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With the population ages, many patients are unable to receive comprehensive care, leading to an 
increase in hazardous incidents, particularly falls occurring after getting out of bed. To address this 
issue, this paper proposes a method for recognizing bed-exit intentions using an array air spring 
mattress. The method integrates convolutional neural networks with feature point matching 
techniques to identify both global and local features of the array air spring. For global features, a 
one-dimensional focal loss convolutional neural network (1D-FLCNN) model is employed to classify 
eight internal pressure time series and determine bed-exit status based on global features. For 
local features, the distribution matrix and feature point matrix of the internal pressure features are 
extracted to represent the spatial distribution of bed-exit postures. Euclidean distance is utilized to 
measure the similarity between these matrices and match bed-exit postures. Finally, the recognition 
results from both feature types are combined using a logical OR operation to produce the final result. 
Experimental validation confirms that the proposed method greatly improves the anti-interference 
capability and effectively avoids the problem of non-recognition due to body position and external 
environment.
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The process of getting out of bed in older adults is a common stage for falling incidents1–3, which can lead to 
traumatic brain injury (TBI) and soft tissue injury (STI)4. Falls are the second leading cause of unintentional 
injury deaths worldwide, presenting a significant health risk for the elderly5,6. Therefore, it is essential to 
promptly alert caregivers or family members if an elderly individual at high risk of falling is observed sitting up 
or attempting to leave the bed, as this can help prevent falls7,8. Although air spring mattresses are widely used in 
nursing, research on their effectiveness in health tracking, auxiliary technologies, and sleep posture recognition 
remains limited9–11. Moreover, studies on detecting bed-exit intention are scarce. This paper proposes a method 
for identifying bed-exit intention using an air spring mattress equipped with air pressure sensors. This research 
is both important and urgent, as it can provide valuable technical support to enhance patient care and quality 
of life.

Current research on bed-exit intention recognition in the nursing field primarily focuses on monitoring 
changes in global and local features. Global and local features are distinguished based on their scope and the 
level of information they provide.

Generally, global features primarily include pressure image12, temperature distribution13, visual 
surveillance14,15and pressure distribution16. For example, Lin et al17. developed a low-complexity system that 
monitors out-of-bed activities by analyzing a series of narrow-field images. Gutierrez et al18. created a body 
posture monitoring system using far-infrared (FIR) images, which uses the relative motion of body joints to 
monitor out-of-bed posture. Inoue et al19. employed long short-term memory (LSTM) to differentiate bed-exit 
movements from other types of movements. Zhang et al20. designed a multi-parameter passive wireless flexible 
sensor (MPWFS) to monitor pressure and temperature, using an array to track off-bed postures. Valero et al21. 
developed a health and sleep care assistant that uses intelligent sensors to detect bed vibrations during physical 
activities and continuously monitor bed activity. Monitoring global features22,23 for recognizing human behavior 
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offers several advantages, such as high accuracy, non-invasiveness, and real-time capability. However, it also has 
certain limitations, including reduced granularity and susceptibility to environmental factors.

Local features commonly used in intention recognition include localized temperature24, switch signals25, 
angle signals, localized pressure distribution26,27and sound signals. For example, Ruiz et al28. developed an out-
of-bed posture monitoring system using an inertial measurement unit (IMU) and three pressure sensors, capable 
of recognizing three types of lying postures and transitions between sitting in bed and sitting bedside. Lin et 
al29. proposed a in/out of bed posture monitoring system based on a chest-worn wearable device, which uses a 
triaxial accelerometer and gyroscope within a nine-axis inertial sensor to determine the user’s posture. Woltsche 
et al30. employed portable video monitors (PVM) to identify out-of-bed posture by detecting noise generated 
from patient movements and alerting caregivers through the sound on the screen. Monitoring local features 
offers advantages such as privacy protection, diversity, and adaptability, but it also faces challenges including 
incomplete information and susceptibility to body position.

