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Abstract

In medicine, gesture and body pose analysis, especially in the context of telemedicine and
rehabilitation, has gained importance after the COVID-19 pandemic. Gesture recognition and body
pose estimation demand high computational power to process large and complex data. To address this
problems Authors examined machine learning methods and aggregation techniques for sequential
data.

This paper compares two gesture analysis methods: frame-by-frame and gesture sequence analysis.
The iMiGUE dataset, which contains skeleton data obtained using the OpenPose tool, is used. In this
paper, the gesture classification results obtained using the RandomForestClassifier model with default
and optimized parameters are evaluated in detail.

Sequential gesture analysis methods outperformed the classical frame-by-frame analysis in terms of
precision and computational efficiency.
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1. Introduction

Recent years have yielded the most advanced solutions in the domain of artificial
intelligence (AI) to date, just to mention transformers architecture [1] and plethora of large
language models (LLMs) based on that idea namely ChatGPT (GPT stands for Generative
Pretrained Transformer) or Gemini [2],[3],[4]. While results obtained by those models are
marvelous, they have incurred significant costs [5],[6], impossible to bear by many institutions.
Costs are mainly related to the number of parameters used in the training process - in some
cases they reach billions - as well as length of training itself [5]. LLMs have found applications in
a variety of domains, for example in healthcare [7],[8].

Yet solely analyzing language itself does not exhaust all possibilities of advanced Al
solutions for healthcare. One area that proved to be beneficiary of Al development is gesture and
body position recognition. [9] provides distinctions of three groups of gestures that are of our
interests: head, hand and body.
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Gestures convey more information that can be inferred from speech alone [10].
Significant effort has been put towards development of more robust and precise techniques for
gesture recognition whether it is hand specifically [11],[12] or body and head [13],[14],[15].
Those techniques proved to be crucial for rehabilitation purposes for post-stroke patients [16] or
people with cerebral palsy [17] allowing medical practitioners to remotely assess a patient's
condition and state. In a more general sense gesture and body recognition yield new
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opportunities for rehabilitation processes [18],[19] providing more approachable ways of
monitoring progress and overall condition of the patient. As demonstrated by the authors in
[20], virtual reality (VR) offers a broad spectrum of applications in neurological rehabilitation.
This is largely attributed to its ability to easily replicate natural environments, design specific
movement patterns, and create engaging exercises in which patients can actively participate.
During these exercises, it is crucial for the patient to be monitored through gesture recognition,
allowing for effective tracking of their progress and identification of any obstacles.

COVID-19 pandemic presented a plethora of challenges and obstacles for the healthcare
workforce [21]. Unexpected circumstances forced the healthcare sector to adjust to an
unfamiliar environment, rendering then-present methods of rehabilitation impossible to
execute in a new context. Post-COVID-19 rehabilitation has been deemed “an effective
therapeutic strategy to improve the functional capacity and quality of life of patients” [22]
yielding improvements in quality of both physical and psychological aspects of life [23].
Pandemic circumstances put emphasis on the development of the niche of telemedicine and
remote healthcare [24] with rehabilitation being one of the most crucial aspects. Remote
rehabilitation has been implemented during pandemic and to this day it is relied upon by the
medical practitioners as a mean that “was safe, feasible, and acceptable for those who accessed
it” [25],[26]. In the context of remote rehabilitation gesture recognition and body pose
estimation can be an important element of monitoring a patient's wellbeing and recovery [27],
[28]. At the same time, in the context of pandemic, the proposed methods may not be accessible
for some patients due to limitations of possessed hardware unable to perform required work for
proper assessment based on gestures of body pose. Therefore, methods to decrease
computational load are necessary to ensure availability of the service and its quality.

In this paper we examine simple methods based on aggregation of the gestures, that
prove to be beneficial both in terms of required computational power and storage as well as a
performance. Given a dataset [29] consisting of skeleton data we aggregate data that describes
each gesture presented in a dataset using five methods: minimum, maximum, integral, average
and regression, and we compare obtained results with results obtained on original data.

2. Related works

Significant effort has been put towards examining techniques of processing the data for
gesture recognition or body pose estimation. Authors in [30] state that the most focus in
research is put on “RGB data, depth data, or skeleton data”. In this paper we will solely focus on
skeleton data. Ionescu et al. [31] proposed a strategy for segmentation of image for body pose
estimation relying on regression to obtain joints coordinates. Wang et al. [32] distinct two
regression approaches in case of single person body pose estimation in 2D: “direct regression-
based approach, which involves regressing key points directly from features” and heatmap
approach that infers joints positions from the heatmap. For the 3D case two mentioned
approaches found applications, as well as a third approach that combines 2D and 3D approaches
into one complex framework. This work focus on 3D skeleton data.

