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ABSTRACT
This article presents a novel approach for real-time posture recognition in monitoring scenarios, utilising a virtual camera 
simulated on a UAV within virtual environments. Leveraging the MediaPipe Pose library, key points of the body skeleton are 
extracted, focusing on a subset of 8 key points for computational efficiency. Through the integration of heuristic algorithms 
based on physical proportions of the human body, the proposed methodology provides accurate estimations of three distinct 
postures: lying, standing, and sitting. This heuristic-based approach offers a computationally efficient alternative to traditional 
machine learning and deep learning methods, ensuring real-time performance and scalability. The efficiency of the framework 
is demonstrated through experiments that show its potential applications in various fields, including healthcare, virtual reality, 
and human-computer interaction. This approach achieved an average precision of 98.08% for virtual images. Success rates were 
100%, 95.8%, and 98.9% for standing, sitting, and lying postures, respectively. Furthermore, the original classification model, 
which was tuned for virtual images, was tested on real images without any alteration to the parameter values. Its good perfor-
mance demonstrates its potential for generalisation and application in diverse environments. Overall, this work contributes to 
the advancement of posture recognition technology, offering a versatile and accessible solution for posture analysis in dynamic 
monitoring environments.

1   |   Introduction

Human posture recognition has been a focus of research in 
computer vision and artificial intelligence for the past few 
decades (Kaur et  al.  2024). Posture recognition involves an-
alysing the original information from the target human or 

humans, captured by a sensor device or camera, through a 
series of algorithms to obtain posture (Dentamaro et al. 2024; 
Hassan et al. 2024; Jiang et al. 2023; Mim et al. 2023). Body 
posture recognition is particularly beneficial in facilities that 
care for the elderly, who are more prone to accidents due to 
disability or age-related deterioration (Carretero et al. 2007). 
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They also make work easier by keeping facilities under con-
stant surveillance without or with rather complex assistive 
robots (Sanchez-Comas et al. 2020).

Monitoring the elderly is essential for optimal and rapid home 
assistance. Home care by unmanned aerial vehicles (UAVs) is 
becoming a hot topic due to their ability to monitor dependent 
people indoors (Belmonte, García, Morales, et al. 2021; Martínez 
et  al.  2021; Belmonte, García, Segura, et  al.  2021; Belmonte, 
Morales, and Fernández-Caballero  2019) and provide a warn-
ing or alarm as soon as possible based on the relevant events 
detected. Unlike static vision systems or other ground robots, 
a UAV equipped with an on-board camera can overcome po-
tential barriers to the home, such as stairs, as well as access 
remote points, avoid dead angles, position itself in front of the 
person, and accompany the person in real time (Belmonte, 
García, Segura, et al. 2021; Wan et al. 2021). In addition, indoor 
UAVs offer innovative approaches to improve safety and mobil-
ity through improved trajectory planning (Belmonte, Morales, 
García, et al. 2019).

Virtual reality (VR) is a complementary technology that is use-
ful for focusing on human factors in the development and de-
ployment of home care UAVs. It is necessary to test different 
technical solutions before implementing them in real homes. 
VR technology allows testing in controlled environments before 
building a physical device. In fact, VR has traditionally been 
used to simulate environments due to its ability to reduce time 
and cost (Seth et al. 2011), eliminate risk to people and equipment 
(Roberts et al. 2015; Li et al. 2018), and train (Bric et al. 2016). 
This is particularly true for robotics (Zhang et al. 2018; Rohmer 
et al. 2013), as it allows rapid prototyping and algorithm devel-
opment, as well as system verification, among other benefits. 
Although current UAV technology makes them safer by allow-
ing them to move outdoors automatically detecting and avoid-
ing obstacles, indoor experiments are better done in VR for 
safety reasons (Belmonte, García, Segura, et al. 2021; Belmonte, 
García, Morales, et al. 2021).

Traditional posture recognition methods use classical image 
segmentation algorithms to segment an image or video. We be-
lieve that posture estimation based on heuristic, probabilistic, 
and trigonometric analysis is mathematically simpler to imple-
ment and less computationally expensive than using more ad-
vanced algorithms or classifiers (Newell et al. 2016; Belagiannis 
and Zisserman 2017). Heuristics are renowned for their simplic-
ity and speed. They offer quick-to-implement solutions that pro-
vide immediate results. Furthermore, heuristics do not require 
large datasets or substantial computational power, unlike ma-
chine learning models. Another advantage is that heuristics are 
easy to understand because they are explainable. However, their 
simplicity may result in solutions that are not always the most 
accurate or optimal.

