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Abstract: Monitoring and controlling the condition of bedridden individuals can help reduce health
risks, as improper nocturnal habits or body positioning can exacerbate issues such as apnea, insomnia,
sleep disorders, spinal problems, and pressure ulcers. Techniques using pressure maps from sensors
placed on top of the mattress, along with machine learning (ML) algorithms to classify main postures
(prone, supine, left side, right side), have achieved up to 99% accuracy. This study evaluated
the feasibility of using a sensor sheet placed under the mattress to minimize patient discomfort.
Experiments with ten commonly used ML algorithms achieved average accuracy values ranging
from 79.14% to 98.93% using K-Fold cross-validation and from 80.03% to 97.14% using Leave-One-
Group-Out (LOGO) for classifying the four main postures. The classification was extended to include
28 posture variations (7 variations for each of the 4 main postures), with the SVM algorithm achieving
an accuracy of 65.18% in K-Fold validation, marking a significant improvement over previous studies,
particularly regarding the number of postures considered. Comparisons with previous studies that
used pressure sensors placed both under and on top of the mattress show that this approach achieves
comparable accuracy to other methods, surpassing them with some algorithms and achieving the
highest average accuracy. In conclusion, using sensors under the mattress is an effective and less
invasive alternative for posture classification.

Keywords: in-bed posture; posture classification; posture recognition; pressure map dataset

1. Introduction

Controlling and monitoring the condition of individuals during periods when they
are bedridden can contribute to reducing health risks, as poor nocturnal habits or improper
body positioning can exacerbate various health issues. In this context, the postures as-
sumed while lying down have been studied as potential factors in increasing health risks
associated with conditions such as apnea, insomnia, sleep disorders, spinal issues, and
pressure ulcers [1-3]. Monitoring patients” conditions can be a time-consuming task for
healthcare professionals, therefore, various approaches utilizing different technologies have
been developed to monitor how individuals position themselves while bedridden. These
technologies include polysomnography, sensors, wristbands, and video cameras [4,5].

Some methods use pressure maps obtained from sensors placed on top of the mattress
to be less intrusive for patients, employing machine learning (ML) techniques to classify the
patient’s postures. These methods are less intrusive than those involving devices or sensors
placed directly on the patient or video imaging and typically achieve high classification
accuracy, generally above 95% and up to 99% in some cases when considering the four
main postures (prone, supine, left side, and right side) (e.g., [6-9]).

Sensor sheets placed on top of the mattress generate pressure maps representing the
postures of bedridden individuals and generally provide good classification accuracy but
have some drawbacks. They can lead to discomfort such as friction or shifting due to
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movement. Thus, the quest for less intrusive solutions for posture classification has led
to the exploration of sensor sheets placed under the mattress. This approach, being less
intrusive, presents an interesting challenge and is the focus of this study.

The objective of this study was to evaluate the feasibility of using ML algorithms
to classify the postures of bedridden individuals by analyzing pressure maps collected
from sensor sheets placed under the mattress. The experiments conducted using ten of
the most used ML algorithms in related work show that it is possible to classify the four
main postures with an accuracy close to 95%. This suggests that posture classification
based on sensor sheets placed under the mattress may be feasible and less intrusive for
bedridden individuals.

More specifically, the main contributions of this work are:

e Analyze and validate the use of ML algorithms in classifying bedridden individuals’
postures based on sensor sheets placed under the mattress. This approach differs from
existing methods which commonly use sensor sheets placed on top of the mattress,
making it a less intrusive option for bedridden patients.

e  Validate the use of the data layer from the PoPu dataset [10] obtained from the sensor
sheet placed under the mattress. To the best of our knowledge, this is the first study to
use this data layer from this dataset that validates its use with 10 ML algorithms and
compares the results in posture classification with those achieved using sensor sheets
placed on top of the mattress.

This article is organized into six sections. The initial section presents the general
framework, motivation, and specific objectives of this work. Section II provides an analysis
of related work that has addressed posture recognition in bedridden patients, specifically
focusing on posture classification based on information obtained from pressure sensors
placed underneath the mattress. Section III describes the proposed methodology. Section
IV details the results which are discussed in Section V. Section VI presents the conclusions
and identifies potential future research directions.

2. Related Work

A systematic review of pressure-based posture classification methods and algorithms [11]
conducted in 2023 analyzed 22 studies that used datasets constructed based on pressure data
obtained from sensors placed over the mattress. Most posture recognition solutions for
bedridden individuals that use pressure sensors are based on data from sensors placed on
top of the mattress and can achieve an accuracy of at least 95% when considering the four
main postures (e.g., [7,12]).

Solutions that utilize data from sensors placed under the mattress are quite limited,
so a literature review was conducted to understand the approaches that have been used
in this area according to the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) methodology [13]. The goal of the review was to identify any studies
that used pressure data collected from sensors placed under the mattress for posture
classification, regardless of the type of data or methods used, to answer the following
research questions (RQ):

(RQ1) What posture recognition solutions exist that are based on data collected from sensors
placed under the mattress?

(RQ2) What posture datasets have been obtained from sensors placed under the mattress,
and what are their characteristics?

(RQ3) What are the main postures that are most identified?

(RQ4) What algorithms/models are used for posture classification, and what accuracy levels
do they achieve?

The literature search was conducted in Scopus and the Web of Science databases using
the search string “(lying OR bed*) AND (posture OR position) AND classification AND
pressure” to identify studies that addressed the identification or classification of postures
or positions (posture OR position) of individuals lying down or bedridden (lying OR bed*)
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and that utilized pressure sensors (pressure). The search was conducted in November
2023 and yielded 298 articles, of which, 122 articles were excluded: 88 because they were
published before 2013 (only studies from the past 10 years were considered), and 34 were
duplicates. The remaining 176 studies were screened to identify those that used pressure
sensors placed under the mattress; reported the accuracy of results; and described the
algorithms/models used. Studies were also excluded if they did not provide sufficient
information on the models or algorithms used for posture extraction and classification; did
not present results; or deviated from the main objective to evaluate the use of pressure
sensors positioned under the mattress. Finally, three articles were selected for review.

