∈Cx

Wt,j with Cx = {lhx, rhx} (3)

y
(t)
hip =

1

2

∑
j∈Cy

Wt,j with Cy = {lhy, rhy} (4)

Finally, we transform the coordinates from the pixel-based
coordinate system to the body-centered coordinate system.
Therefore, let (o

(t)
x , o

(t)
y ) be either the center-based or hip-

based origin. Each coordinate in W is then transformed by:

x̃
(t)
k = x

(t)
k − o(t)x , ỹ

(t)
k = y

(t)
k − o(t)y . (5)

With this, every keypoint left or above the chosen origin has
negative values, while those to the right or below have positive
values. This makes the movement independent of the position
in the camera view. However, a limitation of this transfor-
mation is that it only normalizes translation and not body
size. Therefore, variations in apparent skeleton size caused by
different camera distances can cause camera-dependent effects.

C. Data Augmentation

Additionally, we randomly apply the following Data Aug-
mentation methods: Dynamic Time Warping, Flipping, Gaus-
sian Noise, Reverse, and Rotate. This set of data augmentation
methods was inspired by the following previous works [3],
[16], [17], [24].

D. Sliding Window Configurations

Since we want to analyze how much temporal context is
necessary to get the best classification results, we consider the
following six sliding window configurations:

• (30/15): Sliding window size of 30, step size of 15
• (60/30): Sliding window size of 60, step size of 30

• (90/45): Sliding window size of 90, step size of 45
• (120/60): Sliding window size of 120, step size of 60
• (150/75): Sliding window size of 150, step size of 75
• (180/90): Sliding window size of 180, step size of 90

As the cameras from the dataset recorded with 30 Hz, the
sliding window contain temporal context from one to six
seconds.

E. Model Architectures

We compare the following five models on the aforemen-
tioned dataset: ConvLSTM, ST-GCN, MS-G3D, TinyHAR,
and TinierHAR. In the following, we briefly recap the model
architectures and explain our adjustments.

a) ConvLSTM: The Convolutional Long Short-Term
Memory Network (ConvLSTM) [14] combines convolutional
layers for local feature extraction with recurrent layers to de-
tect spatial and temporal dependencies. The network consists
of two convolutional blocks, each with two 5×1 convolutions
and ReLU activations, followed by temporal downsampling
with a stride of 2. The extracted features are flattened and
passed through a single LSTM layer.

b) ST-GCN: The Spatio-Temporal Graph Convolutional
Network (ST-GCN) [25] represents humans as a graph, where
each node corresponds to a body joint and edges follow the
human pose of the skeleton. Spatial dependencies are modeled
by graph convolutions, while temporal evolution is captured
by 1D convolutions with kernel size 9 applied along the
time axis. The network consists of ten spatio-temporal blocks
with residual connections, batch normalization, and ReLU
activations, progressively increasing channel dimensions from
64 to 256. Edge importance weighting parameters are learned
for each layer.

c) MS-G3D: The Multi-Scale Graph 3D Network (MS-
G3D) [11] extends the ST-GCN architecture with multi-scale
graph kernels and 3D spatio-temporal convolutions. The net-
work uses several temporal windows of different receptive field
sizes (3, 5, 7) to jointly learn fine-grained and global motion
dependencies. Liu et al [11] combined graph convolutions
with multi-branch temporal convolutions using several dilation
rates to capture short and long temporal patterns. Since the
dataset only provides 2D skeleton coordinates, we adapt the
original model by replacing the 3D spatio-temporal feature
extraction with a 2D version that processes (x,y) keypoints
instead of (x,y,z).

d) TinyHAR: TinyHAR [26] is a compact hybrid model
combining convolutional, attention, and recurrent layers. The
network starts with four consecutive 2D convolutional layers
(3 × 1, 20 filters) with ReLU activations and batch normal-
ization, which extract local temporal features and downsample
the sequence length. A single self-attention block models inter-
actions between input channels, followed by a fully connected
fusion layer that reduces the feature dimensionality from 680
to 40, which integrates cross-channel information. A one-layer
LSTM with a hidden size of 40 captures temporal dependen-
cies, while a temporal attention mechanism emphasizes the
most relevant time steps for classification.



e) TinierHAR: TinierHAR [2] is a further optimized
lightweight variant of TinyHAR designed for embedded
or real-time applications. It replaces standard convolutions
with depthwise-separable convolutions and introduces residual
shortcut connections to improve the gradient flow. The network
consists of six convolutional blocks, in which the number
of feature channels increases stepwise from one to four and
finally to eight. These convolutional layers are followed by
a bidirectional GRU with a hidden size of 16 that models
temporal dependencies in both forward and backward direc-
tions. A simple attention layer then computes weights over
the concatenated hidden states, producing a weighted temporal
representation.