In this context, skeletons have become a widely used data mo-
dality for posture recognition, where skeletal data are used to 
construct high-level features that characterise 3D configu-
rations of postures (Liu et  al.  2020). In fact, the extraction of 
human skeletal landmarks from two-dimensional (2D) or depth 
images through posture estimation is a common basis for vision-
based posture recognition. Thus, there are several ways to detect 

the human skeleton. One way is to use dedicated devices such 
as the Microsoft Kinect (Moon et al. 2016; Schwarz et al. 2012), 
which use depth sensors and cameras that, together with its 
own algorithm, can generate a virtual skeleton of the person(s) 
in its field of view. The alternative to not using depth devices 
is to use colour images to recognise human bodies (Rudol and 
Doherty 2008) and to estimate the actions a person is performing 
(Martínez et al. 2021; Penmetsa et al. 2014). This second option, 
which is the one chosen in this study, allows the use of software 
libraries that are not specifically designed for a particular device 
but can be integrated into a multitude of vision sensors. This 
also means that there is no dependence on a specific price range 
or limitation in terms of the environmental conditions.

The aim of this research is to estimate a person's posture using vir-
tual colour images captured by a virtual UAV camera. Considering 
the important issue of caring for the aged adult, the postures con-
sidered in this article are when the person is standing, sitting, or 
lying. This last posture could, for example, indicate a fall, which is 
very important for people who live alone. The contributions of this 
work to the state of the art are the following:

1.	 Novel approach using MediaPipe and Unity. This work 
presents a novel methodology for posture recognition 
using MediaPipe and Unity. Using landmark data from 
MediaPipe, coupled with geometric figure generation in 
Unity, this study pioneers a unique fusion of these technol-
ogies for posture classification.

2.	 Heuristic-based posture inference. Unlike existing ap-
proaches that rely heavily on machine learning and deep 
learning algorithms, this article proposes a heuristic-based 
method for posture detection. By analysing the variations 
in width, height and aspect ratio of geometric figures rep-
resenting different body segments, this study offers an 
alternative, computationally efficient solution for posture 
recognition.

This article is structured as follows. Section 2 presents the pos-
ture detection solution developed, detailing the set of heuristic 
rules. The results of the proposal are presented and discussed 
in Section  3, where a comparison is made with other related 
work. Lastly, Section 4 offers the most relevant conclusions of 
this study.

2   |   Materials and Methods

2.1   |   General Description

As described before, the aim of this work is to detect three pos-
tures in virtual colour images as captured by a virtual home 
care UAV. The three postures, Standing, Sitting, and Lying, are 
shown in virtual environments such as the one displayed in 
Figure 1.

The 3D environments were created using the Unity game en-
gine (https://​www.​unity.​com). Unity is an engine that facili-
tates the creation of virtual environments for experimentation 
and testing. Among a wide range of possibilities, some research 
with UAVs (Unity Simulation UAV) (Belmonte, García, Segura, 
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et al. 2021; Hentati et al. 2018) was developed using this graph-
ical engine.

According to Figure  2, Unity was used to create virtual envi-
ronments and Python to process images sent from Unity via 
the Message Queuing Telemetry Transport (MQTT) protocol 
(https://​mqtt.​org/​). The MQTT Unity-to-Python transmission 
method offers several advantages for VR applications, includ-
ing multi-threading, communication, processing, value return 
flow, and real-time posture detection (Bustamante et al. 2022). 
The scenario includes the interior of a flat where an elderly 
person lives. There is also a UAV containing the camera with 
the texture renderer, which is used to capture the image of the 
scene associated with the camera and send it via MQTT to be 
processed. In addition, as shown in Figure  2, posture estima-
tion is based on selected skeletal landmarks to obtain the three 
postures sought. The following sections describe the different 
steps of the methodology used, including Google's MediaPipe 
Pose (https://​github.​com/​google/​media​pipe/​blob/​master/​docs/​
solut​ions/​pose.​md) library for image processing from Python, as 
well as the heuristics used to estimate the postures of the human 
avatar based on a percentage value.

2.2   |   Body Skeleton Detection

Image processing is the basis for posture recognition and can 
directly affect the extraction of feature points and the result 
of posture classification, thus impacting the recognition rate 
of posture. The usual main tasks in the processing stage are 
noise reduction, human skeleton keypoint detection, scaling, 
grey level normalisation, and image segmentation. Body skel-
eton keypoint detection mainly detects keypoint information 
such as human joints (Li et al. 2024) and facial features (Zhang 
et al. 2024). The output is the skeletal feature of the human body, 
which is the primary part of posture recognition and behaviour 
analysis, mainly used for segmentation and alignment.

As image processing for posture estimation is highly depen-
dent on image quality, distance to the object, viewing angle, 
and lighting, this work has used the MediaPipe Pose solution 
to take advantage of precise robust bipedal skeleton detection 
and real-time performance on mobile phones and PCs through 
CPU-based inference (Kim et al. 2023). This ensures validation 
and estimation of postures with the lowest possible margin of 
error. The image processing with MediaPipe is done by an echo 
program in Python that is independent of the echo simulator in 
Unity. First, the simulator is programmed to take screenshots of 
the Render Texture component in the UAV's camera every 0.6 s. 
The captured image is then streamed in base64 format over 
the MQTT protocol to the Python program. Python receives 
the image and processes it using OpenCV (https://​opencv.​org). 
OpenCV decodes the base64 image and creates an object ready 
to be processed with MediaPipe.