One study proposed a classification of people’s positions in bed to help prevent
falls [14], collecting the data using a panel measuring 60 cm by 18 cm positioned under
the mattress in the thoracic area. The sensor panel was composed of two pairs of sensors:
two piezoelectric sensors and two pressure sensors. Five positions were considered for
classification: out of bed, sitting, lying in the center, lying on the left, and lying on the
right. The data was collected from three elderly participants in two different rooms, each
with distinct sensor setups, and the positions were classified using the neural and Bayesian
networks, achieving an accuracy of 91.50%. Despite using sensors positioned under the
mattress, this work focused on identifying the position of the elderly person in relation to
the bed and not specifically on their posture when lying down.

The authors in [15] described a solution that uses four hydraulic bed transducers
placed underneath the mattress to classify different sleep postures. The study involved
data from 58 young and healthy participants, each assuming four predefined postures
(prone, supine, left side, and right side) and a neural network was applied to evaluate
the performance of different parameters using the K-fold (10-fold) and Leave One Subject
Out (LOSO) classification methods. The maximum classification accuracy after applying
LOSO was 93% for a two-class classification of separating left vs. right lateral positions.
The second-best classification accuracy with LOSO was 92% for the classification of lateral
versus non-lateral.

Under-bed pressure sensor arrays were used to simultaneously record data with
standard polysomnography [16] and demonstrated that deep learning can be used to
classify body position and differentiate sleep from wake. The pressure sensors placed
under the mattress consisted of six pressure sensor mats using optical fibers to determine
the applied pressure. Each mat had 3 rows of 8 pressure sensors spaced 10 cm apart,
covering an area of 80 x 25 cm. A Temporal Convolutional Network (TCN) model was
used and performance was assessed with LOSO cross-validation of 84 participants for body
position classification and 70 participants for sleep-wake classification. Only three postures
were considered: lying on the right side, lying on the left side, and lying flat. The accuracy
obtained was 95.8% for posture classification, and 91.3% and 66.6% for differentiating
between wakefulness and sleep states, respectively.

The analysis of the studies, although limited in number, addressed the previously
identified RQs:

RQ1: The lack of studies highlights the scarcity of solutions that use data collected
by sensors placed under the mattress compared to those that implement sensors posi-
tioned above the mattress. The studies used pressure sensors with different hardware and
configurations, both in terms of the number of sensors and how they were organized.

RQ2: Although some of the datasets were reasonably sized in terms of the number of
participants, it was not very clear how they were constructed, particularly regarding how
the participants were positioned or how many replicates were measured.

RQ3: The studies classified a limited number of postures, typically fewer than four.
One study classified based on the position in which the person is lying in bed, and not
on the posture of the bedridden person study [14], another study distinguished between
two classes [15]: lateral versus non-lateral, combining the postures lying flat (prone and
supine) and lying on the side (right and left side) and the final study only considered three
postures as the class lying flat (prone and supine) were combined [16].
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RQ4 answer: Neural networks were used for posture classification in all the studies
analyzed.

Although it was not included in this systematic review, a study [10] was identified
that created and published the PoPu dataset, a multilayered, simultaneously collected lying
position dataset. This dataset includes a layer of pressure maps from bedridden individuals
obtained using a sensor sheet placed under the mattress. However, this dataset has not
yet been validated to assess the accuracy achieved in posture classification and to allow
comparison with results from other approaches.

3. Methodology
3.1. Dataset

The PoPu dataset [10] includes two layers of pressure maps from 60 bedridden in-
dividuals: one layer was obtained from a sensor sheet placed on top of the mattress and
the other from a sensor sheet placed under the mattress, with records of their pressure
map, weight, height, and sex. Participants were positioned in 28 different configurations,
divided into 7 variations of the four main postures: supine, prone, left side, and right side.
These posture variations included body positioning such as legs extended, crossed, or bent,
and the presence of a pillow measuring 50 cm by 70 cm and 30 cm by 50 cm under the
head, body, or between the legs. Data collection resulted in 50,400 pressure data samples
and the dataset was formatted in JavaScript Object Notation (JSON) and organized into
two folders representing each sensor. The sensor placed above the mattress was a Tactilus
sensor sheet with 1729 piezoelectric sensors arranged in a 64 x 27 matrix, whereas the
sensor placed under the mattress was a SensoMatt sensor sheet containing 72 pressure
sensors placed in a 12 x 6 matrix covering a surface area of 170 cm by 84 cm. Only the data
obtained through the SensoMatt sensor sheet are used in this study to classify the postures
of bedridden individuals”.

3.2. Data Analysis

Initially, the data were analyzed and pre-processed to ensure consistency and suit-
ability for the different models implemented. This involved formatting the data, splitting
the dataset into training and testing sets, and organizing it by participant. To prevent data
from the same participant appearing in both the training and testing sets, the data was first
grouped by participant ID, then randomized and allocated to the respective groups.

Each algorithm underwent initial training and testing to be evaluated using metrics
such as accuracy, Fl-score, and recall. During the training stage, methods were applied
to optimize model parameters, with GridSearchCV being the primary technique. This
technique uses cross-validation to find the best parameter combinations for improving
model accuracy. In certain cases, other optimization techniques, like Keras Tuner, were
employed, especially for Keras or TensorFlow models.

The models were then assessed using Group K-Fold Cross-Validation and Leave-One-
Group-Out (LOGO). Group K-Fold ensures that groups do not overlap, and that each
participant’s data is used either in the training or testing set, but not both. LOGO divides
the dataset by participants, leaving all instances of one participant out as the test set in each
iteration. In each iteration, one subset serves as the test set while the others are used for
training. This process was repeated based on the total number of participants.