From the current research, it is evident that bed-exit intention recognition is primarily limited to either 
global or local feature recognition. Single-feature recognition is prone to environmental and body position-
related errors. For this problem, the paper proposed a bed-exit intention recognition method based on the time 
series31 and the feature points matching of air spring internal pressure to identify the dangerous state of bed-exit 
intention, which can effectively avoid the problem of incorrect recognition due to the environment and body 
position.

Materials and methods
Air spring mattress platform
In this paper, an array air spring mattress experimental platform was constructed independently for experimental 
data acquisition, as depicted in Fig. 1. The platform comprises 67 air springs, each connected to an individual air 
pressure sensor. To enhance the mattress’s comfort, a diagonal wedge configuration was employed for the middle 
two columns of air springs, resulting in 17 air springs in one column and 16 in the other.

The platform is structured into three layers: the main control layer, the communication layer, and the 
execution layer, as illustrated in Fig.  2. Figure  3(a) presents the pneumatic diagram of the mattress control 
system, showing the connections between the pressure sensor, solenoid valve, air spring, air pump, and gas 
holder. Data filtering in this study was performed using digital techniques within the signal acquisition circuitry. 
A low-pass filter was initially applied to mitigate high-frequency noise, such as tremors from bedridden patients. 
For data preprocessing, a sliding window with a time step of 1 was used, and median filtering was selected as the 
filtering method. After applying both the low-pass filter and median filtering, stable sensor data were obtained. 
The results of the data filtering are shown in Fig. 3(b).

Fig. 2.  Structure of array air spring mattress.

 

Fig. 1.  Array air spring mattress platform.
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Research method
In elderly care, specific postures including sitting in bed, sitting at bedside, transitioning from a supine position 
to sitting, and turning back serve as critical indicators for monitoring the bed-exit intentions32,33. By observing 
the occurrence or changes in these postures, the bed-exit intention of the elderly individual can be analyzed. 
Figure 4 illustrates the overall framework of the method. The detailed algorithm flow is given in Algorithm1.

Fig. 4.  Overall framework.

 

Fig. 3.  Air spring mattress pneumatic system and data filtering (a) pneumatic system (b) the data filtering 
results.
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Algorithm 1 Method of bed-exit intention based on the global and local features.

The method contains two main parts. On the one hand, the 1D-FLCNN model is utilized to explore the time 
series and bed-exit posture mapping relationship of the air spring internal pressure distribution. On the other 
hand, the spatial distribution of the internal pressure is further employed to extract the feature points matrix 
based on the distribution properties of the human body load to obtain a better local feature expression, and the 
Euclidean distance is used for feature point matching. The two parts of recognition results are integrated through 
logical OR operation to output the result. The details are as follows.

(1) Global feature (Time series).
The single-point total pressure data are organized chronologically to form an internal pressure time series. 

This dataset is randomly divided into training and testing sets for training a 1D-FLCNN classification model. 
The model is trained to identify eight internal pressure time series, namely lie-down, sitting in bed, sitting in 
bedside, nobody, backpart-lifting, turn-back, out of bed, and fall bed. The time series are divided into four 
dangerous states of the bed-exit intention. Falling out of bed is determined if the recognized time series indicates 
fall bed. A general intention to get out of bed is inferred if the identification shows sitting in bed and backpart-
lifting. A strong intention to get out of bed is discerned when it is recognized as sitting in bedside and turn-back. 
Finally, getting out of bed is concluded if it is identified as out of bed and nobody.

(2) Local features (Feature points matching).
Firstly, the distribution matrix of the internal pressure features spatial distribution of bed-exit posture is 

extracted. Then, based on the threshold of bed-exit posture distribution matrix, the feature points matrix is 
obtained. Euclidean distance measures the similarity between the distribution matrix and the feature points 
matrix to match five postures: lie-down, backpart-lifting, right turn-back, left turn-back and out of bed. Next, 
the similarity results form a posture sequence, which is analyzed to determine the order of bed-exit postures. 
Sequences are interpreted as follows: a progression from lie-down to out of bed indicates a fall; lie-down to 
backpart-lifting suggests a general intention to get out of bed; lie-down to backpart-lifting to right/left turn-back 
indicates a strong intention; and lie-down, backpart-lifting, right/left turn-back, out of bed confirms that the 
user has exited the bed. Other sequences do not trigger alerts.