As mentioned before, MediaPipe Pose will provide the required 
keypoints in a robust manner. In fact, MediaPipe Pose is a ma-
chine learning solution for high-fidelity posture tracking. It pro-
vides solutions for different types of applications, such as face 
detection (Lugaresi et al. 2019), hand bone detection and track-
ing (Halder and Tayade 2021), and any type of tracking related to 
a human body and its parts. In this work, we use the MediaPipe 
algorithm to obtain the 33 reference points that make up the 
entire human skeleton. However, we only use eight landmarks. 
Eight of them are used to generate evaluation parameters and 
angles. These in turn estimate the avatar's current posture using 

FIGURE 1    |    The three postures that are to be identified (Standing, 
Sitting, and Lying).

FIGURE 2    |    Block diagram of the implemented solution.
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heuristics that provide posture percentages. The landmarks 
used are shown as yellow dots in the human avatar in Figure 3.

Figure 4 shows recognition examples for the three different pos-
tures studied. When keypoints are detected, the maximum and 
minimum x and y values of the keypoints are used to define a rect-
angular bounding box around the body (yellow rectangle). Note 
that MediaPipe processes and generates a humanoid skeleton of 
the first person detected in an image, no matter how many objects 
or obstacles there are. This is an advantage, as other algorithms 
may generate false positives (Dalal et al. 2006), which would re-
quire additional processing to optimise the results and minimise 
errors (Pietraszek 2004). The performance of the MediaPipe Pose 
solution is remarkable and no longer requires complex systems or 
multiple cameras to achieve similar results (Puwein et al. 2015).

For the eight selected body keypoints (corresponding to the left 
and right shoulders, hips, knees, and ankles), their (x, y) coordi-
nates are extracted from the landmarks to obtain three bound-
ing boxes covering the upper body (green rectangle), middle 
body (red rectangle) and lower body (blue rectangle) based on 
the height and width of the person (see Figure 4).

2.3   |   Body Posture Detection

Traditional machine learning-based recognition methods 
mainly describe and infer human posture based on human body 
models and extract image posture features through algorithms 
that have high requirements on feature representation and spa-
tial position relationship of keypoints. In general, our approach 
represents a novel application of a few body landmarks and heu-
ristics for posture detection. The potential future applications 
of this approach are numerous, including monitoring physical 
activity levels, detecting falls, or assessing sleep quality.

Once the bounding boxes have been generated in the previous 
stage, we use the height and width of the four generated bounding 
boxes as basic parameters to obtain the posture. The aspect of the 
four rectangles varies in different ways, so heuristics based on the 
differences in widths and heights will provide fast and accurate 
results for posture classification. It is important to note that these 
heuristics use predetermined thresholds and conditions based on 
the body characteristics of Standing, Sitting, and Lying poses. More 
specifically, the heuristics are based on the well-studied body pro-
portions of Leonardo da Vinci's Vitruvian Man.

Finally, the percentage of a person in the Standing, Sitting, and 
Lying poses is obtained. To do this, the values obtained by the 
heuristics are normalised, and the winning pose is determined 
based on the highest normalised value. This process provides a 
hierarchical analysis of the poses and helps to identify the most 
likely posture given the input body measurements. The percent-
ages of each posture are then plotted using the Plotly library (see 
Figure 5).

2.3.1   |   Parameters for Heuristics

To estimate the avatar's posture, we use different heuristics for 
the three postures. Although the logic within these heuristics is 
different, they use the same parameters, mentioned above and 
described in Table 1.

In addition, aspect ratios need to be calculated.

(1)Aspect ratio of upper body: ARub =
wub

hub

FIGURE 3    |    Landmarks highlighting the joints used in this propos-
al: Left shoulder = id (11); right shoulder = id (12); left hip = id(23); right 
hip = id (24); left knee = id (25); right knee = id (26); left ankle = id (27); 
right ankle = id (28).

FIGURE 4    |    Examples of bounding boxes for the three postures studied (Standing, Sitting, and Lying).
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The angle between the three centre points, cub
(
x1, y1

)
, cub

(
x2, y2

)
 

and cub
(
x3, y3

)
 is also calculated as

It is also necessary to obtain the differences in height between 
the upper and middle body, and the middle and lower body (in 
%). This makes it possible not to depend on the distance of the 
avatar in the input image. If the avatar is closer to the UAV cam-
era, the bounding boxes will be larger and vice versa. However, 
the percentages do not vary with distance and therefore more 
accurate heuristics can be used.