F. Training and Evaluation

We evaluate all models with all normalization approaches
using LOSO. Thus, we use the data from four subjects for
training and the data from the remaining subject for testing.
Then we calculate the accuracy and macro F1-Score for each
test subject and calculate the mean and standard deviation of
these metrics over all five test subjects. Further, we use a
hyperparameter search to improve the following hyperparam-
eters: Beta values for the AdamW optimizer, learning rate,
γ value for learning rate scheduler, step size for learning
rate scheduler, and weight decay. Furthermore, we use the
AdamW optimizer [12] and train all models from scratch for
25 epochs. To compensate for the small number of trained
epochs, we run the hyperparameter search for 300 individuals.
Our hyperparameter search is a combination of random search
and evolutionary search, adapted from these works [21]. In
addition, we use class weights for the Cross-Entropy loss and
assign higher class weights to underrepresented classes. There-
fore we define for each class i, the class weight wi =

w̃i∑
j w̃j

,

where w̃i = ( 1
ci
)2 and ci denotes the total number of samples

that belong to class i.
In addition, we use class weights in the Cross-Entropy loss

to account for class imbalance. For each class, the weight is
computed as the squared inverse of the total number of samples
belonging to that class and then normalized across all classes
so that the weights sum to one. This assigns higher importance
to underrepresented classes during training while keeping the
overall loss scale stable.

IV. RESULTS AND DISCUSSION

A. Quantitative Results

Tables III–VIII show the classification results of all evalu-
ated models with all three normalization approaches (baseline,
center, and hip) for all six sliding window configurations. We
provide the mean and standard deviation of the accuracy and
macro F1-Score over all five LOSO splits. In the following,
we discuss the model performances for each sliding window
configuration separately.

For the shortest sliding window configuration (30/15), Tiny-
HAR (hip) achieves the best results with a macro F1-Score
of 68.89%, followed by TinierHAR (68.72%). With 67.71%
ConvLSTM (center) is the third-best model. Afterwards, the

graph-based models MS-G3D (center) and ST-GCN (center)
follow with 66.49% and 65.81%, respectively.

Considering a window size of (60/30), ST-GCN (center)
achieves the best macro F1-Score with 72.34%. Interestingly,
MS-G3D (center) - as our second graph-based model - per-
forms for this sliding window configuration the worst, with
only 63.55% macro F1-Score. TinierHAR (center) also has a
performance drop to 66.53% and is the second-worst model
for this sliding window configuration. The second-best model
is TinyHAR (center), followed by ConvLSTM (center) with
72.07% and 69.02%, respectively.

With a sliding window configuration of (90/45), Tiny-
HAR (center) and ST-GCN (hip) are the only two mod-
els that achieve a macro F1-Score higher than 75%, more
exactly 77.15% and 76.98% respectively. MS-G3D (center)
and TinierHAR (center) also perform well with 74.07% and
73.60% respectively. ConvLSTM (center) performs for this
sliding window configuration the worst with a macro F1-Score
of 71.57%. From this sliding window configuration onward,
the results of all models are more consistent, which shows that
a temporal context of about 90 frames already cover most of
the activity movements.

Looking at the models that achieve the best classification
results on the sliding window configurations (120/60) and
(150/75) while using the best normalization method for each
model, then ST-GCN (center) is the best model, followed by
TinyHAR (center). The remaining models change in order,
but are all closely together, except for MS-G3D (hip) when
considering a sliding window configuration of (150/75). For
this sliding window configuration, the three best models are
very close together 78.52% (ST-GCN), 78.47% (TinyHAR)
and 77.16% (ST-GCN).

On the longest sliding window configuration (180/90), the
best result was again achieved by ST-GCN (center) with
a macro F1-Score of 79.86%. The second-best model is
TinyHAR (center) with a macro F1-Score of 78.22%, which
is slightly below compared to TinyHAR (center) on a slid-
ing window configuration of (150/75). The third-best model
is MS-G3D (center), followed by ConvLSTM (center) with
78.72% and 78.21%, respectively. Although TinierHAR (hip)
improved compared to its performance on a sliding window
configuration (150/75), its macro F1-Score is 76.15%.