While there is much effort put into discovery of the new techniques and methods of
processing the data, there is significantly less effort put towards examining ways of easing
computational load for recognizing gestures or body pose estimation. In the same vein, the



aspect of compressing, like in our case, skeleton data or methods of aggregating such data leave
still much to be desired for. While new techniques are providing impressive results (e.g.
variations on Spatio-Temporal Graph Convolutional Network [33]), they offer very little in
terms of improving the general methodology for the data processing process.

3. Methodology

3.1. Dataset

In this study, the iMiGUE dataset [29] was utilized. This dataset was specifically created
to analyze micro-gestures in the context of emotional AL It contains videos of press conferences
following tennis Grand Slam matches, where players respond to questions from journalists.
iMiGUE was designed to investigate hidden emotions by analyzing micro-gestures, which are
small, often unconscious movements that reflect internal emotional states. The videos were
collected from various open video platforms, such as YouTube, and included 359 videos,
including 258 winning and 101 losing matches, for a total of 2092 minutes of footage. All videos
have a resolution of 1280x720 pixels and were recorded at a rate of 25 frames per second. The
data is labeled at two levels: micro-gesture categories at the video clip level and emotion
categories at the entire video level. A total of 18,499 micro-gesture samples were labeled,
assigning them 32 different categories. It’s worth noting that iMiGUE is a dataset that protects
individuals’ privacy by removing biometric data such as face and voice. It contains data from 72
athletes from 28 countries, allowing for analysis of micro-gestures in the context of diverse
cultures and genders. Additionally, the dataset was notably imbalanced, which led to
significantly low performance in both detection and classification tasks. Nonetheless, the
application of class balancing techniques, as discussed in [34],[35], could potentially enhance
the performance in these areas.

In the research, the RGB material contained in the iMiGUE dataset was not used.
Instead, the focus was solely on the skeleton data. The skeleton data in the iMiGUE dataset is
constructed to facilitate the recognition and understanding of micro-movements. This data is
obtained using the OpenPose tool [14], which extracts pose data for each frame of a video
sequence. The pose data includes key points corresponding to different body parts, creating a
skeletal representation of a person’s posture and movements over time. The dataset uses a
sequence of key body points (or pose data) for each micro-movement instance, where each
frame in the sequence contains the coordinates of key joints. These key points capture the
spatial configuration of the body, allowing for the analysis of subtle movements that
characterize micro-movements. Skeletal data is advantageous because it is insusceptible to
dynamic background changes, making it more suitable for gesture recognition tasks in different
environments. By focusing on skeleton data, the iMiGUE dataset provides a detailed and private
way to analyze micro-movements, which are crucial for understanding hidden or suppressed
emotions.

In this study, Authors used the training and validation data split proposed in the MiGA
(Micro-gesture Analysis for Hidden Emotion Understanding) challenge [36]. The data ware
restricted to a few selected micro-gestures that the Authors believed had sufficient support in
validation part of the dataset to perform correct inference. We selected the following micro-
gestures: ear touching (1720 samples, denoted as gesture 8), torso touching (3329 samples,



denoted as gesture 20), finger crossing (184 samples, denoted as gesture 24), lip pressing (2746
samples, denoted as gesture 29), shoulder shaking (4261 samples, denoted as gesture 31), and
unspecified gestures (9670 samples, denoted as gesture 99). These classes were selected because
they had enough samples, which is crucial for performing correct analysis and inference.

3.2. Sequence data processing

The data in this dataset was originally divided into sequences of gestures (e.g., touching
ears sequence, touching torso sequence, crossing fingers sequence, etc.). In the study, the
Authors investigated whether frame-by-frame inference (denoted as Base) would yield worse
results than using simple methods that allow for the analysis of entire sequences. The simple
methods proposed by the Authors included calculating the mean value for the entire sequence
(denoted as Avg), determining the minimum (denoted as Min) and maximum (denoted as Max)
values for the entire sequence, and performing linear regression on each sequence (denoted as
Reg) and taking the slope value (a).

The formula for linear regression in this context can be represented as:

y=ax+b (1)

Where, a is the slope and b is the intercept.

Additionally, Authors used the integral (trapezoidal rule) for calculating the sequence
value (denoted as Int). In this case the vector of sequence values y =¢] is uniformly distributed
over the interval [0,1] and the integral value is calculated using the formula:
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Where:

e V;and Y;, are successive values in the vector y,

e 1 is the number of intervals.