The values provided by the heuristics for the Standing, Sitting 
and Lying postures are called vsta, vsit and vlyi, respectively. The 
heuristics have been obtained through a process of experimenta-
tion. An increment constant Δv will be added for each rule that is 
fulfilled for the Standing, Sitting and Lying postures.

2.3.2   |   Heuristics for the Standing Pose

This section describes the estimation of a person's Standing po-
sition based on the following heuristics. First, a full body aspect 
ratio 

(
ARb

)
 check is performed. If the height of the bounding box 

is much greater than its width, it is assumed that the person in 
avatar form is Standing. In this case, vsta is given a value that 
cannot be reached by heuristics.

Thus, the rest of the heuristics are applied only if vsta = 0. In the 
first place, we have the heuristics that relate to the aspect ratio, 
the height, and the width.

Now, the angle �b is explored as

Then comes the heuristics based on the percentage of difference 
in height.

Finally, vsta is reinforced if the previous posture was also 
Standing.

2.3.3   |   Heuristics for the Sitting Pose

This section describes how to estimate a person's Sitting pos-
ture using the following heuristics. First, the full body aspect 
ratio 

(
ARb

)
 is checked. If the height of the bounding box is much 

smaller than its width, it is assumed that the avatar has a high 

(2)Aspect ratio of middle body: ARmb =
wmb

hmb

(3)Aspect ratio of lower body: ARlb =
wlb

hlb

(4)Aspect ratio of whole body: ARb =
wub + wmb + wlb

hub + hmb + hlb

(5)�b = arctan

(
y2 − y1
x2 − x1

)
− arctan

(
y3 − y1
x3 − x1

)

(6)
Height difference between upper and middle body:

Δhub,mb=
(| hub−hmb| ×100

)
∕max

(
hub, hmb

)

(7)
Height difference between middle and lower body:

Δhmb,lb=
(| hmb−hlb| ×100

)
∕max

(
hmb, hlb

)

(8)vsta =

(
10×Δv, if ARb≤AR

sta
b

0, otherwise

(9)vsta =

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

vsta+Δv, if ARsta
bmin

<ARb≤AR
sta
bmax

vsta+Δv, if ARsta
ubmin

<ARub≤AR
sta
ubmax

vsta+Δv, if ARsta
mbmin

<ARmb≤AR
sta
mbmax

vsta+Δv, if hub>hmb∕2

vsta+Δv, if hub>hlb

vsta+Δv, if hmb≥hlb

vsta+2×Δv, if hmb−hlb<6

vsta+Δv, if wub<wmb∕2

vsta+Δv, if wub<wlb

vsta+Δv, if wmb<wlb

(10)vsta = vsta + Δv, if �stabmin
≤ �b ≤ �

sta
bmin

(11)vsta =
⎛
⎜⎜⎝
vsta+2×Δv, if Δhsta

mb,lbmin
<Δhmb,lb<Δhsta

mb,lbmax

vsta+1.5×Δv, if Δhub,mb≤Δhsta
ub,mbmin

(12)vsta = vsta + 0.25 × Δv, if PreviousPose = Standing

FIGURE 5    |    Posture percentages graph.

TABLE 1    |    Basic parameters used to detect posture.

Feature Nomenclature

Height of upper body bounding box hub

Height of middle body bounding box hmb

Height of lower body bounding box hlb

Width of upper body bounding box wub

Width of middle body bounding box wmb

Width of lower body bounding box wlb

Centre of the upper body bounding box cub(x, y)

Centre of the middle body bounding box cmb(x, y)

Centre of the lower body bounding box cub(x, y)
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probability of being Sitting. In this case, vsit is given a value that 
is not easily reached by heuristics.

The rest of the heuristics are only applied if vsit = 0. The ex-
planation of these heuristics is similar to that of the Standing 
heuristics.

2.3.4   |   Heuristics for the Lying Pose

This section describes how to estimate a person's Lying pos-
ture using the following heuristics. First, the full body as-
pect ratio 

(
ARb

)
 is checked. If the height of the bounding box 

is much smaller than its width, it is assumed that the avatar 
has a high probability of Lying (as in the case of Sitting). In 
this way vlyi is given a value that is not easily reached by the 
heuristics.

The rest of the heuristics are only applied if vlyi = 0. Again, the 
explanation of these heuristics is similar to that of the Standing 
heuristics.

2.3.5   |   Normalisation and Posture Classification

The final stage of posture detection involves normalising the 
values obtained in the previous section in relation to the heuris-
tics for each type of posture. Normalisation guarantees that at 
least one posture reaches a probability 100%.

Finally, the winning posture is the one with the highest nor-
malised score.