We performed the inference tests for power consumption
and VRAM measurements on a Nvidia A100. Therefore, we
used the measurements over all five LOSO splits and calcu-
lated the average. Thus, we list the average VRAM usage and
standard deviation in the Tables III–VIII. The model with the
highest power consumption is ST-GCN using a sliding window
configuration of (150/75) with 83 Wh. On the other hand, MS-
G3D (30/15) and TinyHAR (90/45) have the lowest power
consumption at 73 Wh. The required VRAM ranges from 524
MB (TinierHAR (150/75)) to 995 MB (MS-G3D (180/90)).
The effect of larger sliding window sizes is measurable only
for a few models due to higher VRAM requirements, most
clearly for MS-G3D. However, for practical applications, this
is not critical, as all tested models require less than 1 GB of
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Fig. 3: This figure visualizes the effect of the temporal context
based on the model performance in macro F1-Score.

VRAM and can therefore be applied even on older consumer
hardware and some microcontrollers.

B. Influence of Pose Normalization

In Section IV-A, we discussed the best models per sliding
window configuration using the normalization method with
the best classification results. There, we noticed that the best-
performing models always use the body-centered coordinate
system. The largest improvement is given by ConvLSTM, es-
pecially when using larger sliding window sizes. For example,
ConvLSTM (30/15) improves from 56.79% macro F1-Score
(baseline) to 67.04% macro F1-Score (hip) and from 46.24%
macro F1-Score (baseline) to 78.21% macro F1-Score (center)
for the largest sliding window size. This improvement shows
that using a body-centered coordinate system helps to remove
unnecessary global translation and simplifies the movements
consistent over all subjects. Between both body-centered co-
ordinate systems, center-based normalization achieved slightly
better overall results.

C. Impact of Temporal Context

Figure 3 shows how different sliding window sizes influence
the macro F1-Score for each model. For each sliding window
size, we choose the best result over all normalization methods.
Most models benefit from larger sliding window sizes, but the
effect is not monotonic, especially for shorter sliding window
sizes.

For small sliding windows (30–90 frames), the results vary
within the models. MS-G3D and TinierHAR decrease from
30 to 60 frames (66.49% to 63.80% and 68.72% to 66.53%,
respectively), whereas ST-GCN and TinyHAR already reach
relatively good results at 60 frames (72.34% and 72.07%,
respectively).

Looking at the results for sliding windows of size 90 and
120, we see that most models do not improve. However, if we
use sliding window sizes above 120, most models improve
more steadily, although the improvements are getting smaller.
While ConvLSTM always improves by using a larger sliding
window size, ST-GCN shows a nearly linear increase between
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Fig. 4: Summed confusion matrix for ConvLSTM (center) with
sliding window configuration (180/90).

120 and 180 frames per sliding window. On the other hand,
TinyHAR achieves its best performance with the second-
largest sliding window size, which again shows that larger
sliding window sizes are not always useful for all model
architectures.

D. Model-based Results and Confusion Matrix Analysis

Overall sliding window configurations, ST-GCN (center)
(180/90) achieves - with 79.86% - the highest macro F1-Score,
followed by MS-G3D (center) (180/90) with a macro F1-Score
of 78.72%.

To better understand the class-wise performance of the
models, we also provide the confusion matrices with their best
normalization method and sliding window configuration for
each model in Figures 4-8. Over all models, the class “Walk-
ing” class is recognized most reliably with a true positive
rate (TP) of over 95%. The classes “Attacking” and “Head
banging” are also classified with TP rates of over 85% by
all models except MS-G3D. Interestingly, MS-G3D performs
best on the more static classes such as “Sitting quietly” and
“Throwing things”, and achieves a TP rate of at least 82% for
both classes.

Although ConvLSTM is not the best model overall, it
performs very good for “Attacking”, “Head banging”, and
“Walking”, with TP rates of at least 93% for each (see
Figure 4). However, its performance is much lower for other
classes. The class “Using phone” is particularly difficult and
is often confused with “Eating snacks” or “Sitting quietly”.
This is understandable, as several participants performed these
activities while they were sitting, which results in visually
similar poses.

