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Abstract: In this study, distinct machine learning-based methods of analysis were used to evaluate the most
effective feature combination for a previously proposed system which detects changes in the physical conditions
of human beings through eight sensors placed on various locations of a bed and floor near the bed. First, the
proposed system was applied to eval uate the presence or absence of restrictions in the movement of the knee joint
in two subjects of different age. A set of measurements were obtained from four classes, under distinct scenarios,
with 10 casein each class. Then, 30 % of the measured feature values were randomly extracted for testing. Scikit-
learn was used as the machine learning library, and the k-nearest neighbor method, logistic regression, perceptron,
and multilayer perceptron were used as the four learning modelsin the first step. The k-nearest neighbor method
assigned the highest accuracies to all three feature value combinations that were investigated in this study. The
accuracy and feature value of the distribution, which could be high or low, were investigated. It was found that
the analysis methods corresponding to the feature value at specific locations were effective. The decision tree
method, random forest and support vector machine methods were found to meet our proposed system. The
accuracies ranged from 0.6 to over 0.8 when t2-t7 and t4-t7 feature values were combined.
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1. Introduction

It isimportant for elderly people and persons with
disahilitiesto be aware of any health issues as early as
possible, particularly if they are living aone.
Therefore, it is a beneficial challenge to develop an
automatic system that can monitor the hedth
conditions of elderly people on adaily basis and issue

http://www.sensorsportal.com/HTML/DIGEST/P_3177.htm

warnings before their health conditions deviate from
normal standards. Various type of health and welfare
equipment, which are primarily reliant on the Internet
of Things, have been developed over the past years.
[1-7] In particular, human motion monitoring and
analysis can be used to detect unusual conditions in
people with disabilities. Thus, based on this principle,
we proposed a system to detect changesin the physical
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conditions of human beings using an eight-sensor-
system and reported the results of the machine
learning approaches implemented in the study. [8-13].

In this study, three of the measurements were
carried out, where presence or absence of restrictions
in the movement of knee or shoulder joint movements
were investigated in two subjects of different ages.
Four types of machine learning-based methods were
used to determine the accuracies of the three types
of measurements.

Based on the results, several methods in the sikit-
learn module were compared using the default
conditions and agorithms suitable for the
measurement system were investigated. The accuracy
and features of the distribution, which could be high
or low, were investigated. It was found that the
methods corresponding to the features in specific
locations were effective. The decision tree, random
forest and support vector machine methodswerefound
to meet the condition. The applications to the methods
was discussed in this paper.

This research was conducted with approval of the
Teikyo University of Science's Ethics Committee.

2. Experiment
2.1. Healthcare Monitoring System and Data

As depicted in Fig. 1, the system proposed in our
previous report consisted of eight flexible force-
sensing resistors, a data acquisition device, and a
personal computer. One sensor (s1) was placed on a
pillow, three sensors (s2—s4) were placed apart from
each other at the edge of a bed, and four more sensors
(s5-s8) are placed on the floor near the bed. The output
signals were selected from four of the eight sensors.

Feature valuest2 to t7, corresponding to sensors s2
to s7, were defined based on the respective time
differences between the arrival of the output signals
from sl, which specified the initiation of the
measurement, and the corresponding sensors, as
depicted in Fig. 2. For waveforms, in which the rise
time of the signal could not be detected, thefinal 10 s
was used as the rise time of the sensor. This problem
can be remedied by modifying the arrangement of the
sensors. Existing studies have established the best
candidate combinations of feature values to be t2-t7,
t3-t9 and t4-t7 [7-11]. In this study, scikit-learn was
used as a machine learning library and the k-nearest
neighbor method, logistic regression, perceptron, and
multilayer perceptron were used as classification
modulesin the first step.