3   |   Results

3.1   |   Data

To evaluate the proposed heuristic model for detecting the three 
postures—Standing, Sitting, and Lying—three distinct video 
sequences were generated, each corresponding to one posture 
and recorded at a frame rate of five frames per second. During 
these sequences, the spatial positioning and orientation of the 
animated characters were periodically adjusted. A total of 1010 
images were analysed, distributed as follows: 395 images for 
Standing, 432 for Sitting, and 183 for Lying. The sequences were 
processed using Python and MediaPipe, and the probability of 
each posture was calculated based on the described heuristics.

Due to the high reliability of MediaPipe in posture monitor-
ing (Kumar et al. 2025), it was used to determine the optimal 
parameters and values needed to detect the studied body pos-
tures, utilising the properties of the aspect ratio. This approach 
guarantees adaptability across different environments. The 
variable values used in the heuristics were obtained through 
experimentation and are detailed in Table 2. The findings are 
discussed below.

3.2   |   Results Per Posture

A confusion matrix and a table summarising key metrics were 
created to analyse the performance of the classification model 
based on the heuristic rules described above (see Figure  6). 
These metrics include accuracy (ACC), recall (TPR), precision 

(13)vsit =

(
5×Δv, if ARb≥AR

¬sta
b

0, otherwise

(14)vsit =

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

vsit+Δv, if ARsit
bmin

<ARb≤AR
sit
bmax

vsit+Δv, if ARsit
ubmin

<ARub≤AR
sit
ubmax

vsit+Δv, if ARsit
mbmin

<ARmb≤AR
sit
mbmax

vsit+Δv, if hub>hmb

vsit+Δv, if hub>hlb

vsit+Δv, if hmb≤hlb

vsit+Δv, if wub<wmb

vsit+Δv, if wub<wlb

vsit+Δv, if wmb>wlb

(15)vsit = vsit + Δv, if �sitbmin
≤ �b ≤ �

sit
bmin

(16)vsit =
⎛
⎜⎜⎝

vsit+Δv, if Δhsit
mb,lbmin

<Δhmb,lb<Δhsit
mb,lbmax

vsit+1.5×Δv, if Δhsit
ub,mbmin

<Δhub,mb≤Δhsit
ub,mbmax

(17)vsit = vsit + 0.25 × Δv, if PreviousPose = Sitting

(18)vlyi =

(
5×Δv, if ARb≥AR

¬sta
b

0, otherwise

(19)vlyi =

⎛
⎜⎜⎜⎜⎜⎜⎝

vlyi+Δv, if ARlyi
bmin

<ARb≤AR
lyi

bmax

vlyi+Δv, if ARlyi
mbmin

<ARmb≤AR
lyi

mbmax

vlyi+3×Δv, if
�
hub>hmb

��
hub<hlb

��
hmb<hlb

�

vlyi+3×Δv, if
�
wub<wmb

��
wub<wlb

��
wmb>wlb

�

(20)vlyi =
⎛
⎜⎜⎝
vlyi+2.5×Δv, if Δhmb,lb≥Δhlyi

mb,lbmin

vlyi+1.5×Δv, if Δhub,mb>Δhlyi
ub,mbmin

(21)vlyi = vlyi + 0.25 × Δv, if PreviousPose = Lying

(22)

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

vsta=
vsta×100

max
�
vsta, vsit, vlyi

�

vsit=
vsit×100

max
�
vsta, vsit, vlyi

�

vlyi=
vlyi×100

max
�
vsta, vsit, vlyi

�

(23)CurrentPose =

⎛
⎜⎜⎜⎜⎜⎝

Standing, if
�
nvsta> vsit

��
nvsta> vlyi

�

Sitting, if
�
vsit>nvsta

��
vsit> vlyi

�

Lying, if
�
vlyi>nvsta

��
vlyi> vsit

�

(24)PreviousPose = CurrentPose
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(PPV), specificity (TNR) and the F1-score, representing the har-
monic mean of precision and recall. Each parameter was cal-
culated individually for each class (posture) and globally using 
the arithmetic and weighted averages, taking into account the 
number of images in each class.

The following conclusions can be drawn from analysing the 
confusion matrix. The Standing posture was recognised with 
100% success, with no confusion errors involving the Sitting 
or Lying postures. Classification of the Sitting posture also 
demonstrated a high success rate of 95.8%, though a few mis-
classifications occurred. Specifically, the heuristic confused 
Sitting with Standing (2.3%) and Lying (1.9%). Finally, the Lying 
posture achieved a success rate of 98.9%, with minor confusion 
involving the Standing posture (1.1%). Some misclassifications 
arose due to the avatar's movements, including frequent rota-
tions and limb crossings. Consequently, MediaPipe landmarks 
generated a slightly distorted human skeleton, causing the 
heuristic to misidentify the character or assign an incorrect 
posture.