Ultimately, the two parts of recognition results are integrated through logical OR operation to output the 
result. The calculation logic is described in Eq. (1).

	
Osi|Otj =

{
Osi , i ≤ j

Otj , i > j
(i, j = 1, 2, 3, 4)� (1)

where Os1, Os2, Os3, Os4 and Ot1, Ot2, Ot3, Ot4 respectively represent the four bed-exit intention dangerous states 
of falling out of bed, leaving the bed, strong intention, and general intention to get out of bed identified by the 
global and local feature part.
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Based model
1D-FLCNN
The time series of air spring internal pressure typically exhibits characteristics such as multiple parameter 
correlations and dynamic variations, which makes feature extraction challenging. The 1D-CNN model effectively 
matches these data characteristics due to its simple structure, strong feature extraction capabilities, and efficient 
computational performance. Compared to other more complex models, the 1D-CNN model is better suited for 
handling time series data and extracting essential features. This paper utilizes the feature extraction capability of 
1D-CNN and the attention to difficult-to-distinguish samples of FL to achieve accurate classification of internal 
pressure series.

In traditional 1D-CNN34–36 model, square error or cross-entropy is commonly used as the loss function for 
classification, treating each category in the dataset equally without considering variations in sample difficulty. To 
enhance classification accuracy, this paper employs the FL function instead of conventional cross-entropy loss. 
The FL function increases the misclassification weight of difficult samples and decreases that of normal samples, 
thereby improving the model’s focus on challenging cases. Based on this, the 1D-FLCNN sample classification 
model is proposed.

Focal Loss (FL), proposed by Lin et al37. to address the issue of class imbalance in object detection, enhances 
the standard cross-entropy loss function. Its main idea is to reduce the weight of easily classified samples, 
enabling the model to prioritize challenging samples during training. For an m-class problem with a total of n 
training samples, the cross-entropy loss can be represented as Eq. (2).

	
L = −

n∑
i=1

m∑
j=1

yij log2 p
i
j = −

n∑
i=1

log2 p
i
j� (2)

where pij  represents the probability of sample i being predicted as class j, and yij  denotes the true class label of 
that sample.

The 1D-FLCNN model structure in this paper is shown in Fig.  4. The front-end network consists of three 
alternating convolution and pooling layers, and the back-end network connects two fully connected layers. The 
convolution layer can extract deeper features of signals, and a pooling layer is added after each convolution 
layer to reduce the data dimension and improve the training efficiency. The fully connected layer maps data 
features into a one-dimensional vector to input to the classifier. When calculating the classification loss, different 
classification weights are assigned to challenging samples and normal class samples by setting the values of 
parameters α and γ in the Focal Loss. The accurate recognition of various types of samples is achieved through 
the powerful feature extraction capability of 1D-CNN and the attention given to challenging samples by Focal 
Loss.

Feature points matching
The feature point matching method proposed in this paper considers the distribution matrix of posture pressure 
features and the feature point matrix. It employs the Euclidean distance to measure similarity, enabling accurate 
matching of bed-exit postures and comprehensive analysis of posture sequences for status determination.

Pattern matching involves two main steps: feature extraction and similarity measurement. Feature extraction 
reduces the data dimension by transforming the original data to extract the most relevant information. Similarity 
measurement takes the reduced-dimension feature sequences as input and calculates the distance between two 
sequences by the distance measurement formula. The smaller distance indicates the higher similarity between 
the two sequences. Common pattern matching methods include dynamic time warping (DTW38), Euclidean 
distance (ED39), and singular value decomposition (SVD40), among others.