When sequence-based inference was used, the support for the data changed. The new
support values were touching ears (34 samples), touching torso (55 samples), crossing fingers (10
samples), pressing lips (82 samples), shaking shoulders (193 samples), and undefined gestures
(258 samples). The application of these methods for aggregating gestures belonging to the same
sequence allowed for the analysis of entire gesture sequences, rather than analyzing each frame
individually.

3.3. First Phase - Used model

In the first part of the study, the model RandomForestClassifier [37] with parameters
estimators — 100 and random

that constructs multiple decision trees during training and outputs the mode of the classes

n =42 was utilized. This model is an ensemble learning method

state



(classification) or mean prediction (regression) of the individual trees. The parameter N,g;pq0rs
specify the number of trees in the forest, while random,,, ensures reproducibility of the

results. This approach was considered the initial step in the study, allowing for a preliminary
verification of the research hypothesis.

3.4. Second Phase - Grid Search

In the second part of the study, a Grid Search method was applied to find the best

parameters. The parameter grid included the following:

®  Ngimators: NumMber of trees in the forest, with values [100, 200, 300, 400, 500],

e  MAaXg,ys: number of features to consider when looking for the best split, with options
[None, 'sqrt', log2'],

e  MAXg,,,: maximum depth of the tree, with values [None, 10, 20, 30, 40, 50],

e min;: minimum number of samples required to split an internal node, with values [2, 5, 10],

e min;: minimum number of samples required to be at a leaf node, with values [1, 2, 4],

e bootstrap: whether bootstrap samples are used when building trees, with options [True,
False],

e criterion: function to measure the quality of a split, with options ['gini', 'entropy’,
log_loss'],

e 00b,,,: whether to use out-of-bag samples to estimate the generalization accuracy, with
options [True, False],

° ClaSSWQight: weights associated with classes, with options [None, ‘balanced,
'balanced_subsample'].

The parameters were not searched in a brute-force manner (every combination of
parameters), but instead, to save time (as the calculation for Base model was time consuming), it
was decided to check each parameter sequentially. First, the best value for the first parameter
was selected, then using this value, the best value for the second parameter was determined, and
so on. This strategy, which can be used in model optimization [38], allowed each of the proposed
models to select parameters that fit best its structure.

3.5. Used metrics

In the study, the following metrics were used to evaluate the algorithms:
Precision, Recall , F 1 Score A Accuracy. Precisionmeasures the exactness of the positive
predictions made by the model. It represents the proportion of correctly predicted positive
outcomes (true positives) to all outcomes that the model predicted as positive (true positives +
false positives) [39]. The formula for precision is as follows:

True Positives (3)
True Positives + False Positives

Precision=

where:



e True Positives are the number of correctly predicted positive cases,
e False Positives are the number of incorrectly predicted positive cases.

Recall measures the ability of a model to correctly identify all instances of an object in
a dataset. It represents the ratio of the number of correctly detected instances of an object (true
positives) to the total number of actual instances of the object in the dataset (true positives +
false negatives) [39]. The formula for recall is as follows:

True Positives (4)
True Positives + False Negatives

Recall =

where:

e True Positives are the number of correctly predicted positive cases,

e False Negatives are the number of actual positive cases that were incorrectly predicted as
negative.

The F 1Score is the harmonic average of Precision and Recall. It strikes a balance
between Precision and Recall, which is especially important when we want to account for
both false positives and false negatives in our model evaluation. The F 1 Scoreranges from 0 to
1, with higher values indicating better performance. An ideal F 1Scoreof 1 means that the
model has achieved both perfect Precision and perfect Recall, suggesting that it is able to
correctly detect all instances of an object without generating false positives [39],[40]. The
formula for F 1 Score is as follows:

2* Precision* Recall (5)
Precision+ Recall

F1Score=

where:

e Precision is the ratio of true positive predictions to the total number of positive predictions
made (both true and false positives).

e Recall is the ratio of true positive predictions to the total number of actual positive cases
(both true positives and false negatives).

The Accuracy metric is one of the simplest and most commonly used metrics for
evaluating a classification model. It measures the percentage of correctly predicted results over
the total number of cases in the data set. Accuracy is particularly useful when the data is
balanced, i.e. when the number of examples of each class is similar [40]. The formula for
Accuracyis as follows:

True Positives+ True Negatives (6)
True Positives + True Negatives + FalsePositives + False Negatives

Accuracy =

where:
e True Positives (TP) are the number of correctly predicted positive cases.
e True Negatives (TN) are the number of correctly predicted negative cases.

e False Positives (FP) are the number of incorrectly predicted positive cases.



e False Negatives (FN) are the number of incorrectly predicted negative cases.