In terms of model metrics, the results demonstrate exceptional 
performance, with all weighted average values surpassing 98%. 
Specifically, the model achieves an accuracy (ACC) of 98.59%, 
a precision (PPV) of 98.08%, and a specificity (TNR) of 99.04%, 
ensuring high classification reliability. Accuracy measures the 
correctness of the overall classification, precision denotes the 
proportion of correctly identified positive cases, and specificity 
evaluates the model's ability to correctly classify negative in-
stances while minimising false positives.

As shown in Table 3 and discussed in Section 4, our approach 
aligns with previous studies on skeleton-based posture recog-
nition, whether heuristic, machine learning, or deep learning 
techniques are employed.

3.3   |   Generalisation to Real-World Data

Following experimentation with virtual images, an import-
ant issue in computer vision is the potential for generalisation 
to real-world images. Testing the heuristic-based approach in 
real-world scenarios helps evaluate its efficiency. Experiments 
have been conducted with human participants to validate the 
effectiveness and robustness of the proposed approach beyond a 
controlled VR setting (see Figure 7).

Figure 8 shows the results of applying the same heuristic approach 
and variable values to three different real-world video sequences, 
each representing a specific posture type and processed at 20–30 
frames per second. This figure presents the corresponding confu-
sion matrix and performance metrics for the assessment.

A total of 2741 images were processed: 555 for the Standing pos-
ture, 863 for Sitting and 1323 for Lying. As in the virtual sce-
nario, the person (in the same posture) continuously moves and 
rotates throughout the video sequences, thus changing their po-
sition and orientation relative to the camera.

The confusion matrix and metrics suggest that the classification 
model performs well when generalising to real-world images, 

TABLE 2    |    Values obtained for the variables of the heuristics.

Standing Sitting Lying

ARsta
b

= 0.2 AR¬sta
b

= 1.0

ARsta
bmin

= 0.08 ARsta
bmax

= 0.36 ARsit
bmin

= 0.17 ARsit
bmax

= 0.48

ARsta
ubmin

= 0.2 ARsta
ubmax

= 0.7 ARsit
ubmin

= 0.9 ARsit
ubmax

= 5.0 ARlyi
ubmin

= 2.6 ARlyi
ubmax

= 48.0

�
sta
bmin

= − 3 �
sta
bmin

= 2 �
sit
bmin

= − 13 �
sta
bmin

= 8

Δhsta
mb,lbmin

= 12 Δhsta
mb,lbmax

= 30 Δhsit
mb,lbmin

= 30 Δhsit
mb,lbmax

= 71 Δhlyi
mb,lbmin

= 71

Δhsta
ub,mbmax

= 40 Δhsit
ub,mbmin

= 40 Δhsit
ub,mbmax

= 76 Δhlyi
ub,mbmin

= 76

FIGURE 6    |    Results for virtual images: (a) Confusion matrix and (b) metrics per posture (Standing, Sitting, and Lying).

Accuracy, ACC Recall, TPR Precision, PPV Specifity, TNR F1-Score
Standing 98.81% 100.00% 97.05% 98.05% 98.50%
Sitting 98.22% 95.83% 100.00% 100.00% 97.87%
Lying 99.01% 98.91% 95.77% 99.03% 97.31%
Average (AVG) 98.68% 98.25% 97.61% 99.03% 97.90%
Weighted AVG 98.59% 98.02% 98.08% 99.06% 98.02%

80.00%

85.00%

90.00%

95.00%

100.00%(a) (b)
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with all weighted average values exceeding 91%. The Lying pos-
ture is classified most accurately, followed by Standing, while 
Sitting has the lowest classification accuracy. Evaluating the 
model on real-world images yields slightly less effective results 
than on virtual images, as shown in Figure 9. However, it should 
be noted that the parameter values presented in Table  2 were 
optimised for the virtual environment. Let us highlight that the 
same values were applied in this test. Fine-tuning these param-
eters for real-world conditions would likely yield even better re-
sults, bringing performance closer to that achieved in the virtual 
environment, in which all experimentation was carried out to 
tune parameters and determine heuristic rules.

3.4   |   Discussion

The work presented in this article is based on the detection of 
three different postures in colour images with a skeleton-based 

approach. It is now mandatory to compare our results with 
those of similar studies dedicated to monitoring elderly people 
for home care. Consequently, our study has been compared with 
approaches related to the detection of typical standing, sitting, 
lying, and/or falling postures. Of course, any comparison can 
be criticised and improved. Indeed, considerable work has been 
conducted on posture detection based on skeletonisation of the 
human body. Here, our aim is to showcase some of the latest 
advances in this field.

Table 3 shows the performance of methods dealing with one, two, 
or three of the proposed postures. The table shows the perfor-
mance of approaches that use colour (RGB), as is the case here, 
and depth sensors (RGB-D). It also presents results for techniques 
employing machine learning, deep learning, or heuristics for clas-
sification. As can be seen, our heuristic-based method achieves 
success rates that are very close to, or even better than, those of 
other studies that use machine or deep learning methods.