In the k-nearest neighbor method, the default
distance function was the Minkowski distance, the
number of neighbors was 5, the weighting parameter
was uniform, and the default algorithm was auto. In
the logistic regression method, the default value
was 1 to prevent over-learning, penalty was set to L2
to prevent over-learning, and the solver was set to
liblinear to prevent over-learning. For the perceptron
method, the number of iterations was set to 100 and
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the other values were set to the default values. For the
multi-layered perceptron method, the number of
iterations was set to 700, the activation function is set
to relu, and other values are set to the default values.
In the support vector machine method, we used the
Gaussian kernel, rbf, which was reported in a previous
report; however, we did not compare it with the other
methods because of over-training.
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Fig. 1. Position of flexible force-sensing resistors.

Fig. 2. The definition of the time difference
as future values.

2.2. Survey Method

M easurements data were collected by applying the
proposed system to two men in their 60 s and 70 s,
under two separate conditions: normal range of motion
and simulated limited right knee motion. In all
instance, each set of learning and test data was created
by randomly sampling 70 % and 30 % of the
measurement data as learning data and test data,
respectively.

3. Results

3.1. Dependence of Analytical M odes

Fig. 3 depicts the accuracies of the t2-t7 feature
value combinations under the default settings, which
were achieved using various machine learning-based
methods of analysis. In each method, 10 sets of
learning and test data were constructed by randomly
sampling 70 % and 30 % of the measurement data as
the learning and test data, respectively, on 10 separate
instances. Subsequently, each set of learning and test
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data, producing 10 accuracy valuesfor each method of
anaysis. In the figure, KN, Logi, Perc, and MLP
denote the k-nearest neighbor method, logistic
regression, perceptron and multiple perceptron,
respectively. The k-nearest neighbor method
assigned the highest accuracies for al predicted
values, with 0.54.
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Fig. 3. Difference by analytical model.

3.2. Accuracies of the Three Feature
Combinations

Fig. 4 shows the accuracies of the three feature
value combinations, t2-t7, t3-t7, and t4-t7, which were
evaluated using the k-nearest neighbor method with
the randomly extracted datasets. The mean accuracies
of feature combinations t2-t7, t3-t7, and t4-t7 over the
sample datasetswere 0.54, 0.51 and 0.49, respectively.
Thus, based on the k-nearest neighbor method,
the t2-t7 feature combination was the most accurate.
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Fig. 4. Difference in accuracy due to differences
in feature values.

3.3. Analysisof Accuracy Distribution

As the three types of feature value combinations
demonstrated a significant variation in accuracy for
the test data, factors affecting the accuracy were
investigated. At this stage, t2-t7 was considered.

First, we examined the data extraction rate used for
the tests. Although avalue of 30 % is commonly used,

we adopted a value of 20 % to increase the number of
learning data considering the dataset, and a
value of 40 % considering the substantial variability of
the data.

Fig.5 illustrates the three extraction rate
accuracies evaluated by the k-nearest neighbor method
using the randomly extracted datasets. The various
extraction rates showed almost similar trend.
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Fig. 5. Three extraction rate accuracy.

The influence of the percentage of the test data on
accuracy, including standard errors, isshownin Fig. 6.
The mean accuracy values for the test data selection
percentages of 20 %, 30 %, and 40 % are 0.68, 0.54,
and 0.58, respectively. In the 20 % extraction rate,
there were cases in which the extracted test data did
not include data points corresponding to the subject’s
conditions. It was found that 30 % was optimum
extraction rate considering both accuracy and
standard error.
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Fig. 6. The influence of extraction rate.

3.4. Analysisof Accuracy Using 2-D
Distribution

For feature vaue combination t2-t7, we
investigated the main causes for high and low
accuracy using a two-dimensiona distribution
diagram. First, the distribution of points corresponding
to each exercise limitation condition was examined for
the high-accuracy case. Fig. 7 depicts the case where
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a high accuracy of 0.75 was achieved. In the learning
data, subject A, represented in the figure by the black
circle for normal range motion and green circle for
simulated limited right knee motion, demonstrated no
specific variation in the presence or absence of motion
limitation. For subject B, represented by the red circle
for normal range motion and white circlefor simulated
right knee motion demonstrated no specific variation.
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(a) Learning data
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(b) Test data

Fig. 7. High accuracy case.