4. Results

Authors have conducted examinations that aimed to test how the results obtained by
proposed aggregation compare to the Baseline results. By the Baseline results we understand
results obtained by performing fitting of the model on the Base dataset, whereas the aggregated
results refer to results obtained by fitting models on each of the aggregated datasets. For each of
the Phases and for each of the dataset one fitting was performed accordingly.

In the tables below results of each Phase are presented by each chosen metric. For each
metric the best score was marked in red, while the best score was marked in green.

4.1. First Phase

In the first Phase every aggregated dataset as well as a Base dataset were fitted
on RandomForestClassifier. Table 1 presents obtained results:

e for F1Scorethe best result was obtained by regression method (0.55) while the
worst result was produced by Baseline model (0.43)

e for Precision score surprisingly three methods managed to obtain the same result
(0.57), namely Regression, Integral and Maximum methods, while the Minimum
method generated the worst result (0.47)

e for Recall score the best result was produced by Regression and Integral methods
(0.57) and the worst one was produced by Baseline method (0.44)

e for Accuracy metric the best score was obtained by Regression and Integral methods
(0.57) and the worst one was obtained by Baseline method (0.44)

Table 1
Results for Phase I

F1 Score Precision Recall Accurac
Base 0.49 0.44 0.44

Avg 0.49 0. 0.52 0.52

5
Reg 0.55 0.57 0.57 0.57

Int 0.54 0.57 0.57 0.57
Min 0.45 0.47 0.47 0.47
Max 0.54 0.57 0.56 0.56

In the first Phase of the examination the most consistent and best-scoring
method turned out to be Regression, closely followed by Integral method, which scored
slightly worse in F 1 Score terms and kept equal on all other metrics. Maximum method
scored almost as well as two mentioned methods, placing third. The Minimum and
Average methods scored noticeably worse than former methods, yet better than the



Baseline results. Baseline results turned out to be the worst scores in three out of four
metrics, making it the worst performing approach.

4.2. Second Phase

In the second Phase every aggregated dataset as well as a Base dataset were fitted
on RandomForestClassifier with Grid Search. Table 2 presents obtained results:

e for the F'1Score the best result was obtained by Maximum method (0.56), second
best score was Regression (0.55), at the same time Baseline model was the worst
scoring one (0.45)

e for Precision two methods were able to produce the best results, namely Integral
and Maximum (0.60), Regression was able to produce second best result (0.58), the
lowest scoring was Baseline (0.47)

e for Recall metric again the best score was obtained by Maximum method (0.59) with
second best scoring method Integral (0.58), while the lowest score was obtained by
Baseline (0.46)

e interms of Accuracy the best scoring method was Maximum (0.59), second best was
Integral (0.58) and the lowest scoring was Baseline (0.46)

Table 2
Results for Phase II
F1 Score Precision Recall Accuracy
Base 0.45 0.47 0.46 0.46
Avg 0.51 0.53 0.55 0.55
Reg 0.55 0.58 0.55 0.57
Int 0.55 U 058 0.58
Min 0.48 0.50 0.5 0.5
Max 0.56 0.60 0.59 0.59

In Phase II of the examination the best scoring and most consistent method across all
metrics was Maximum, which obtained the best results in all four metrics. It was followed by
Regression and Integral methods, which produced overall good results, slightly worse than the
former method. The overall worst performance in this Phase was performed by Baseline
method, which placed last in all considered metrics. Minimum and Average methods both
performed better than the Baseline model, but also noticeably worse than the first two
mentioned.

4.3. Comparison

In the final part of the study, the F 1Scores from the I and II Phases were compared
separately for each gesture, taking into account each presented method of sequential data
processing. Figure 1 illustrates the F' 1 Scores for the ear-touching gesture.



F1 Scores for Gesture 8 Before and After Grid Search
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Figure 1: F 1 Score value for gesture 8 (ear touching) before and after Grid Search

After applying Grid Search, better results were obtained for the methods: Base, Avg, Int,
and Min. Worse results were observed for the Max method, while the Reg method yielded the

same results. The results for gesture 20 (torso touching) are presented in Figure 2.
F1 Scores for Gesture 20 Before and After Grid Search

1.0
[ Before Grid Search

[0 After Grid Search

0.8 1

0.6

F1 Score

0.4 4

0.2

0.0-
Base Avg Reg Int Max Min
Model

Figure 2: F 1 Score value for gesture 20 (torso touching) before and after Grid Search

For gesture 20 - torso touching, all results improved after applying Grid Search. The best
result for this gesture was obtained with the Max method, while the worst was with the Avg
method. Notably, before applying Grid Search, the best result was also with Max, and the worst
with Avg. Figure 3 presents the results for gesture 24 - finger crossing.