Among all evaluated models, ST-GCN achieves the most
balanced performance over all classes, and classifies correctly
six out of eight classes with a TP rate above 79% (see
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Fig. 5: Summed confusion matrix for ST-GCN (center) with
sliding window configuration (180/90).
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Fig. 6: Summed confusion matrix for MS-G3D (baseline) with
sliding window configuration (180/90).

Figure 5). Only “Eating snacks” and “Using phone” are
recognized less accurately. TinyHAR follows closely behind
and achieves TP rates above 80% in five classes (see Figure 8),
but in addition to the two classes mentioned above, it also has
difficulties with “Throwing things” (74%). Although TinyHAR
only achieves TP rates above 80% in four classes, it achieves
low TP rates in the remaining four classes. For example, the
class “Using phone” with the lowest TP rate still achieves
61%, while TinierHAR has two classes below 55% TP rate
(see Figure 7).

Overall, the confusion matrices confirm the trends from the
quantitative results: ST-GCN achieves the most stable and
balanced predictions, while TinyHAR achieves comparable
accuracy at lower computational cost. TinyHAR shows slightly
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Fig. 7: Summed confusion matrix for TinierHAR (center) with
sliding window configuration (150/75).
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Fig. 8: Summed confusion matrix for TinyHAR (center) with
sliding window configuration (150/75).

higher variability at the class level but is still efficient and
competitive. ConvLSTM performs exceptionally well with
expressive motion patterns, but less well with complex or static
activities.

E. Per-Subject Performance Analysis

In addition to the overall evaluation, we also analyze how
the models perform for each individual test subject under the
LOSO conditions. Figure 9 summarizes the macro F1-Scores
for all five models. The results show differences between
subjects, which means that some individuals are more difficult
to classify consistently than others.

Across all models, Subject 5 achieves the highest macro
F1-Scores, ranging from 88.36% (TinierHAR) to 91.80% (ST-
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Fig. 9: Macro F1-Scores per-subject for some selected models.

GCN). Subject 1 also shows high scores for most models,
especially MS-G3D (77.77%) and ST-GCN (78.72%). In con-
trast, Subject 3 and Subject 4 tend to result in lower scores,
particularly for ConvLSTM and TinierHAR. For example,
ConvLSTM drops from 80.32% (Subject 2) to 73.61% (Sub-
ject 4), and TinierHAR decreases from 73.09% (Subject 2) to
72.88% (Subject 3).

ST-GCN shows the most stable performance over all sub-
jects, with scores ranging from 69.71% to 91.80%, followed
closely by TinyHAR, which remains between 73.52% and
88.84%. On the other side ConvLSTM shows the largest
variations, spanning from 65.51% (Subject 1) to 91.31%
(Subject 5). TinierHAR also shows strong subject dependence,
reaching its best result on Subject 4 (79.33%) but considerably
lower values on Subject 1 and 3.

Overall, these results suggest that all models capture the
general structure of the activities, but their performance highly
depends on how consistently a subject performs the move-
ments. This shows the importance of preprocessing steps that
reduce subject-specific differences.

F. Pairwise Statistical Comparison of Models

TABLE I: This table shows the test statistics W of the pairwise
Wilcoxon signed-rank test computed from per-subject macro
F1-Score differences between the best model configurations.

Model ConvLSTM MS G3D ST GCN TinierHAR TinyHAR
ConvLSTM – 6 6 3 7
MS G3D 6 – 4 7 5
ST GCN 6 4 – 4 5
TinierHAR 3 7 4 – 3
TinyHAR 7 5 5 3 –

TABLE II: Analogously to Table I, this table shows the
pairwise p-values of the Wilcoxon signed-rank test.

Model ConvLSTM MS G3D ST GCN TinierHAR TinyHAR
ConvLSTM – 0.4062 0.4062 0.1562 0.5938
MS G3D 0.6875 – 0.8438 0.5000 0.7812
ST GCN 0.6875 0.2188 – 0.2188 0.3125
TinierHAR 0.9062 0.5938 0.8438 – 0.9062
TinyHAR 0.5000 0.3125 0.7812 0.1562 –

To analyse whether the differences in the classification
results between the models are statistically consistent over
all subjects, we perform a pairwise statistical comparison
using the Wilcoxon rank sum test. For each model, we
first select the configuration with the best performance in
terms of the macro F1-Score, considering all combinations
of normalization methods and sliding window configurations.
Based on these best configurations, we calculate the macro F1-
Scores per subject and apply pairwise the Wilcoxon signed-
rank tests between all model pairs by using the subject-
related differences. As final results, we show the Wilcoxon
test statistic W = min(W+,W−) and the related p - values.