3.3. Algorithms

The selection of algorithms for processing and classifying the dataset was a crucial
step, as the model’s performance depends significantly on the chosen algorithm. Initially,
the choice of algorithms was based on the literature review (described in Section 2) but due
to the limited number of studies, it was further informed by the systematic review in [11]
which highlighted the effectiveness and performance of various algorithms and models
based on pressure sensor data.
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Study [15] employed a FeedForward Neural Network (FNN) to effectively capture
complex relationships between input and output data and performed well in classification
problems with numerous features. Study [16] used Temporal Convolutional Networks
(TCN) which are well-suited for sequential data as they capture long-term temporal depen-
dencies and use causal convolutions to ensure that the model relies only on past data for
predictions. Convolutional Neural Networks (CNN) and Deep Neural Networks (DNN)
demonstrated strong performance and accuracy in posture classification. Furthermore,
while the k-Nearest Neighbors (KNN) algorithm is often used, it mainly serves as a com-
parative benchmark. Despite the generally superior performance of neural networks, the
Support Vector Machine (SVM) model was an exception, achieving accuracy above 99%.
Finally, the algorithms and models selected for this study included: KNN, SVM, Deci-
sion Trees (DT), Gradient Boosting (GB), Random Forest (RF), Naive Bayes (NB), TCN,
Feedforward Artificial Neural Network (FFANN), CNN, and ResNet-18. Hyperparame-
ter tuning was performed using techniques like GridSearchCV (sklearn 1.2.2) to identify
the best parameter combinations to fine-tune the models to achieve the highest possible
accuracy while avoiding overfitting. Key metrics such as accuracy, recall, and F1-score
were calculated to assess the model performance, and cross-validation techniques such as
GroupKFold and LOGO were employed to further validate the selected models.

4. Results

In the following sections, the experiments and results of applying each of the 10 se-
lected algorithms for classifying the 4 main postures are described, along with an additional
experiment for classifying 28 postures. For each experiment, the parameter optimization

and the results for the metrics Accuracy, Recall, and F1-Score are presented, using Group
K-Fold Cross-Validation and LOGO.

4.1. Classification of the Four Main Postures

In the following sections, the experiments and results of applying each of the selected
algorithms for classifying the 4 main postures are described.

4.1.1. K-Nearest Neighbors

During the training process, GridSearchCV identified that the optimal parameters
were n_neighbors = 6 and metric = manhattan, achieving an accuracy of 97.38%. In the
testing process, these optimal parameters achieved an accuracy of 93.66% (Table 1).

Table 1. Initial KNN results.

Accuracy Recall F1-Score Parameters

n_neighbors = 6

93.66% 93.66% 93.65% .
metric = manhattan

The classification report in Table 2 and the confusion matrix in Figure 1 provide a
detailed view of true positives, true negatives, false positives, and false negatives for each
posture. The model exhibited higher accuracy for the left and right postures but lower recall,
whereas the prone and supine postures had higher recall but lower accuracy. The overall
accuracy was 93.66, and the F1-score was balanced, ranging between 92.93% and 94.66%
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Table 2. KNN classification report.

Classification Report

Posture
Accuracy Recall F1-Score
Left 95.84% 90.82% 93.26%
Prone 91.99% 93.89% 92.93%
Right 94.69% 92.88% 93.78%
Supine 92.37% 97.06% 94.66%
Average 93.66%
Confusion Matrix
- 3500
=
2
- 3000
- 2500
[
s
B
3 - 2000
o
F
=
- - 1500
=)
- 1000
Qo
€ - 500
?

left prone nght
Predicted label

Figure 1. KNN confusion matrix.

supine

The GroupKFold cross-validation showed an average accuracy of 92.02%, with values
ranging from 87.59% to 96.06% (Table 3). The most frequently used parameters were
n_neighbors between 6 and 8, with the Manhattan distance metric (Figure 2).

Table 3. KNN cross-validation results.

Fold Accuracy Recall F1-Score
1 96.06% 96.06% 96.06%
2 87.59% 87.59% 87.54%
3 92.03% 92.03% 92.06%
4 93.71% 93.71% 93.70%
5 90.70% 90.70% 90.74%
Average 92.02% 92.02% 92.02%

For the LOGO cross-validation, the model achieved an average accuracy of 93.28%, a
recall of 93.28%, and an F1-score of 93.28%, as shown in Figure 3, indicating that the KNN
model performed well and maintained high performance across participants, demonstrat-

ing strong generalization.
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Figure 2. KNN frequency of best parameters.
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Figure 3. KNN LOGO performance (due to the similarity between the recall and accuracy values,
both lines overlap, making the recall line not visible).

4.1.2. Support Vector Machine

During the training process, the optimal parameters were identified as C = 1, kernel = rbf,
and gamma = scale, achieving an accuracy of 97.16%. In the testing process using these
best parameters, the result was an accuracy of 98.54% (Table 4).

Table 4. Initial results of SVM.

Accuracy Recall F1-Score Parameters
C=1
98.54% 98.54% 98.54% Gamma = scale
Kernel = rbf

The model performed exceptionally well, achieving high and balanced accuracy, re-
call, and Fl-score across all postures, with an average score of 98.54%. The confusion
matrix in Figure 4 further confirms that the model accurately classifies each posture with-
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out significant discrepancies, indicating strong and consistent performance. Table 5 and
Figure 4 show that the model maintains a high degree of accuracy and consistency across
different evaluations.”

SVM Confusion Matrix

- 3500

left

- 3000

- 2500

prone

- 2000

True label

- 1500

night

- 1000

- 500

supine

left prone right supine
Predicted label

Figure 4. SVM confusion matrix.

Table 5. SVM classification report.

Classification Report

Posture
Accuracy Recall F1-Score
Left 98.52% 97.17% 97.84%
Prone 97.90% 99.79% 98.83%
Right 98.86% 98.65% 98.76%
Supine 98.91% 98.57% 98.74%
Average 98.54%

In the cross-validation of the SVM model (Table 6) demonstrate consistent accuracy,
ranging from 94.70% to 98.65%, with an average of 96.55%. Figure 5 illustrates the frequency
of the best parameters, showing that the values for C were either 10 or 1, the gamma
parameter was consistently ‘scale’, and the kernel was always ‘rbf’.

Table 6. SVM cross-validation results.

Fold Accuracy Recall F1-Score
1 98.65% 98.65% 98.65%
2 94.70% 94.70% 94.69%
3 95.98% 95.98% 95.99%
4 96.31% 96.31% 96.31%
5 97.10% 97.10% 97.11%

Average 96.55% 96.55% 96.55%
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Figure 5. SVM frequency of best parameters.