For general generality, the similarity between the distribution matrix P of real-time postures and the feature 
points matrices Pi of the bed-exit postures is assessed using the square of the Euclidean distance. This method 
is widely applied in the fields of pattern recognition and feature matching due to its effectiveness in handling 
continuous data and high-dimensional spaces. The Euclidean distance algorithm is straightforward, easy to 
understand, and implement, making it versatile for various application scenarios. The equation is as follows:

	
DED(P, Pi) =

4∑
j=1

4∑
h=1

[P (j, h)− Pi(j, h)]
2� (3)

where P (j, h) and Pi (j, h) are the elements on row j and column h of P and Pi, respectively.

Experimental design
Time series data collection experiment
The time series data collection experiment is described in Fig. 5. The participants lie on the array air spring 
mattress to conduct the experiment. Due to the uncertainty in the participant’s bed-exit intention state while 
on the bed, long-term data monitoring is required. In this paper, video recordings and marking method is 
employed to extract internal pressure time series dataset. The dataset creation process involves two main steps. 
First, participant behavior on the bed is recorded via video surveillance, with corresponding internal pressure 
time series data captured simultaneously. The video recordings and internal pressure time series data share the 
same time stamps. Second, the video segments are replayed, and the collected internal pressure time series data 
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are segmented and labeled at consistent time intervals according to these time stamps. The labels correspond 
to the participant’s postures on the array air spring mattress, resulting in a labeled dataset after segmentation. 
The testing set is a subset of the dataset, randomly selected for evaluating the model’s performance. The study 
involved a total of 30 participants, generating 4800 sets of data, with 600 sets for each of the eight-time series. In 
this paper, 70% of the time series dataset was allocated for training, 15% for validation, and the remaining 15% 
for testing.

The sensing of internal pressure in the mattress is accomplished using 67 sensors. The pressure values from 
each air spring are summed, and the resulting total pressure data are arranged in chronological order to form an 
internal pressure time series. This time series consists of 70 transient total pressures collected over a period of 3 
s. To ensure consistency, the time series is normalized. The treatment formula is

	
Ai =

67∑
i=1

pi� (4)

	 X = [A1, A2, A3, ..., A70]� (5)

	
XT =

X −X.min

X.max−X.min
� (6)

where Ai is the transient total pressure, X is the internal pressure series, X.min is the minimum value of X, X.max 
is the maximum value of X, XT is a one-dimensional array after normalization.

The randomly selected preprocessed time series samples are illustrated in Fig. 6. Among them, (a), (b), (c), and 
(d) represent the time series of participants in a single posture. Conversely, (e), (f), (g), and (h) represent the time 
series of participants in variable postures. The x-axis represents the sequential numbering of time series points, 
while the y-axis represents normalized internal pressure values.

Feature points extracting experiment
The air pressure perception experiments were performed to obtain the spatial distribution of the load of the 
bed-exit posture on the air spring mattress. According to the spatial distribution of posture load and the degree 
of correlation, the interference of secondary information was eliminated, and the real-time pressure distribution 
matrix D was integrated into a distribution matrix P. Subsequently, a threshold-based method was then used 
to extract internal pressure distribution feature points from regions covered by the distribution matrix for each 
bed-exit posture. These feature points were then incorporated into the distribution matrix P to form the feature 
points matrix Pi. The feature matrix represents the postures: lie-down, backpart-lifting, right turn-back, left 
turn-back, and out-of-bed.

The air pressure perception experiments involved 20 male and female participants, who provided data on 
internal pressure distribution for various bed-exit postures. Significant changes in pressure distribution from the 
initial state were analyzed, with regions exhibiting prominent pressure changes being extracted.