Table I shows the Wilcoxon signed-rank test statistic W ,
which summarizes how consistently the classification results
differ between pairs of models over all subjects. Lower values
mean that a model tends to achieve more consistent classifi-
cation results over all subjects. For example, the test statistic
between ConvLSTM and TinierHAR is W = 3, which means
that one of the models - in this case ConvLSTM - often, but
not always, achieves better classification results.

Table II shows the corresponding p-values from the directed
Wilcoxon tests. Unlike the W test statistics, this table is not
symmetric, as each entry tests the hypothesis that the model
listed in the row achieves higher classification results than
the model listed in the column. For example, the p-value of
0.4062 for ConvLSTM versus ST-GCN reflects the probability
of observing the measured subject-related differences (or more
extreme differences) under the null hypothesis that ConvLSTM
does not systematically achieve higher classification results
than ST-GCN, while the reverse comparison has a p-value of
0.6875.

In summary, a few model pairs have relatively low W
values, which indicates trends in differences in classification
results, but none of the comparisons reach statistical sig-
nificance (p < 0.05). This result suggests that the relative
order of the models varies depending on the subject. Given
the small number of subjects in the data set, this analysis
should be interpreted as a complementary check rather than
a definitive ranking. In this context, the statistical comparison
supports the conclusions drawn from the quantitative results by
highlighting that the observed differences are not dominated
by a single subject but are instead influenced by variability
between subjects.

V. CONCLUSION AND FUTURE WORK

In this article, we evaluate 90 different model configurations
trained from five different models (ConvLSTM, MS-G3D, ST-
GCN, TinierHAR and TinyHAR), each with three different
normalization methods (baseline, center and hip) and six
different sliding window configurations. As we have seen
in Section IV-C, for our specific dataset and tested models,
sliding window sizes between three and six seconds are a good
trade-off. Most of our tested models achieve even better results
on a sliding window size of six seconds. In section IV-D we
have shown that each model has specific strengths for different
types of activities. The statistical comparison in Section IV-F



has shown that ConvLSTM is in four out of five subjects
better than the more modern TinierHAR. However, ST-GCN
(center) performs the best by using a sliding window size of
six seconds. Finally, we evaluated the power consumption and
VRAM usage, which showed that even the largest models with
the largest sliding window configuration need less than 1 GB
of VRAM, which makes it easy to apply them on consumer
hardware for less than $1,000. Compared to the extra cost
($4,617) of a single harmed patient, this is much less and can
be very helpful.

Our main focus for future work will be to develop a new
model that combines the strengths of graph-based models and
transformer-based models. Further, we want to improve the
normalization method so that it also independent of the body-
size. Furthermore, we want to extend our evaluation with
our new model to additional datasets. In doing so, we also
plan to create and annotate new datasets in the healthcare
context ourselves in order to increase data diversity as we have
seen that five subjects are too few to draw strong statistical
conclusions. We also plan to evaluate the impact of different
skeleton-data specific augmentation methods.
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TABLE III: Results for sliding window configuration (30/15)

Approach Accuracy macro F1-Score GPU
[Wh]

VRAM
[MB]

ConvLSTM (baseline) 60.21%± 3.29% 56.79%± 6.88% 76 551± 69
ConvLSTM (center) 66.17%± 6.43% 67.71%± 8.33% 76 551± 69
ConvLSTM (hip) 68.35%± 4.76% 67.04%± 7.15% 76 551± 69
MS-G3D (baseline) 64.46%± 9.03% 63.83%± 9.43% 73 636± 20
MS-G3D (center) 65.38%± 6.51% 66.49%± 10.25% 73 636± 20
MS-G3D (hip) 58.47%± 6.74% 58.91%± 6.43% 73 636± 20
ST-GCN (baseline) 66.72%± 8.61% 62.11%± 10.62% 82 561± 35
ST-GCN (center) 66.59%± 7.06% 65.81%± 9.89% 82 561± 35
ST-GCN (hip) 63.45%± 8.61% 62.88%± 9.58% 82 561± 35
TinierHAR (baseline) 50.88%± 10.98% 46.25%± 14.96% 73 546± 49
TinierHAR (center) 70.22%± 3.93% 68.72%± 6.43% 73 546± 49
TinierHAR (hip) 64.49%± 15.33% 65.52%± 16.37% 73 546± 49
TinyHAR (baseline) 63.78%± 4.25% 58.61%± 6.30% 82 533± 33
TinyHAR (center) 69.82%± 5.77% 67.38%± 6.83% 82 533± 33
TinyHAR (hip) 71.37% ± 7.29% 68.89% ± 9.32% 82 533± 33