In the final cross-validation using the LOGO method, the SVM algorithm achieved
an average accuracy of 97.14%, a recall of 97.07%, and an Fl-score of 97.14%. Figure 6
illustrates the participants’ performance during the cross-validation, demonstrating that
the SVM maintained strong performance with consistently high values.

Performance Metrics Across Participants

12345678 9101121314151617 18 1920212223 242526 27 28 2930 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56 57 58 59 6MMean

Participant
Figure 6. SVM LOGO performance.

4.1.3. Decision Trees

The initial training identified the best combination of parameters as criterion = ‘gini’,
max_depth = None, max_features = None, max_leaf_nodes = None, min_samples_leaf = 4,
min_samples_split = 2, and splitter = ‘random’, which achieved an accuracy of 83.21%. In the
testing phase, the model achieved an accuracy of 77.08% (Table 7).
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Table 7. Initial results of DT.

Accuracy Recall F1-Score Parameters
criterion = ‘gini’
max_depth = None
max_features = None
77.08% 77.08% 77.05% max_leaf_nodes = None

min_samples_leaf = 4
min_samples_split = 2
splitter ="random’

The model did not perform as well in classifying the postures compared to other
models, as shown in Table 8 and Figure 7. The postures supine and right achieved higher
accuracy rates of 80.21% and 81.14%, respectively, but with lower recall, indicating difficul-
ties in classifying these postures. Conversely, the postures left and prone had lower accuracy
rates of 73.80% and 74.33%, respectively, but higher recall values of 84.37% and 76.46%.

Table 8. DT classification report.

Classification Report

Posture
Accuracy Recall F1-Score
Left 73.80% 84.37% 78.73%
Prone 74.33% 76.46% 75.38%
Right 81.14% 75.24% 78.08%
Supine 80.21% 72.28% 76.04%
Average 77.08%

Confusion Matrix

True label
prone left

night

supine

left prone right

Predicted label

Figure 7. DT confusion matrix.
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- 2000

- 1500

- 1000

- 500

supine

In the cross-validation evaluation of the DT model (Table 9), accuracy values ranged
between 76.23% and 83.23%, with the highest precision achieved in the first iteration. The
average precision across the cross-validation was 79.14%. Figure 8 shows the frequency of
the best parameters used in each iteration, with min_samples_leaf and max_depth being

the parameters that varied the most.
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Frequency
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Table 9. DT cross-validation results.

Fold Accuracy Recall F1-Score
1 83.23% 83.23% 83.19%
2 76.11% 76.11% 76.14%
3 78.80% 78.80% 78.87%
4 77.66% 77.66% 77.61%
5 79.88% 79.88% 79.87%
Average 79.14% 79.14% 79.14%

Frequency of parameters

Criterion

Max Depth

Max Features
Max Leaf Nodes
Min Samples Leaf
Min Samples Split

e Splitter
3\ EN N & Q 2 2 A v N © - 2 & &
& SO & & e

Parameter Values
Figure 8. DT frequency of best parameters.

In the LOGO cross-validation, the DT algorithm achieved an average accuracy of
80.03%, a recall of 79.60%, and an F1-score of 80.00% (Figure 9). Although these values are
lower than those of some other models, the DT model still effectively classifies postures
and, in some cases, achieves high accuracy percentages for certain participants.

Performance Metrics Across Participants

Test F1-score
—— Test Recall
—— Test Accuracy
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Figure 9. DT LOGO performance.



Information 2024, 15, 763

12 of 31

4.1.4. Random Forest

The initial training of the model resulted in an accuracy of 95.95% with the pa-
rameter combination: n_estimators = 300, max_features = ‘log2’, min_samples_split = 2,
min_samples_leaf = 1, and criterion = ‘gini’. In the testing phase, the model achieved an
accuracy of 93.79% (Table 10).

Table 10. Initial results of RF.

Accuracy Recall F1-Score Parameters

n_estimators = 300
max_features = log2’
93.79% 93.79% 93.82% min_samples_split = 2
min_samples_leaf =1
criterion = ‘gini’

According to Table 11 and Figure 10, the model demonstrated strong performance
in classifying postures, with an average accuracy of 93.80%. The postures left, right, and
supine had the highest accuracy. Left and right postures had lower recall, indicating that
the model struggled more to classify these postures accurately. The supine posture, which
had both high accuracy (96.81%) and recall (97.14%), showed the model’s capability to
classify it more consistently. On the other hand, the prone posture had the lowest accuracy
at 85.47% but the highest recall at 98.65%.

Table 11. RF classification report.

Classification Report

Posture
Accuracy Recall F1-Score
Left 97.09% 90.03% 93.42%
Prone 85.47% 98.65% 91.59%
Right 97.66% 89.37% 93.33%
Supine 96.81% 97.14% 96.98%
Average Accuracy 93.80%

Confusion Matrix
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- 3000

- 2500

prone

True label

- 1500

right

- 1000

- 500

supine

left prone night supine
Predicted label

Figure 10. RF confusion matrix.
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In the cross-validation results presented in Table 12, the accuracy values ranged from
92.09% to 96.37%, with an average accuracy of 94.19%. Figure 11 shows the frequency of
parameters used during cross-validation, where the min_samples_split parameter exhibited
the most variation.

Table 12. RF Cross-validation results.

Fold Accuracy Recall F1-Score
1 96.37% 96.37% 96.37%
2 92.09% 92.09% 92.15%
3 93.56% 93.56% 93.57%
4 94.53% 94.53% 94.53%
5 94.40% 94.40% 94.41%
Average 94.19% 94.19% 94.21%

Frequency of parameters

@ Criterion

5

s Max Features
Min Samples Leaf

@ Min Samples Split

4
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2
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0

8§ & h v °

Parameter Values

Frequency

Figure 11. RF frequency of best parameters.

In LOGO cross-validation, the RF algorithm achieved an average accuracy of 94.70%, a
recall of 94.52%, and an F1-score of 94.70%, as demonstrated in Figure 12, which represents
the performance of participants during the validation iterations. This shows that the
RF algorithm maintained strong performance in posture classification throughout the
validation process.