The findings of air pressure perception experiments are illustrated in Fig.  7. The x-axis denotes the row 
number of the air spring array, the y-axis represents the column number, and the z-axis indicates the number of 
participants exhibiting significant pressure changes. Figure 7(a) shows notable variations in pressure distribution 
within the back and hip regions for the lie-down posture. Figure 7(b) highlights pronounced changes in the hip 
region for the backpart-lifting posture. Figure 7(c) shows notable variations in pressure distribution within the 
hip and its lateral regions in the right/left turn-back posture. Figure 7(d) combines the results from (a), (b), and 
(c) to present the integrated spatial distribution of bed-exit postures on the array air spring mattress. For the 
out-of-bed, the distribution features do not require statistical analysis since they are identical to the initial state. 
The spatial distribution of the bed-exit postures can be represented by combining the air springs’ combinations 
at specific positions listed in Table 1.

To ensure the integrity and effectiveness of the real-time internal pressure matrix D, a supplementary element 
of 0 is utilized to fill in missing elements. This supplementary value does not impact the proposed method and 
can be any numerical value. Figure 8(a) illustrates the process of extracting the distribution matrix P, with the 
numbers indicating the air spring positions, which correspond to the pressure sensors.

Fig. 5.  Time series data acquisition experiment.
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Fig. 7.  The findings of air pressure perception experiments (a) Lie-down (b) Backpart-lifting (c) Right/Left 
turn-back (d) Sum of postures.

 

Fig. 6.  Samples of each time series.
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D =




p1 p18 p35 p51
p2 p19 p36 p52
... ... ... ...

p16
p17

p33
p34

p50
0

p66
p67




� (7)

	

P =




a11 a12 a13 a14
a21 a22 a23 a24
a31 a32 a33 a34
a41 a42 a43 a44


 =




p4+p5+p6
3 p20 p36

p54+p55+p56
3

p7 p23 p40 p57
p8 p24 p41 p58

p9+p10
2 p25 p42

p59+p60
2


� (8)

where p1, p2 … p67 is the internal pressure value of the array air spring, D is internal pressure distribution of the 
array air spring mattress, P is the distribution matrix.

Following the extraction of the distribution matrix P, threshold experiments were conducted under the working 
state of the air springs, collecting the internal pressure values before and after each bed-exit posture. Due to 
limited space, only the threshold experimental results of the airbag 20 in the lie-down posture are presented in 
Fig. 8 (b). The x-axis represents the sequence number of the threshold extraction experiment, and the y-axis 
represents the internal pressure value. The threshold extraction formula is shown as Eq. 9.

	
T =

Ls.min−Fs.max

2
+ Fs.max� (9)

where Ls.min is the minimum internal pressure value of each behavior state, Fs.max is the maximum internal 
pressure value of the initial state of each behavior, T is the threshold of each behavior.

The thresholds extracted from the experiments are defined as feature points. The thresholds obtained from these 
experiments are defined as feature points, which are then applied to the distribution matrix to create the feature 
matrix Pi. The feature matrix represents the postures: lie-down, backpart-lifting, right turn-back, left turn-back, 
and out-of-bed. The corresponding feature points matrices are demonstrated in Eqs.  10–14. All the non-p0 
elements in the matrix are the corresponding feature point, and p0 is the initial standard internal pressure.

Fig. 8.  Feature points extracting (a) schematic diagram of the distribution matrix P extraction (b) the 
threshold extraction experimental of airbag 20.

 

Posture Spatial distribution

Lie-down Air spring 20, 23, 36, 40

Backpart-lifting Air spring 24, 25, 41,42

Right turn-back Air spring 24, 25, 7, 8, 4, 5, 6, 9, 10

Left turn-back Air spring 40, 41, 57, 58, 54, 55, 56, 59, 60

Out-of-bed All the above air springs

Table 1.  The spatial distribution of the load of the bed-out posture.
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P1 =




p0 pl20 pl36 p0
p0 pl23 pl40 p0
p0 p0 p0 p0
p0 p0 p0 p0


� (10)

	