TABLE IV: Results for sliding window configuration (60/30)

Approach Accuracy macro F1-Score GPU
[Wh]

VRAM
[MB]

ConvLSTM (baseline) 62.40%± 3.02% 55.50%± 3.55% 76 545± 94
ConvLSTM (center) 68.70%± 7.82% 69.02%± 3.59% 76 545± 94
ConvLSTM (hip) 68.11%± 3.46% 66.89%± 3.97% 76 545± 94
MS-G3D (baseline) 62.03%± 8.41% 60.94%± 10.19% 82 704± 32
MS-G3D (center) 64.25%± 14.53% 63.55%± 13.96% 82 704± 32
MS-G3D (hip) 63.76%± 8.17% 63.80%± 7.14% 82 704± 32
ST-GCN (baseline) 67.64%± 8.08% 68.16%± 6.58% 78 589± 53
ST-GCN (center) 71.00%± 9.29% 72.34% ± 9.57% 78 589± 53
ST-GCN (hip) 73.45% ± 3.34% 71.12%± 2.79% 78 589± 53
TinierHAR (baseline) 62.75%± 9.31% 58.60%± 14.09% 77 534± 93
TinierHAR (center) 67.02%± 10.35% 66.53%± 10.98% 77 534± 93
TinierHAR (hip) 62.18%± 12.85% 64.35%± 13.01% 77 534± 93
TinyHAR (baseline) 68.81%± 7.13% 63.03%± 7.95% 77 532± 51
TinyHAR (center) 72.12%± 4.26% 72.07%± 5.79% 77 532± 51
TinyHAR (hip) 73.34%± 7.60% 70.06%± 12.63% 77 532± 51

TABLE V: Results for sliding window configuration (90/45)

Approach Accuracy macro F1-Score GPU
[Wh]

VRAM
[MB]

ConvLSTM (baseline) 57.31%± 10.01% 57.50%± 7.70% 77 529± 121
ConvLSTM (center) 73.04%± 5.20% 71.57%± 7.35% 77 529± 121
ConvLSTM (hip) 70.41%± 7.61% 69.31%± 10.87% 77 529± 121
MS-G3D (baseline) 73.64%± 11.58% 72.34%± 12.70% 78 766± 42
MS-G3D (center) 70.92%± 5.35% 74.07%± 4.96% 78 766± 42
MS-G3D (hip) 73.51%± 5.83% 74.05%± 4.22% 78 766± 42
ST-GCN (baseline) 75.88%± 7.12% 73.02%± 9.95% 81 612± 62
ST-GCN (center) 74.06%± 5.22% 74.88%± 6.77% 81 612± 62
ST-GCN (hip) 76.24%± 4.35% 76.98%± 5.34% 81 612± 62
TinierHAR (baseline) 63.42%± 10.38% 58.46%± 11.98% 76 539± 86
TinierHAR (center) 75.12%± 3.24% 73.60%± 5.67% 76 539± 86
TinierHAR (hip) 71.03%± 6.62% 70.79%± 8.11% 76 539± 86
TinyHAR (baseline) 66.81%± 5.64% 64.09%± 5.00% 73 532± 50
TinyHAR (center) 77.22% ± 5.17% 77.15% ± 6.94% 73 532± 50
TinyHAR (hip) 70.98%± 6.41% 70.80%± 7.28% 73 532± 50



TABLE VI: Results for sliding window configuration (120/60)

Approach Accuracy macro F1-Score GPU
[Wh]

VRAM
[MB]

