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Abstract: A human health status recognition method based on association
algorithm is proposed to address the problems of low recognition accuracy, low
correlation of health data collection, and long recognition time in existing
human health status recognition methods. Firstly, a temperature sensor is
used to collect human body temperature data. Secondly, the photoelectric
capacitance method is used to collect heart rate and blood oxygen data. Once
again, by setting the 3D coordinate system of human bone points and using the
depth image coordinate system to determine the true distance of bone points,
the collection of human bone related data is achieved. Finally, association
algorithms are used to analyse the relationship between human health status
data. Once a human health status recognition function is constructed, the
recognition of health status is then completed. The test results show that the
accuracy of the proposed method for identifying human health status remains
around 99%.
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1 Introduction

The continuous and rapid development of the social economy has led to the continuous
improvement of human living standards. But with the continuous changes in dietary
structure and work pressure, there have also been problems with human health (Zhang
et al., 2021). With the increasingly fierce social competition, the number of people with
sub-health issues is constantly increasing. Human health issues not only include diseases,
but also psychological issues. Among them, sub-health states other than diseases refer to
the varying degrees of decline in the health vitality state of the human body in the
absence of a definite disease state (Lam et al., 2021). It is a state of physiological
function reduction between health and disease, and a health imbalance problem that can
develop into a healthy state and transform into a disease state. The emergence of this
sub-health seriously affects human life and health (Li, 2022). Therefore, effective
identification of human health status can effectively detect unhealthy states in the human
body. The recognition of human health status can be achieved by analysing human
cardiovascular and cerebrovascular data, numerical values, and mental state, in order to
preliminarily determine whether the human body is healthy and provide a basis for early
detection of human discomfort (Sharma et al., 2022). However, as life becomes busier
and social pressure increases, the recognition of human health status is not ideal (Liew
and Guo, 2022). Therefore, in order to improve the effectiveness of human health status
recognition, relevant researchers have designed many recognition methods and achieved
certain results.

Liu (2022) proposes a human health state recognition method based on MEMS
sensors and Zigbee networks. This method obtains human motion information through
multiple sensor nodes, and uses sensor network technology to aggregate and upload these
data to the host. A data fusion algorithm based on complementary filtering has been
introduced to complete the recognition of human health status. This recognition method
can quickly extract human health status data, but there are many recognition errors in the
recognition process. Kabir et al. (2021) proposes a human body state recognition method
based on CSI signals, which collects human health state data through human-machine
interaction sensors and denoises the collected human health state data using a low-pass
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filter. Finally, the CNN model is used to complete the recognition of human health status.
This method can accurately identify human health status, but requires a large amount of
data processing, resulting in a longer overall recognition time. Huan et al. (2022)
proposes a human health state recognition method based on multi-feature sensor data.
This method combines the features of multiple sets obtained through learning networks,
manual extraction, and position information to generate mixed features, in order to obtain
better recognition results for human health state data. Using CNN and BLSTM networks
to extract features from human health data, thus completing the recognition of human
health status. However, the recognition performance of this method is significantly better
than existing methods, but the recognition process takes longer.

In response to the problems of large errors and long time consumption in the above
methods, this paper designs a new human health state recognition method based on
correlation algorithms. The detailed research technical route of this method is as follows:

1 The collection of human body temperature, heart rate, blood oxygen, and bone data
is carried out using temperature collection sensors, photoelectric converters, and
infrared irradiation methods.

2 Based on the collected human health related data, the nearest neighbour data
association algorithm is used to update the human health status data and identify the
target data of human health status. Construct a human health data state recognition
function using correlation algorithms, input the identified state target data into this
function, and complete the recognition of human health state data.

3 Experimental verification is conducted by comparing the method proposed in this
paper with traditional methods based on the accuracy of human health status
recognition, correlation of human health data collection, and time spent on human
health status recognition.

2 Human health status data collection

Collecting body temperature data, heart rate and blood oxygen data, and bone data is to
comprehensively evaluate the health status of the human body. These data can reflect the
physiological state of the human body, including the body’s heat balance, the health
status of the cardiovascular system, and the stability of the skeletal system. By
monitoring these data, potential health issues can be identified in a timely manner and
corresponding measures can be taken for intervention and treatment.