P2 =




p0 p0 p0 p0
p0 p0 p0 p0
p0 pb24 pb41 p0
p0 pb25 pb42 p0


� (11)

	

P3 =




prtre1 p0 p0 p0
prt7 p0 p0 p0
prt8 prt24 p0 p0
prtre2 prt25 p0 p0


� (12)

	

P4 =




p0 p0 p0 pltle1
p0 p0 plt40 plt57
p0 p0 plt41 plt58
p0 p0 p0 pltle2


� (13)

	

P5 =




p0 p0 p0 p0
p0 p0 p0 p0
p0 p0 p0 p0
p0 p0 p0 p0


� (14)

where P1 is the lie-down feature points matrix, pl20,  pl23,  pl36,  pl40 are the feature points of internal pressure 
distribution in lie-down, P2 is the backpart-lifting feature points matrix, pb24, pb25, pb41, pb42 are the feature points of 
internal pressure distribution in backpart-lifting, P3 is the right turn-back feature points matrix, prtre1, prt7 , prt8 , prtre2
, prt24, prt25 are the feature points of internal pressure distribution in right turn-back, P4 is the left turn-back feature 
points matrix, pltle1, plt57, plt58, pltle2, plt40, plt41 are the feature points of internal pressure distribution in left turn-back, 
P5 is the out-of-bed feature points matrix, p0 is the initial standard internal pressure.

Results and analysis
Global feature
The 1D-FLCNN classification model is trained using the Adam optimizer, with a Batch size of 64. The learning 
rate is set to 0.001, and it iterates 200 times. Setting the value of parameter α in Focal Loss to 1 and setting the 
γ value based on empirical values as 2 can increase the misclassification weight for challenging samples. The 
specific parameters for the classification model are presented in Table 2. In this table, the convolution layer 
parameters are denoted within parentheses as follows: input channel, output channel, convolution kernel size, 
and step size. The pooling layer parameters consist of the pooling kernel size and step size. Additionally, the full-
connection layer parameters, also enclosed in parentheses, indicate the number of nodes in the previous layer 
and the current layer.

To evaluate the effectiveness of the 1D-FLCNN model in recognizing each time series, the confusion matrix 
of the testing set results is examined, as depicted in Fig. 9 (a). Accuracy, derived from the confusion matrix, is 
defined as the ratio of correctly predicted instances to the total number of instances in the dataset. With only 4 
misclassified samples out of 720 in the test set, the accuracy rate is 99.44%. To further validate the effectiveness 
of the 1D-FLCNN model in recognizing bed-exit intention time series, both the training set and testing set 

Structure Key parameter

Input —

Conv1D + Relu (1, 32, 1, 1)

MaxPooling1D (2, 2)

Conv1D + Relu (32, 64, 1, 1)

MaxPooling1D (2, 2)

Conv1D + Relu (64, 128, 1, 1)

MaxPooling1D (2, 2)

Fully connected + Relu (1024, 128)

Fully connected + Relu (128, 8)

Table 2.  Parameter setup of 1D-FLCNN.
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are utilized for comparison with other models: Long Short-Term Memory (LSTM), Temporal Convolutional 
Network (TCN) and 1D-CNN. The recognition results of each model’s testing set are presented in Table 3.

The testing set confusion matrix comparison of different classification models are shown in Fig.  9. The 
y-coordinate represents the real category, and the x-coordinate represents the predicted category. The elements 
on the diagonal represent the number of samples correctly classified, while the off-diagonal elements represent 
the number of samples misclassified. The 1D-FLCNN model demonstrates the highest accuracy among the 
models, whereas the other models show notably poorer performance in recognizing the nobody time series, 
as depicted in Fig. 9. Comparing the confusion matrices reveals that the 1D-FLCNN model provides the most 
effective recognition of bed-exit intention time series in this study.