ConvLSTM (baseline) 62.76%± 4.78% 58.04%± 4.95% 78 539± 112
ConvLSTM (center) 74.99%± 7.42% 74.40%± 9.76% 78 539± 112
ConvLSTM (hip) 71.74%± 4.51% 71.12%± 7.81% 78 539± 112
MS-G3D (baseline) 74.24%± 6.39% 74.15%± 7.20% 79 835± 55
MS-G3D (center) 68.71%± 6.58% 69.69%± 7.24% 79 835± 55
MS-G3D (hip) 68.90%± 5.12% 70.47%± 4.76% 79 835± 55
ST-GCN (baseline) 75.21%± 7.26% 75.03%± 7.54% 82 612± 85
ST-GCN (center) 76.95%± 6.62% 76.96% ± 7.02% 82 612± 85
ST-GCN (hip) 71.87%± 5.12% 74.64%± 6.16% 82 612± 85
TinierHAR (baseline) 62.39%± 6.92% 58.67%± 9.87% 81 538± 84
TinierHAR (center) 70.58%± 13.43% 72.17%± 13.25% 81 538± 84
TinierHAR (hip) 73.37%± 9.64% 73.60%± 9.95% 81 538± 84
TinyHAR (baseline) 71.30%± 6.87% 66.48%± 9.12% 79 534± 51
TinyHAR (center) 76.97% ± 3.83% 75.94%± 5.85% 79 534± 51
TinyHAR (hip) 70.28%± 5.48% 69.44%± 7.79% 79 534± 51

TABLE VII: Results for sliding window configuration (150/75)

Approach Accuracy macro F1-Score GPU
[Wh]

VRAM
[MB]

ConvLSTM (baseline) 53.63%± 9.51% 52.23%± 8.46% 84 540± 104
ConvLSTM (center) 75.09%± 3.40% 75.03%± 5.98% 84 540± 104
ConvLSTM (hip) 73.29%± 8.67% 73.22%± 9.89% 84 540± 104
MS-G3D (baseline) 76.79%± 7.52% 76.08%± 8.58% 81 901± 72
MS-G3D (center) 72.74%± 10.04% 73.29%± 10.72% 81 901± 72
MS-G3D (hip) 76.86%± 7.36% 77.16%± 7.72% 81 901± 72
ST-GCN (baseline) 76.54%± 4.29% 75.64%± 3.49% 87 660± 85
ST-GCN (center) 78.80% ± 7.48% 78.52% ± 8.20% 87 660± 85
ST-GCN (hip) 77.25%± 8.37% 78.24%± 9.51% 87 660± 85
TinierHAR (baseline) 71.44%± 8.61% 68.16%± 7.05% 75 524± 120
TinierHAR (center) 75.49%± 5.17% 75.41%± 8.24% 75 524± 120
TinierHAR (hip) 72.53%± 7.90% 72.13%± 11.28% 75 524± 120
TinyHAR (baseline) 72.36%± 6.42% 68.43%± 6.70% 77 535± 44
TinyHAR (center) 78.55%± 3.68% 78.47%± 5.60% 77 535± 44
TinyHAR (hip) 72.39%± 5.72% 72.43%± 8.64% 77 535± 44

TABLE VIII: Results for sliding window configuration (180/90)

Approach Accuracy macro F1-Score GPU
[Wh]

VRAM
[MB]

ConvLSTM (baseline) 47.26%± 14.66% 46.24%± 19.86% 78 531± 126
ConvLSTM (center) 78.27%± 7.24% 78.21%± 8.52% 78 531± 126
ConvLSTM (hip) 74.28%± 4.73% 73.38%± 7.29% 78 531± 126
MS-G3D (baseline) 77.18%± 7.70% 75.76%± 8.87% 82 995± 81
MS-G3D (center) 76.54%± 8.26% 78.72%± 6.98% 82 995± 81
MS-G3D (hip) 71.66%± 6.74% 73.23%± 6.43% 82 995± 81
ST-GCN (baseline) 77.13%± 9.16% 76.44%± 9.98% 83 681± 96
ST-GCN (center) 79.65% ± 7.70% 79.86% ± 7.03% 83 681± 96
ST-GCN (hip) 79.38%± 6.48% 78.88%± 8.84% 83 681± 96
TinierHAR (baseline) 66.90%± 6.43% 62.40%± 7.35% 76 535± 98
TinierHAR (center) 74.10%± 3.73% 74.13%± 5.47% 76 535± 98
TinierHAR (hip) 74.74%± 6.28% 76.15%± 6.60% 76 535± 98
TinyHAR (baseline) 72.38%± 6.01% 68.91%± 9.14% 76 536± 49
TinyHAR (center) 78.03%± 6.20% 78.22%± 5.59% 76 536± 49
TinyHAR (hip) 70.63%± 8.04% 69.64%± 11.02% 76 536± 49
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