2.1 Human body temperature data collection

Collect human body temperature data through a temperature sensor. The temperature
collection sensor is equipped with an infrared temperature sensor and an operational
amplifier, which compensates for the environmental temperature through the
measurement principle of thermocouples, resulting in better measurement results. The
infrared temperature sensor does not pose any danger to human health by absorbing
infrared radiation from the human body, and the measured temperature shows a linear
change with small errors (Xing et al., 2021; Wang et al., 2021). The circuit of the
temperature collection sensor is shown in Figure 1.
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Figure 1 Temperature collection sensor circuit
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2.2 Human heart rate and blood oxygen data collection

—

The heart rate data collection is achieved using the photocapacitance method. The sensors
used in this method generally include a light source and a photoelectric converter. Light
source can screen oxyhaemoglobin and deoxygenated haemoglobin in arterial blood
(Wan, 2021). Extract the data when the light beam passes through the peripheral blood
vessels of the human body.

The photoelectric converter senses the reflected optical fibre and converts it into a
signal that can simplify applications. Due to the continuous changes in heart rate with
human activity, the electrical signal cycle (Karthik and Ramkumar, 2022) can be
expressed as heart rate, and the collected heart rate data is represented as:

Ci

S; = x100% )
¢ t+cy

Among them, S; represents the heart rate data collection results, ¢; represents the oxygen
saturation, and ¢, represents the de-oxygen saturation.

On this basis, the oxygen saturation result collected by the converted photoelectric
signal is a quadratic curve fitting (Ahmed et al., 2021), and the result is expressed as:

i =—45.6X RX R+30.35X R @

Among them, R represents the change of red light intensity and p; represents the quadratic
fitting curve of oxygen saturation.

The optical capacitance product method is used to determine the absorption effect of
oxygen saturation collected at different wavelengths, so as to realise the collection of
heart rate and blood oxygen value data.

2.3 Human bone data collection

The data of bones in human health is also crucial (Ding et al., 2021). Human bones can
be viewed as a 3D coordinate system, with apogee positions set as:

(X=0,Y=0,Z=0) 3)
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The infrared camera centre of the human bone data collection device follows the left side
of the infrared irradiation in the horizontal axis direction, above the infrared irradiation in
the vertical axis direction, and in the middle direction, the infrared irradiation direction.
In this coordinate system, specific human bone related data is collected by describing the
position of depth image pixels (Feng et al., 2021). In the depth image coordinate system
of human skeleton points, each pixel point of skeleton points can be obtained to represent
the true distance, such as the boundary point position and centre position of human chest,
waist and hip (Liu et al., 2021). The contour length calculation formula for the pixel
representation of human bone points obtained at this time is set to:

v=/x2+)? @)

Among them, v represents the length of the arc at the pixel end and /x? + y?> represents

the true distance between bone points.

By setting the 3D coordinate system of human bone points and using the depth image
coordinate system to determine the true distance of bone points, the collection of human
bone related data is achieved.

3 Human health status recognition based on association algorithm

Based on the collected human health data mentioned above, in order to achieve effective
judgement of human health status, this article introduces correlation algorithms to
identify human health status data, providing certain assistance for human health.
Association algorithm is an algorithm that mines the relationships or interrelationships
between large amounts of data items (Lu et al., 2021). This algorithm analyses the
association relationship of data items in a given dataset based on set rules, mainly
describing the degree of closeness between a set of data in the dataset. This algorithm has
been widely applied in multiple fields. Therefore, in order to achieve the recognition of
human health status, this article uses association algorithms to analyse the relationship
between human health status data (Antonello et al., 2021), thereby achieving effective
recognition of human health status.