Local features
The distribution matrix P of a randomly selected lie-down posture was performed to similarity matching 
experiments with feature points matrices Pi for bed-exit postures, to evaluate the accuracy of the similarity 
matching. The matching results are shown in Fig. 10. The x-axis represents the elements of the feature point 
matrix, and the y-axis represents the internal pressure values. The experimental results indicate that the 

Classification model Testing set accuracy

1D-FLCNN 99.44%

LSTM 98.05%

TCN 97.50%

1D-CNN 96.94%

Table 3.  Accuracy of different models on the testing set.

 

Fig. 9.  Testing set confusion matrix comparison of different classification models.
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distance DED (P, P1) between the distribution matrix P and the lie-down feature points matrix P1 is the smallest, 
significantly lower than the distances to the feature points matrices for other postures, demonstrating superior 
matching performance.

The similarity measurement result Sm is formed into the posture sequence St based on their order of 
occurrence, as depicted in Eq. (16).

	 Sm = i = min[DED(P, Pi)]� (15)

	 St = [S1, S2, ..., Sm]� (16)

In the detection of bed-exit state, six distinct posture sequences are defined as follows: S1= [1, 2], S2 = [1, 2, 3], S3 = 
[1, 2, 4], S4 = [1, 2, 3, 5], S5 = [1, 2, 4, 5], S6 = [1, 5]. In these sequences, 1 denotes lie-down, 2 represents backpart-
lifting, 3 signifies right turn-back, 4 indicates left turn-back, and 5 corresponds to out-of-bed. Specifically, the 
S1 posture sequence represents a general bed-exit intention. The S2 and S3 posture sequences convey a strong 
bed-exit intention. The S4 and S5 posture sequences indicate that the user has already left the bed. Lastly, the S6 
posture sequence suggests that a fall event has occurred.

The method based on internal pressure feature points pattern matching enables fast real-time posture 
recognition in a dynamic environment, catering to the demands of rapid response for real-time applications. 
Since it matches the local features of the internal pressure distribution of the array air springs, it can effectively 
avoid environmental disturbances and compensate for the shortcomings of the global feature recognition 
method.

Verification experiment
In this paper, the proposed method uses a combination of global and local features of the air spring internal 
pressure. To verify the effectiveness and anti-interference ability of this method, the ten experimenters were 
recruited to conduct relevant experiments. The primary goal was to verify the accuracy of identifying bed-
exit intention using the methods of local feature, global feature, and a combination of local and global feature 
in different special environments, respectively. In the experimental environment, normal conditions refer to 
the participant lying in the center of the bed without any external disturbances. The special positions refer to 
edge positions assumed by the participants during the experiment, deviating from the normal process. Special 
environments simulate real-life scenarios, including irregular movements in bed and disturbances caused by 
objects on the bed. Each environment was tested 100 times, totaling 400 experiments. The accuracy rates of the 
three methods for detecting bed-exit intention were statistically analyzed, with the results presented in Table 4.

The experimental results for specific positions demonstrated that the accuracy of bed-exit intention 
identification using the local feature method was 83%. Meanwhile, the combined local and global feature 
method was 95%, indicating that this method effectively addresses the problem of failure to recognize in specific 
positions. The local features method is significantly influenced by body position but minimally affected by the 
environment.

Fig. 10.  The Euclidean distance of postures (a) Lie-down (b) Backpart-lifting (c) Right turn-back (d) Left 
turn-back (e) Out-of-bed.
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In contrast, the experimental results obtained in specific environments indicated an accuracy of 86% in 
identifying the bed-exit intention using the global feature method. Additionally, the combined local and global 
feature method achieved an accuracy of 92%, effectively alleviating the issue of recognition errors in specific 
environments. The global features method is more susceptible to interference from the environment while 
experiencing less interference from body position.

From the above experimental results, the method combination of global features and local features can 
effectively avoid the influence of location and environment, address the limitations of single-feature recognition, 
and enhance the recognition of bed-exit intention with an accuracy of 93.5%.