Performance Metrics Across Participants

—®— Test F1-score
—&— Test Recall
—&— TestAccuracy

12345678 91011121314151617 18 1920212223 2425 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56 57 58 59 6Mean
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Figure 12. RF LOGO performance graph.
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4.1.5. Gradient Boosting

In the training process, the model achieved an accuracy of 96.52% with a parameter
combination of n_estimators = 300 and learning_rate = 0.5. In the testing phase, the model
attained an accuracy of 94.61% (Table 13).

Table 13. Initial results of GB.

Accuracy Recall F1-Score Parameters

n_estimators = 300

94.61% 94.61% 94.61% learning_rate = 0.5

As observed in Table 14 and in Figure 13, the model demonstrated strong performance
in classifying postures, with an average accuracy of 94.62%. The left posture achieved
the highest precision at 99.04%, but its recall was the lowest at 87.41%, indicating that the
model had more difficulty correctly classifying this posture. In contrast, the prone posture
had the lowest accuracy at 87.17%, but it was the easiest for the model to classify, as shown
by its highest recall value of 99.58%.

Table 14. GB classification report.

Classification Report

Posture
Accuracy Recall F1-Score
Left 99.04% 87.41% 92.86%
Prone 87.17% 99.58% 92.96%
Right 97.98% 92.41% 95.11%
Supine 96.00% 99.07% 97.51%
Average 94.62%
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Figure 13. GB confusion matrix.

The cross-validation results for the GB model are presented in Table 15, with accuracy
values ranging from 94.43% to 97.90%, resulting in an average cross-validation accuracy of
95.77%. Figure 14 shows the frequency of parameters used during cross-validation, where
both parameters remained consistent across iterations.
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Table 15. GB cross-validation results.

Fold Accuracy Recall F1-Score
1 97.90% 97.90% 97.90%
2 94.43% 94.43% 94.44%
3 94.56% 94.56% 94.56%
4 95.45% 95.45% 95.45%
5 96.52% 96.52% 96.52%
Average 95.77% 95.77% 95.77%

Frequency of parameters
@ Leamning Rate

° e N Estimators
4
3
2
1
0
N4 s

Parameter Values

Frequency

Figure 14. GB frequency of best parameters.

In the LOGO method, the GB algorithm achieved an average accuracy of 96.63%,
a recall of 96.54%, and an Fl-score of 96.63%, as demonstrated in Figure 15. The figure
illustrates that the GB model performed well in classifying postures during the validation
iterations, showing consistent performance across participants.
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Figure 15. GB LOGO performance.
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4.1.6. Naive Bayes

In the initial training phase, the model achieved an accuracy of 83.22% with a parame-
ter value of var_smoothing = 0.04329. In the testing phase, the model achieved an accuracy
of 84.58% (Table 16).

Table 16. Initial results of NB.

Accuracy Recall F1-Score Parameters

84.58% 84.58% 84.66% var_smoothing = 0.04329

According to Table 17 and Figure 16, the model’s performance in classifying postures
varied. The supine posture achieved the highest precision at 94.32%, while the right posture
had the lowest precision at 76.92%. The left and prone postures achieved accuracy values
of 83.74% and 84.92%, respectively.

Table 17. NB Classification report.

Classification Report

Posture
Accuracy Recall F1-Score
Left 83.74% 85.82% 84.77%
Prone 84.92% 88.81% 86.82%
Right 76.92% 80.74% 78.78%
Supine 94.32% 82.96% 88.28%
Average Accuracy 84.58%
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Figure 16. NB confusion matrix.

The cross-validation results for the NB model are presented in Table 18, with accuracy
values ranging from 80.64% to 91.61%, resulting in an average cross-validation accuracy
of 84.87%. Figure 17 illustrates the frequency of parameters used in the cross-validation,
showing that different values of var_smoothing were used in each iteration.
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Table 18. NB cross-validation results.

Fold Accuracy Recall F1-Score
1 91.61% 91.61% 91.61%
2 80.64% 80.64% 80.64%
3 84.63% 84.63% 84.63%
4 86.12% 86.12% 86.12%
5 81.33% 81.33% 81.33%
Average 84.87% 84.87% 84.87%
10 1.0 10 10

1.0
Frequency of Var Smoothing Values
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Figure 17. NB frequency of best parameters.

In the LOGO method, the NB algorithm achieved an average accuracy of 85.00%, a
recall of 84.30%, and an Fl-score of 85.00%, as shown in Figure 18. These accuracy values
are lower compared to those obtained by other models evaluated previously.
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Figure 18. NB LOGO performance.
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4.1.7. Feed Forward Artificial Neural Network

In the training process of the FFANN, the model achieved an accuracy of 97.19%
with the following parameter combination: activation = ‘relu’, learning_rate = ‘adaptive’,
hidden_layer_sizes = (100,), alpha = 0.0001, learning_rate_init = 0.001, and batch_size = 128.
In the testing phase, the model achieved an accuracy of 96.48% (Table 19).

Table 19. Initial results of FFANN.

Accuracy Recall F1-Score Parameters

activation = relu
learning_rate = adaptive hidden_layer_sizes = (100)
96.48% 96.48% 96.50% alpha = 0.0001
learning_rate_init = 0.001
batch_size = 128

Analyzing Table 20 and Figure 19, it can be observed that the model achieved higher
precision values in classifying the left, right, and supine postures, with accuracies of 97.93%,
99.37%, and 97.92%, respectively. Although the prone posture had a lower accuracy of
91.33%, it achieved the highest recall value of 98.60%, followed by the supine posture with
a recall of 98.25%. This indicates that despite the lower accuracy, the model was better able
to identify these postures. The average accuracy was 96.49%.

Table 20. FFANN Classification report.

Classification Report

Posture
Accuracy Recall F1-Score
Left 97.93% 93.70% 95.77%
Prone 91.33% 98.60% 94.82%
Right 99.37% 95.40% 97.34%
Supine 97.92% 98.25% 98.09%
Average 96.49%
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Figure 19. FFANN confusion matrix.
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Metric Values

The cross-validation results for the FFANN model are presented in Table 21. The
model demonstrated strong performance across all cross-validation iterations, with an
average precision of 98.93%. Figure 20 illustrates the frequency of parameters used in cross-
validation, showing that the same values were used for each parameter in every iteration.