TABLE 3    |    Performance comparison with other skeleton-based approaches.

Paper Classification method Sensor
Precision 

(%)

Posture Deep learning methods

Galvão et al. (2021) Spatial–temporal graph 
convolution network (ST-GCN)

RGB 98.62

Zhang et al. (2022) Convolutional neural network (CNN) RGB 98.50

Cao et al. (2024) Lookup-based convolutional 
neural network (LCNN)

RGB-D 95.31

Zahan et al. (2023) Graph convolutional network (GCN) RGB 88.71

Falling Machine learning methods

Ramirez et al. (2022) Random forest (RF), Support vector 
machine (SVM), Multilayer perceptron 

(MLP), K-nearest neighbour (KNN)

RGB 99.81

Alaoui et al. (2019) Decision tree (DT), Random forest 
(RF), Support vector machine (SVM), 

K-nearest neighbour (KNN)

RGB 98.50

Heuristic methods

Chen et al. (2020) Heuristics RGB 97.00

Abnormal sitting Deep learning methods

Li et al. (2023) Graph convolutional network (GCN) RGB 95.61

Deep learning methods

Yadav, Tiwari, et al. (2022) Convolutional long short-term 
memory (ConvLSTM)

RGB-D 98.67

Standing, sitting and lying Yadav, Luthra, et al. (2022) Convolutional neural network (CNN) 
and Gated recurrent unit (GRU)

RGB 93.94

Guerra et al. (2023) Bidirectional long short-term 
memory (BLSTM), Bidirectional 

gated recurrent unit (BGRU)

RGB-D 84.00

Heuristic methods

Ours Heuristics (virtual images) RGB 98.08

Heuristics (real-world images) RGB 91.40
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When examining the falling posture first, it is evident that all 
methods demonstrate excellent classification results. The more 
traditional machine learning-based methods offer accuracy that 
is on a par with that of deep learning-based methods. The results 
shown for machine learning-based methods are those obtained 
using the most successful of these methods, that is, random for-
est (RF) (Ramirez et  al.  2022; Alaoui et  al.  2019). This is not 
surprising, given that RF has traditionally produced excellent 

posture detection results by combining the outputs of multi-
ple decision trees to obtain a single result. In the case of deep 
learning-based methods, two of these works are inspired by 
convolutional neural networks (CNNs) (Zhang et al. 2022; Cao 
et al. 2024), while two others are based on recurrent neural net-
works (RNNs) (Galvão et al. 2021; Zahan et al. 2023). CNNs are 
typically used to solve problems involving spatial data, such as 
images, whereas RNNs are better suited to analysing temporal 
and sequential data, such as text or video. Accordingly, the first 
two approaches classified images, while the latter two used vid-
eos. Finally, the heuristic-based work (Chen et al. 2020) achieves 
excellent precision, demonstrating that simple, non-learning-
based methods are still a valid approach to action detection and 
classification.

Another article that detects abnormal sitting posture also uses 
an RNN. The results are comparable to those of the previous 
case. It would have been expected that the results for the de-
tection of three postures (standing, sitting and lying) would be 
worse than for a single posture. However, Table  3 shows that 
this is not the case. Here, we only present papers based on deep 
learning methods. Noteworthy are two papers (Yadav, Luthra, 
et al. 2022; Yadav, Tiwari, et al. 2022) that use a ConvLSTM (a 
type of recurrent neural network for spatio-temporal prediction 

FIGURE 7    |    Examples of bounding boxes for the three postures studied (Standing, Sitting, and Lying) in real-world images.

FIGURE 8    |    Results for real-world images: (a) Confusion matrix and (b) metrics per posture (Standing, Sitting, and Lying).

Accuracy, ACC Recall, TPR Precision, PPV Specifity, TNR F1-Score
Standing 92.81% 82.34% 82.19% 95.47% 82.27%
Sitting 91.90% 89.34% 85.57% 93.08% 87.41%
Lying 97.70% 96.15% 99.07% 99.15% 97.58%
Average (AVG) 94.14% 89.28% 88.94% 95.90% 89.09%
Weighted AVG 94.89% 91.21% 91.40% 96.50% 91.28%

80.00%

85.00%

90.00%

95.00%

100.00%(a) (b)

FIGURE 9    |    Comparison of weighted average metrics for virtual and 
real-world images.

94.89%

91.21%

91.40%

96.50%

91.28%

98.59%

98.02%

98.08%

99.06%

98.02%

80.00% 85.00% 90.00% 95.00% 100.00%

Accuracy, ACC

Recall, TPR

Precision, PPV

Specifity, TNR

F1-Score

VIRTUAL IMAGES REAL-WORLD IMAGES
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with convolutional structures in the input-to-state and state-to-
state transitions) and a CNN and an RNN, respectively. Another 
work (Guerra et al. 2023) has worse results, although the authors 
also work with CNNs and RNNs, in this case, bilateral ones. As 
can be seen, our work has achieved a very competitive level of 
precision. Thus, our heuristic-based approach offers a computa-
tionally efficient alternative to traditional machine learning and 
non-traditional deep learning methods.