The implementation steps of the human health state recognition algorithm based on
association algorithm are as follows:

Step 1  Use the nearest neighbour data association algorithm to update human health
status data. This algorithm updates the health status data by setting a tracking
gate for the health status data, selecting the measurement value with the smallest
weighted norm of information in the tracking gate as the candidate for
recognition of the health status data. At this time, the candidate qualification
conditions of the determined target meet:

[gk+D) =gk +110)]r " (k+1) -Gk +1 k) < o )

Among them, g(k + 1) represents candidate health status data, g(k+1]| k)

represents predicted values, 7! represents innovation covariance, and &
represents gate size.
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Step 2

Step 3

Step 4

T. Jiang et al.

At this point, the health status data is updated using the minimum measurement
value of the weighted norm of innovation (Diamond and Happawana, 2022), and
the updated result is:

7)) =0[gk+D) =gk +10)]r " (k+D)—g(k+1]k) (6)

Among them, f*(x) represents the updated health status data results and 4
represents the minimum measurement value of information weighted norm.

Set the target for identifying human health status data. Assuming that the health
status data falling into the set gate mentioned above are all target data to be
identified, but the probability of each identified health status data being
successfully identified varies. Therefore, in order to reduce the amount of data
identified and shorten the recognition time, it is necessary to determine whether
the health status data to be identified is the target of recognition. Assuming that
the set of candidate health status data to be identified within the target gate of
the association algorithm at different times is z(x), the set of health status data to
be identified from the initial time to the gate is represented as:

200 ={z )] Q)
Among them, n; represents the number of health status data to be identified.
On this basis, the following time is defined:

0;(x) = (z;(x) is the measurement from the data to be identified) 8)
0;(x) = (There is no measurement of data to be identified at this time) Q)

At this time, the conditional probability calculation result of the determined
health status data to be identified as the target data is:

vi(x) = P{6; (x)| z*} (10)

Among them, vi(x) represents the conditional probability result of the target data,
and P represents the maximum probability that the data volume becomes the
target.

Calculate the covariance difference of recognition error for human health status
target recognition data to reduce the errors in recognition, namely:

G =Y u(@) Ak [6:0) (n

Among them, G(x) represents the identification error covariance difference of
human health status target data, and £ (k) represents the information
combination of health status data.

Determine the interconnection probability between the target recognition data of
human health status, and divide the set of data to be identified into cumulative
data and latest data. At this point, the probability of interconnection between
human health status target recognition data is:
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q(G) [x)U(S)
"~ S 4G 1)U ()
Among them, Q(G(x) | x) represents the interconnection probability between

human health status target recognition data, g represents the correlation
coefficient between data items, and U represents the probability density value.

0(G()|x)

(12)

Step 5 Construct a human health status recognition function based on correlation
algorithms, input the identified human health status target recognition data into
this function, and achieves the final recognition. The constructed human health
status recognition function is:

o o) [on)
pr (2(x)) =r Zm:1 z(x) VO(G(x)|x) "

Among them, r represents the number of iterations for recognition, Vj represents
the correlation coefficient between recognition data, and & represents the time of
change in human health status data.

In the design of human health status recognition algorithm based on association
algorithm, the nearest neighbour data association algorithm is used to update human
health status data, set recognition targets for human health status data, calculate the error
covariance difference of human health status target recognition data, and determine the
interconnection probability between human health status target recognition data. Based
on this, a human health status data recognition model based on association algorithm is
constructed, Implement final identification research.

4 Experimental analysis

4.1 Experimental data

Conduct an experimental analysis to test the feasibility of the designed recognition
method. In the experimental testing, a community in a certain area was used as the
research object to identify human health status data in that community. In this
community, 100 households were selected, with a fixed number of two individuals per
household as the unit, to collect and report daily health status data. Families with a
population of less than two individuals were not included in this experimental study. The
specific test parameters in the study are shown in Table 1.

4.2 Experimental scheme and index

The experimental indexes set in the test were precision of human health status
identification, relevance of human health data collection and time spent in identification.
Among them, human health status recognition accuracy refers to the effectiveness of
human health status data analysis for all samples. The value range of this index is
[0, 100]%, and the higher the value, the better the recognition effect. The correlation
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degree of human health data collection is a key index affecting the final identification
effect, which is reflected by the correlation degree of data collection.