Table 21. FFANN cross-validation results.

Fold Accuracy Recall F1-Score
1 98.92% 98.92% 98.92%
2 97.60% 97.60% 97.62%
3 99.36% 99.36% 99.36%
4 99.47% 99.47% 99.47%
5 99.33% 99.33% 99.33%
Average 98.93% 98.93% 98.94%
Frequency of Best Parameters
5 g ? 9 ? ? — A:;tivation
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Figure 20. FFANN frequency of best parameters.

In the LOGO method, the FFANN algorithm achieved an average accuracy of 96.69%,
a recall of 96.60%, and an F1-score of 96.69%, as observed in Figure 21. This figure shows
the performance of each participant during the LOGO cross-validation.
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Figure 21. FFANN LOGO performance.
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4.1.8. Temporal Convolutional Network

During the training process of the TCN, the model achieved an accuracy of 94.97%
with the parameter combination of dense_uni = 512 and filters = 512. In the testing phase,
the model achieved an accuracy of 91.01% (Table 22).

Table 22. Initial results of TCN.

Accuracy Recall F1-Score Parameters

dense_unit = 512

91.01% 91.01% 91.11% filters = 512

Table 23 and Figure 22, indicate that the supine posture achieved the highest accuracy
at 97.36%. In contrast, the prone posture had a significantly lower accuracy of 79.84%.
However, despite this lower accuracy, the prone posture was the easiest for the model to
classify, with a recall value of 98.68%. The average accuracy across all postures was 91.01%.

Table 23. TCN classification report.

Classification Report

Posture
Accuracy Recall F1-Score
Left 95.89% 90.77% 93.26%
Prone 79.84% 98.68% 88.26%
Right 94.85% 88.62% 91.63%
Supine 97.36% 85.98% 91.32%
Average 91.01%
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Figure 22. TCN confusion matrix.

The cross-validation results for the TCN model are presented in Table 24. Although
the model did not achieve as high results as some of the previous models, it still obtained
accuracy values greater than 89.22%, with an average precision of 90.98%. Figure 23 shows
the frequency of the parameters used during cross-validation, indicating some variation in
both parameters across iterations.
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Table 24. TCN cross-validation results.

Fold Accuracy Recall F1-Score
1 91.32% 91.32% 91.10%
2 89.22% 89.22% 88.92%
3 90.66% 90.66% 90.57%
4 91.64% 91.64% 91.33%
5 92.06% 92.06% 91.96%
Average 90.98% 90.98% 90.78%

Frequency of Dense Units and Filters

s Dense Units

2 2 2 2
s Filters
1 1
& & ® & P ®

Parameter Values

200

o
S

Frequency

0.

b

5

0.

8

0.

N
a

0.00

Figure 23. TCN frequency of best parameters.

In the cross-validation using the LOGO method, the TCN algorithm achieved an
average accuracy of 93.00%, a recall of 92.78%, and an Fl-score of 93.00%, as shown in
Figure 24. This figure illustrates the performance of each participant during the LOGO
cross-validation, indicating that the TCN model can achieve good results in classifying
postures for certain participants.
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Figure 24. TCN LOGO performance.

4.1.9. Convolutional Neural Network

In the initial training phase, the model CNN achieved an accuracy of 99.55% with the
combination of parameters of Conv1 Filters = 112, Conv1 Kernel = 3, Conv2 Filters = 80, Conv2
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Kernel = 3, Conv3 Filters = 112, Conv3 Kernel = 3, Dense Units = 512, and Dropout Rate = 0.0.
In the testing phase, the model achieved an accuracy of 93.08% (Table 25).

Table 25. Initial results of CNN.

Accuracy Recall F1-Score Parameters

Conv1 Filters = 112
Conv1 Kernel =3
Conv2 Filters = 80
Conv2 Kernel =3

Conv3 Filters = 112
Conv3 Kernel =3
Dense Units = 512
Dropout Rate = 0.0

93.08% 93.08% 93.06%

From Table 26 and Figure 25, it can be observed that the model achieved an average
accuracy of 93.08%. The accuracy values ranged from 90.68% to 94.52%, with the latter
value obtained for the left posture, which also had the highest accuracy. The supine posture
had a high recall, but its accuracy was 90.68%. The right posture was the easiest for the
model to classify, with a recall of 97.38%

Table 26. CNN Classification report.

Classification Report

Posture
Accuracy Recall F1-Score
Left 94.52% 88.52% 91.42%
Prone 94.11% 92.17% 93.13%
Right 93.21% 97.38% 95.25%
Supine 90.68% 94.26% 92.44%
Average 93.08%

Confusion Matrix

3500
&=
2
3000
- 2500
©
s
5
- - 2000
2
<
- - 1500
=
2
- 1000
- 500

supine

left prone right supine
Predicted

Figure 25. CNN confusion matrix.
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The cross-validation results for the CNN model are presented in Table 27. Despite
using an image format for training and testing instead of matrices, the model achieved
high precision values, with an average accuracy of 94.91%. Figure 26 shows the frequency
of parameters used during cross-validation, indicating that there was no variation in
parameters across iterations.

Table 27. CNN cross-validation results.

Fold Accuracy Recall F1-Score
1 95.60% 95.60% 95.61%
2 94.11% 94.11% 94.12%
3 94.74% 94.74% 94.72%
4 95.76% 95.76% 95.75%
5 94.34% 94.34% 94.35%
Average 94.91% 94.91% 94.91%
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Figure 26. CNN frequency of best parameters.

In the cross-validation using the LOGO method, the CNN algorithm achieved an
average accuracy of 91.99%, a recall of 91.73%, and an F1-score of 91.99%, as shown in
Figure 27. This figure demonstrates the performance of each participant during the LOGO
cross-validation. Despite some variation in results, the model was able to achieve good
posture classification outcomes for various participants using a different data format.
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Figure 27. CNN LOGO performance.

4.1.10. ResNet-18

During the training process of ResNet-18, the model achieved an accuracy of 96.04%
with the parameter combination of /v = 0.0001 and batch_size = 32. In the testing phase, the
model achieved an accuracy of 95.99% (Table 28).