On the other hand, the following limitations have been identi-
fied in the application of the proposed heuristic-based approach:

1.	 Limitations of MediaPipe for posture recognition. 
MediaPipe is a useful tool for detecting the posture of the 
first person it detects and provides information on joint 
and limb positions. We have identified the optimal param-
eters (and their corresponding values) for detecting various 
body postures using MediaPipe. However, the system en-
counters significant limitations when handling multiple 
individuals within the frame (e.g., a caretaker and an el-
derly person).

2.	 False positives may appear. In VR testing, false positives 
appeared, specifically when the avatar was lying down 
with bent knees, creating the impression that it was sit-
ting. This type of false positive could be corrected in future 
work by analysing additional parameters to minimise the 
margin of error.

4   |   CONCLUSIONS

This article introduced a novel proposal for the estimation of 
three postures during the monitoring of a person for the pur-
pose of home care. A heuristic-based approach offered a com-
putationally efficient alternative to traditional machine learning 
and deep learning methods, ensuring real-time performance 
and scalability.

The approach used the virtual camera of a UAV in virtual home 
environments. The keypoints of the body skeleton were obtained 
using the MediaPipe Pose library. In this work, only eight of the 
33 points provided by this library were used. MediaPipe proved to 
be an optimal library in terms of performance for generating and 
monitoring a person. A series of heuristics based on the physical 
proportions of the body were then used to provide percentage 
values for each posture, thus providing accurate estimates of 
three different postures: standing, sitting, and lying. The highest 
value was the one that determined the avatar's current posture.

The main conclusions have to do with the following trends in 
computer vision, and more concretely in posture recognition:

•	 Real-time posture recognition. This research contributes 
to real-time posture recognition systems. By integrating 
MediaPipe and Unity, the proposed framework enables the 
recognition of lying, standing, and sitting postures in real-
time scenarios, facilitating applications in healthcare, gam-
ing, and human-computer interaction.

•	 Cross-platform compatibility. The use of Unity as a devel-
opment platform ensures cross-platform compatibility, 

allowing the proposed posture recognition system to be 
deployed seamlessly across different devices and operating 
systems. This aspect increases the accessibility and applica-
bility of the developed solution.

•	 Low computational overhead. By using heuristic computa-
tions on geometric figures derived from MediaPipe land-
marks, this approach minimises computational overhead 
compared to traditional machine learning-based meth-
ods. This feature makes the proposed system suitable for 
resource-constrained environments such as mobile devices 
or embedded systems.

•	 Customisation and adaptability. The modular design of the 
proposed system in Unity allows for easy customisation and 
adaptation to different user scenarios and environments. 
Researchers and developers will be able to extend the func-
tionality of the system by integrating additional features or 
refining existing algorithms, fostering continued innova-
tion in posture recognition technology.

•	 Potential for extension to other applications. Beyond pos-
ture recognition, the methodology presented in this article 
has potential for application in related areas such as gesture 
recognition, human motion analysis, and virtual reality in-
teractions. This versatility opens up avenues for future re-
search and development in diverse areas.

Lastly, as we tested under the virtual reality paradigm, there were 
experiments that gave us surprising results, such as when we tried 
a posture that broke the laws of physics but gave positive results.

Our future work will focus on making progress in the follow-
ing areas:

1.	 Expanding testing to more complex VR scenarios and 
conducting additional pipeline tests in more complex and 
realistic indoor scenarios involving furniture, partial oc-
clusions, and dynamic interactions, to better mimic real-
world conditions.

2.	 Addressing the false positives by refining the heuristic 
rules to reduce the margin of error, particularly for pos-
tures prone to misclassification, and by considering the 
incorporation of additional parameters or features to im-
prove accuracy.

3.	 Incorporating user feedback through studying the possibil-
ity of including feedback from potential end users, such as 
caregivers or individuals in need of home care, to assess 
the system's practical usability and acceptability.

4.	 Analysing the viability of integrating machine learn-
ing components to complement the heuristic-based ap-
proach and exploring other applications of the proposed 
technology.

5.	 Expanding the study of posture detection when multiple 
individuals appear in the scene, using other pose estima-
tion systems, such as OpenPose (https://​cmu-​perce​ptual​
-​compu​ting-​lab.​github.​io/​openp​ose/​web/​html/​doc/?​ref=​
blog.​robof​low.​com) or YOLO (You Only Look Once) net-
works (Chen et  al.  2022; Dai and Liu  2023; Bustamante 
et al. 2024).
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