F1 Scores for Gesture 24 Before and After Grid Search
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Figure 3: F 1 Score value for gesture 24 (finger crossing) before and after Grid Search

A significant improvement after applying Grid Search can be observed for the Max
method, while a substantial decline is seen for the Min method. The best result was achieved
with the Max method, and the worst with the Reg method. Notably, before applying Grid
Search, the best result was with Min, and the worst with Int. Figure 4 presents the results for
gesture 29, which represents lip pressing.

F1 Scores for Gesture 29 Before and After Grid Search
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Figure 4: F 1 Score value for gesture 29 (lip pressing) before and after Grid Search

Also, a significant improvement after applying Grid Search can be observed for the Base,
Int, and Min methods, while a decline is seen for the Reg method, and comparable results for the
Avg and Max methods. The best result both before and after applying Grid Search was achieved
with the Reg method, while the worst result in both cases was with the Base method. Figure 5
shows the results for gesture 31 - shoulder shaking.



F1 Scores for Gesture 31 Before and After Grid Search
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Figure 5: F 1 Score value for gesture 31 (shoulder shaking) before and after Grid Search

All models with the applied sequential analysis method performed better than the Base
model for gesture 31, both before and after Grid Search. The best performance, both before and
after Grid Search, was achieved by the Reg method, while the worst was by the Base method.
After Grid Search, the models that showed improvement were Avg, Reg, Max, and Min. Int
model remained the same, while Base performed worse. Figure 6 presents the results for gesture
99 (unspecified gestures).

F1 Scores for Gesture 99 Before and After Grid Search
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Figure 6: F 1 Score value for gesture 99 (unspecified) gestures before and after Grid Search

For gesture 99 - unspecified gestures, Grid Search led to overall improvements. Most
models showed slight score increases, with the model using Maximum value performing best.
The Base model also improved significantly. The Regression model experienced a slight decline,



and the model with Integration remained stable. In this case the worst results were achieved by
the Min model.

Overall, the application of Grid Search generally improved model performance across
various gestures. Most models showed enhancements in their scores, with the models using
Maximum value and Integration methods consistently performing well. The Averaging model
also demonstrated notable improvement. However, the Regression model occasionally
experienced slight declines, and while the Minimum value model showed some improvement, it
often remained the lowest performer.

5. Conclusion

Conducted examination proved that using simple aggregating methods for sequential
data can be beneficial. The best scoring methods were consistently better than Baseline results,
while using a more robust model with Grid Search improved them further. Furthermore, using
said methods results in more benefits. One of them is the space it takes to store the data. The
original dataset (restricted to just 6 gestures) takes around 400 MB of memory. The aggregated
datasets take from around 6 MB up to 12 MB. In the worst case scenario it proves over 33 times
reduction in size. Another aspect is the time it takes to calculate a model. For the Baseline
method with Grid Search it took over 71 hours to compute. At the same time, for aggregation
methods it took on average 1 hour and 28 minutes to compute a model, which resulted in over 48
times improvement. Computing all 5 models took over 9 times less time than the one Baseline
model.

In both Phases aggregation methods Regression, Integral and Maximum proved to be
worth considerations for further research. All three of them were outperforming the remaining
two aggregations methods - Minimum and Average. Nonetheless, all aggregation methods were
performing better than the Baseline results.

6. Future works

This paper serves as an introduction for further analysis that examines more complex
approaches to aggregating data. While only simple methods are presented, this publication
serves as a basis for future works in this direction. An example of such a complex method is the
TCIP method, which is described in more detail in [41]. We aim to examine some methods that
would allow us to significantly reduce the size of the dataset, while at the same time
maintaining, or even in some cases improving, the level of obtained results.

Although obtained results are promising further work is necessary to establish scale of
application of those solutions. Presented methods can be further tested on the Baseline dataset
to establish comparison solely on the full data instead of aggregated. Authors would also like to
acknowledge that the examination was performed on one dataset, further examination on other
datasets may be beneficial for estimating usefulness of aggregation methods. Moreover,
conducted examination focus on readily available data, we do not process data on the fly. While
this might be an interesting approach, it is outside of the scope of this paper.
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