Table 28. Initial results of ResNet-18.

Accuracy Recall F1-Score Parameters
. . . Ir = 0.0001
95.99% 95.99% 95.99% batch._size = 32

Table 29 and Figure 28 indicate high classification values for the postures, ranging
from 94.85% to 98.99%, to with an average of 95.99%. The left posture achieved the highest
accuracy at 98.99%, but the right posture had a recall of 97.70%, indicating that this posture
was easily classified by the model.

Table 29. ResNet-18 classification report.

Classification Report

Posture

Accuracy Recall F1-Score
Left 98.99% 93.81% 96.33%
Prone 95.04% 97.35% 96.18%
Right 95.28% 97.70% 96.47%
Supine 94.85% 95.11% 94.98%
Average 95.99%

The cross-validation results for ResNet-18, in Table 30, demonstrate high accuracy
indicating efficient posture classification. The average accuracy across cross-validation was
95.76%, which is higher than the CNN model of 94.91%, which also uses image data for
evaluation. Figure 29 shows the frequency of parameters used during cross-validation,
revealing some variation in the parameters across iterations.
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Figure 28. ResNet-18 confusion matrix.
Table 30. ResNet-18 cross-validation results.
Fold Accuracy Recall F1-Score
1 97.31% 97.31% 97.31%
2 96.04% 96.04% 96.04%
3 95.75% 95.75% 95.75%
4 95.18% 95.18% 95.16%
5 94.54% 94.54% 94.56%
Average 95.76% 95.76% 95.76%
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Figure 29. ResNet-18 frequency of best parameters.

In the cross-validation using the LOGO method, the ResNet-18 algorithm achieved
an average accuracy of 95.71%, a recall of 95.72%, and an F1-score of 95.71% (Figure 30).
The precision for each participant remained above 94%, demonstrating that the model is
efficient and consistent across various scenarios.



Information 2024, 15, 763 26 of 31

Performance Metrics Across Participants

Test F1-score
—— Test Recall
—— Test Accuracy

0.970

0.965

0.960

Metric Values

0.955
0.950

0.945

1234567 89101 121314151617 181920212223 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56 57 58 59 6Mean
Participant

Figure 30. ResNet-18 LOGO performance graph.

4.2. Experiments for the Classification of the 28 Postures

The classification of 28 posture variants (7 variants for each of the main postures) using
the FFANN and SVM algorithms achieved the best average accuracy in the classification of
the four postures (98.93% and 96.55%, respectively). Table 31 shows the classification results
for the 28 postures that are lower, with the highest average value of 65.18% achieved by the
SVM algorithm. Figure 31 presents the confusion matrices for both the FFANN and SVM
algorithms, showing that, despite the drop in accuracy when classifying the 28 postures
compared to the four postures, both algorithms can classify most postures effectively.

Table 31. Classification of the 28 postures by the FFANN and SVM algorithms.

Algorithm Initial K-Fold LOGO
Accuracy: 66.72% Accuracy: 65.18% Accuracy: 67.17%
SVM Recall: 66.72% Recall: 65.18% Recall: 64.16%
F1-Score: 66.42% F1-Score: 65.23% F1-Score: 67.17%
Accuracy: 62.01% Accuracy: 62.82% Accuracy: 63.90%
FFANN Recall: 62.01% Recall: 62.82% Recall: 60.49%
F1-Score: 61.50% F1-Score: 62.94% F1-Score: 63.90%
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Figure 31. Confusion matrix of FFANN and SVM.
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5. Discussion

This section presents the discussion of the results of the experiments described in
the previous section. The results are discussed in relation to the initial study objectives
and compared with findings from other studies that analyzed pressure data from sensors
placed under and over mattresses.

Table 32 summarizes the results obtained at each stage: initial training and testing,
K-Fold cross-validation, and LOGO for each algorithm showing that eight out of the ten
algorithms achieved an average accuracy above 90% in both K-Fold cross-validation and
LOGO, with the SVM and FFANN algorithms achieving the highest average accuracy
values. Figure 32 presents a comparison of the average accuracy values of all algorithms.

Table 32. Results of all algorithms.

Algorithm Accuracy K-Fold LOGO

Max: 96.06% Max: 100%

KNN 93.66% Min: 87.59% Min: 64.76%
Avg: 92.02% Avg: 93.28%

Max: 98.65% Max: 100%

SVM 98.54% Min: 94.70% Min: 76.19%
Avg: 96.55% Avg: 97.14%

Max: 83.23% Max: 97.26%

DT 77.08% Min: 76.11% Min: 53.09%
Avg: 79.14% Avg: 80.03%

Max: 96.37% Max: 100%

RF 93.79% Min: 92.09% Min: 72.38%
Avg: 94.19% Avg: 94.70%

Max: 97.90% Max: 100%

GB 94.61% Min: 94.43% Min: 72.61%
Avg: 95.77% Avg: 96.63%

Max: 91.61% Max: 99.40%

NB 84.58% Min: 80.64% Min: 35.11%
Avg: 84.87% Avg: 85.00%

Max: 99.47% Max: 100%

FFANN 96.48% Min: 97.60% Min: 74.64%
Avg: 98.93% Avg: 96.69%

Max: 92.06% Max: 99.88%

TCN 91.01% Min: 89.22% Min: 67.85%
Avg: 90.98% Avg: 93.00%

Max: 95.76% Max: 99.40%

CNN 93.08% Min: 94.11% Min: 71.30%
Avg: 94.91% Avg: 91.99%
Max: 97.31% Max: 97.16%

ResNet-18 95.99% Min: 94.54% Min: 94.54%
Avg: 95.76% Avg: 95.71%

As mentioned in a previous study [11], the best algorithms are typically neural
network-based, except for SVM, which consistently shows strong accuracy. In most cases,
Neural Network (NN) continues to outperform other algorithms, except for TCN, which in
this case showed a slightly lower average accuracy. The FFANN algorithm achieved the
highest average accuracy at 98.93%. SVM remains an exception by performing well and
keeping pace with neural networks [11]. The RF and GB algorithms also prove to be com-
petitive, reaching accuracy levels close to those of neural networks, although slightly lower.
Regarding, recognition using image formats, CNN and ResNet-18 algorithms demonstrated
strong performance, with CNN ranked 5th and ResNet-18 ranked 4th in average K-Fold
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accuracy, confirming that these algorithms can accurately analyze and classify posture in
most cases.
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Figure 32. Comparison of the average accuracy values of all algorithms.