Table 1 Test parameter details
Parameter Detailed information
Number of people tested 200
Test object age 16-75
Number of young adults (over 16 to 45 years old) 80
Number of elderly people (over 60 years old) 60
Health status data type Body temperature data, heart rate, blood
oxygen saturation, bone density
Data acquisition sensor model MAX30205
Data collection cycle/day 0.5
Data reporting cycle/day 1
Number of data identification 100
Health status data volume 20,000

4.3 Analysis of experimental results

4.3.1 Analysis of the accuracy results of human health status recognition

The proposed method, Kabir et al. (2021) method, and Huan et al. (2022) method were
used in the test to analyse the recognition accuracy of selected sample human health
status data. The results obtained are shown in Figure 2.

According to the test results shown in Figure 2, it can be seen that there are certain
differences in the recognition accuracy results of the selected sample’s health status data
using the proposed method, the method in Kabir et al. (2021), and the method in Huan
et al. (2022). As the amount of health status data for recognition varies, all three methods
demonstrate certain changes in recognition accuracy. The proposed method maintains a
recognition accuracy of around 99% for the sample’s health status data, while the other
two methods show significant fluctuations in recognition accuracy and consistently
perform lower than the proposed method. This verifies the feasibility of the proposed
method and highlights the effectiveness of this paper’s approach.

4.3.2 Analysis of correlation results for human health data collection

The proposed method, Kabir et al. (2021) method, and Huan et al. (2022) method were
used in the test to analyse the correlation of data collection for selected samples of human
health status data. The results obtained are shown in Table 2.

According to the test results in Table 2, it can be seen that for the selected sample of
human health status data, the proposed method, the method from Kabir et al. (2021), and
the method from Huan et al. (2022) were analysed for their correlation in data collection.
The correlation coefficients of the three methods in collecting data were different. When
the collected sample data was 5,000, the correlation coefficients of the three methods in
collecting data were approximately 0.99, 0.86 and 0.84, respectively. When the collected
sample data was 8,000, the correlation coefficients of the three methods in collecting data
were approximately 0.98, 0.80 and 0.75, respectively. When the collected sample data
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was 10,000, the correlation coefficients of the three methods in collecting data were
approximately 0.97, 0.79 and 0.74, respectively. By comparing the sizes of these
correlation coefficients, it can be seen that the correlation coefficient of the proposed
method is always higher than the other two methods, indicating that the proposed method
has better performance.

Figure 2 Precision results of human health status recognition
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Table 2 Analysis of correlation results for human health data collection
Identify health Proposed Kabir et al. (2021) Huan et al. (2022)
status data / piece method method method
1,000 0.99 0.90 0.89
2,000 0.99 0.90 0.89
3,000 0.99 0.87 0.87
4,000 0.98 0.87 0.86
5,000 0.99 0.86 0.84
6,000 0.98 0.84 0.87
7,000 0.98 0.80 0.80
8,000 0.98 0.80 0.75
9,000 0.98 0.79 0.76

10,000 0.97 0.79 0.74




276 T. Jiang et al.

4.3.3 Analysis of time consuming results for identifying human health status

In the test, the proposed method, Kabir et al. (2021) method, and Huan et al. (2022)
method were used to recognise and analyse the human health status data of the selected
samples. The results obtained are shown in Figure 3.

Figure 3 Time consuming results of human health status recognition
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The test results in Figure 3 show that the time required for identifying the selected
sample’s health status data using the proposed method, the method in Kabir et al. (2021),
and the method in Huan et al. (2022) varies with the number of samples. Among them,
the proposed method consistently requires less than 0.5 seconds for identification, while
the method in Kabir et al. (2021) requires over 1.5 seconds. The identification time for
the method in Huan et al. (2022) fluctuates greatly but is always longer than that of the
proposed method. Therefore, it can be concluded that the proposed method has the
shortest identification time.

5 Conclusions

Human health status recognition helps to increase people’s attention to health. Therefore,
this paper proposes a human health status recognition method based on association
algorithms, and verifies the performance of the method from both theoretical and
experimental perspectives. This method has high accuracy in human health state
recognition, short time consumption for state recognition, and high correlation in data
collection. The test results show that the highest accuracy of the proposed method in
identifying data is about 99%, the highest correlation coefficient of the collected data is
0.99, and the recognition time is less than 0.5 seconds, highlighting the recognition
performance of the proposed method.
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