Discussion
This paper innovatively proposes a bed-exit intention recognition method based on an array air spring mattress. 
For the field of bed-exit intention recognition, the comparison between the proposed research method and 
other research methods is shown in Table 5. Current approaches in bed-exit intent recognition primarily involve 
flexible sensors, wearable sensors, and machine vision. This paper proposes a bed-exit intention recognition 
method based on an array air spring mattress. Current approaches in bed-exit intent recognition primarily 
involve flexible sensors, wearable sensors, and machine vision. Compared to other systems, the method 
proposed in this paper exhibits significant advantages in multiple aspects. It completes the gap in the field of bed-
exit intention recognition in air-spring rehabilitation aids and provides valuable insights for its development. 
Technologically, the proposed method integrates convolutional neural networks and feature point matching 
techniques. It can not only capture the global features of pressure distribution on the air spring mattress but also 
detect local features, realizing comprehensive recognition of bed-exit intention postures and states. It improves 
the anti-interference capability and effectively avoids the problem of non-recognition due to body position and 
external environment. In terms of cost, the production and deployment of air spring mattresses are relatively 

Ref Recognize status /positions Accuracy Algorithm Type of sensors
12 5 96.8% Nonlinear support vector machine (NSVM) Pressure sensor
13 4 89.0% Histogram of oriented gradient (HOG) + Principal component analysis (PCA) Thermopile array sensors
16 4 89.0% Multilayer perceptron machine learning Pressure sensor
17 3 95.0% Yolov4-tiny Monocular camera
19 3 99.2% LSTM Monocular camera
21 3 98.0% SVM Vibration sensors
26 7 93.5% Threshold-based algorithms (TBA) Pressure sensor
28 3 97.8% Neural network (NN) + Bayesian network Pressure and IMU sensors
29 5 95.0% Madgwick algorithm + Finite-state machine (FSM) Wearable sensors

Ours 4 93.5% 1D-FLCNN + Feature point matching Air pressure sensors

Table 5.  Comparison with other research methods.

 

Table 4..   Verification experiment of bed-exit intention.
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lower compared to traditional flexible pressure sensor12,16methods. This is due to the simplified manufacturing 
process of the air spring mattress, low material cost, low maintenance and use cost, durability, and no frequent 
maintenance calibration. Our method does not require patients to wear any devices or additional sensors, 
significantly improving patient comfort. Traditional wearable sensors20,29may affect sleep quality and comfort. 
Additionally, the contactless recognition of bed-exit intentions using the air spring mattress avoids the use of 
cameras and other devices that could raise privacy concerns. Compared to machine vision14,17–19 methods, 
this approach mitigates potential privacy issues, making it more suitable for environments with high privacy 
requirements.

Nevertheless, challenges such as interpreting internal pressure changes and managing device complexity 
remain for our method. Future research will further explore the influence of environmental factors on internal 
pressure changes, optimize the design of arrayed air spring mattresses and sensor layouts, and simplify the 
devices to enhance usability.

Conclusion
This paper explores a method for recognizing bed-exit intention based on internal pressures features of the array 
air springs. The method utilizes 1D-FLCNN to identify the global features of the internal pressure and employs 
feature points matching technique to recognize the local features of the internal pressure distribution. The 
proposed 1D-FLCNN sample classification model, based on FL and 1D-CNN, effectively classifies eight different 
internal pressure time series. Additionally, the feature point matching method can identify five bed-exit postures 
according to the pressure distribution characteristics of the array air spring. This recognition method combines 
global features and local features to realize the comprehensive recognition of bed-exit intention. Experimental 
validation confirms that the proposed method greatly improves the anti-interference capability and effectively 
avoids the problem of non-recognition due to body position and external environment. This study improves 
the nursing system based on smart nursing mattresses and provides valuable insights for the development of 
intention recognition in air-spring rehabilitation aids.

Data availability
The data that support the findings of this study are available from the corresponding author upon reasonable 
request.
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