The comparison of these results with those from other studies that used posture recogni-
tion with pressure sensors reveals the predominant use of NN algorithms (Tables 33 and 34)
and underscores the effectiveness of these algorithms in classification problems. The use of
pressure sensor matrices placed under the mattress is a viable, efficient, and less intrusive
approach that can achieve good results. Although [14] used a combination of algorithms
and a larger number of positions, direct comparison with these results is limited because
they refer to the person’s position in relation to the bed rather than their posture. However,
even when considering only four postures, the accuracy obtained in this study is signifi-
cantly higher, for example, FFANN achieved an average accuracy of 98,93% using K-Fold
cross-validation and 96.69% using LOGO.

Table 33. Studies that use pressure sensors over mattresses.

Ref. N° Postures Algorithm Accuracy
[14] 5 * NN + Bayesian 5 Postures: 91.50%
Network 3 Postures: 89.9%
K-Fold: 99%
[15] 2 FENN LOSO: 93%
Sleep: 91.3%
[16] 3 TCN Wake: 66.6%

Body-Position: 95.8%
* Identified the person’s position in relation to the bed but not specifically their posture when lying down.

Table 34. Studies that use pressure sensors under and on top of mattresses.

Studies with pressure sensors under mattresses [14-16]

Studies with pressure sensors on top of mattresses [9,11]

Five algorithms were used, KNN, SVM, DT, RF, and MLP, in [9] to investigate how
the number of classes and pressure map resolution affect the classification of bedridden
individuals” postures. The accuracy of these algorithms was analyzed across different
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combinations of posture counts (4 and 28) and input data resolutions, varying the matrix
resolution, showing that NN-based algorithms, particularly MLP, tended to achieve higher
accuracy, reaching up to 99% in some scenarios when considering four postures, while the
other algorithms were primarily used for comparison. Also, reducing the matrix resolution
from 64 x 27 to 16 x 7 slightly decreases accuracy but becomes more significant for sensor
map resolutions lower than 16 x 7. A comparison of the four posture results to the present
study results revealed similar accuracies in both studies. Slightly higher values were
obtained for the 64 x 27 matrix (Table 35), except for SVM, but slightly lower values were
recorded for the 16 x 7 matrix (Table 36) [9]. In the present study, the average accuracy
values recorded using a 12 X 6 matrix were higher in some instances, even considering that
the sensor sheet was placed underneath the mattress, unlike in [9], where the sensor sheet
was placed on top of the mattress. Indeed, the highest average accuracy value of 96.55%
was achieved using the SVM algorithm.

Table 35. Comparison with study [9], with matrix 64 x 27 and 4 postures.

Algorithm K-Fold 5—Average Accuracy
This Study [91
KNN 92.02% 92.07%
SVM 96.55% 91.25%
DT 79.14% 80.05%
RF 94.19% 95.37%

Table 36. Comparison with study [9], with matrix 16 x 7 and 4 postures.

Algorithm K-Fold 5—Avg. Accuracy
This Study [91
KNN 92.02% 91.34%
SVM 96.55% 91.16%
DT 79.14% 79.07%
RF 94.19% 95.29%

Regarding 28 postures, the accuracies were lower in both studies [9] compared to the
four main postures (Table 37). Although the algorithms used in the 28-posture experiments
differ between the two studies, direct comparison is possible only for the SVM algorithm,
showing that the SVM achieved higher accuracy in the present study (65.18% vs. 58.25%).
Although the accuracy was lower compared to the 4-posture experiment, it is important to
note that classifying 28 postures is inherently more complex due to the increased number of
classes. Hence, these results are in line with expectations, as adding more classes typically
leads to a reduction in accuracy due to the higher complexity of classification.

Table 37. Comparision with study [9], with 28 postures.

Algorithm K-Fold 5—Avg. Accuracy
This Study [9]
SVM 65.18% 58.25%
RF 63.06%
MLP 59.10%
FFANN 62.82%

The algorithms used in this study, despite being applied to the data from the 12 x 6 sensor
sheet placed under the mattress, achieved highly positive results, even when compared to
data obtained from the sensor sheet placed on top of the mattress [9]. This was particularly
evident for the SVM algorithm for classifying 28 postures and may be partly due to the
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methods employed in training the models and the use of optimization techniques to find
the best parameters. In the present study, GridSearchCV was used to help identify the
most suitable configuration for the SVM model, possibly allowing the model to better
adapt to the complexity of classifying 28 postures, resulting in higher accuracy. However,
the feasibility of classifying the four main postures using sensor sheets placed under the
mattress is evident, with promising results for a more rigorous classification of the postures
when considering all 28 postures.

6. Conclusions

This study demonstrated the feasibility of using machine learning (ML) algorithms to
classify postures based on pressure maps obtained from sensor sheets placed underneath
the mattress. This approach is not only less intrusive but also effective, with average
classification accuracies reaching up to 98.93% using K-Fold cross-validation and 97.14%
using LOGO with the FFANN and SVM algorithms achieving the highest accuracy. When
considering 28 postures, this study shows a significant improvement over previous studies,
both in terms of the number of postures considered and the accuracy achieved. Although
the accuracy was lower than when only the 4 main postures were considered, in this case,
with the SVM achieving 65.18% in K-Fold validation, it demonstrates that the proposed
approach remains effective even with more complex tasks.

This study also compared outcomes with previous research that used data from
pressure sensors placed under the mattress to classify postures, noting that even with fewer
postures, the accuracy achieved was significantly higher. Comparisons with other studies
that used sensor sheets placed on top of the mattress show that the results are very similar
and, in some cases, surpass them when a similar number of sensors is considered.

Future research could explore approaches using sensor sheets with different numbers
of sensors and consider a greater number of postures or variations of the four main postures
to assess the feasibility of this approach under different conditions.
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