Fig. 8 showsthe learning datafor low accuracy for
featurest2-t7, t3-t7 and t4-t7. We found that the shape
of the segmented area differed significantly depending
on the feature values. Furthermore, in this case, we
believe that the difference was largely dependent on
the variation of the data for the unrestricted red and
white circles of subject B. We observed that the
segmented area differed considerably due to the
difference in the feature amount and was influenced
significantly by the accuracy of the data.

Asmany of the feature valuesused avalue of 10 s,
which was the time the sensor was unresponsive, we
believe that this could have been the cause of the
common distribution of low-accuracy conditions.

To deal with the data distributed in the upper and
rightmost parts of the distribution area, we changed the
algorithm to one that uses linear boundaries. We
studied three types of distributions: the decision tree,
random forest, and support vector machine methods
with a kernel as linearly distributed data. In the
decision tree method, the default value of gini was set
as the growth criterion, the maximum depth of
branching was set to 3, and the number of samples
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required for new branching was set to 2. For the
random forest method, the number of trees to be
ensembled was set to the default value of 10, and the
number of dimensions to be used for randomly
selecting features was set to 10. For the support vector
machine method, the default parameter for the soft
margin  penalty was 1 to reduce the risk
of overlearning.

3.5. Decision Tree Analysis

Fig. 9 depicts the accuracies of the t2-t7, t3-t7 and
t4-t7 feature value combinations evaluated using a
decision tree classifier with randomly extracted
datasets. In the figure, nb denotes the combination of
the feature values from the normal range and
simulated limited right knee motions, ns denote that
from the normal range and simulated right shoulder
motions, bs denote that from the simulated right knee
and shoulder motions. The following figures use the
same abbreviations.

For the simulated right knee and shoulder motions,
the accuracy of random sampling was higher when
t2-17 and t4-t7 were used asfeature values. The highest
average accuracy of normal range and simulated
limited shoulder motions was 073. However, the
combination of normal range and simulated knee
motions resulted in alower accuracy of less than 0.54
for all feature combinations.

In most cases that had low accuracy, where there
was presence or absence of redtrictions, it was
observed that no signal from sensor 7 was obtained.
This is due to the high dependence of accuracy on the
data of a specific subject, suggesting that accuracy can
be improved by improving the arrangement of the
sensors appropriate for the subject.

3.6. Random Forest Analysis

Fig. 10 depictsthe accuracies of thet2-t7, t3-t7 and
t4-t7 feature value combinations evaluated using a
random forest classifier with the randomly extracted
datasets.  Differences were found  between
combinations of motion-restricted conditions;
however, relatively high accuracies were obtained for
the different motion restricted conditions. The
accuracy was lower for the combination of normal and
simulated limited knee motions.

This method of analysis also showed that accuracy
was greatly influenced by the condition of the knee.
Therefore, optimizing sensor placement and feature
extraction to match the knee condition may be useful.

3.7. Support Vector Machine Analysis

Fig. 11 depictsthe accuracies of thet2-t7, t3-t7 and
t4-t7 feature value combinations evaluated using
support vector machine classifier, corresponding to
the randomly extracted datasets.
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Fig. 8. Low accuracy for learning date of three feature values.
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Fig. 9. Accuracies of thet2-17,
t3-t7 and t4-t7 feature value
combinations evaluated using
the decision tree method.
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Large differences were found for different
simulated limited motions. When norma range
motion and simulated limited knee motion were
combined, the accuracy of the three combinations of
featurevaluesvaried greatly. For the combined normal
range and simulated limited motions and combined
simulated limited knee and shoulder motions, the
accuracies range from 0.3 to over 0.8 when t2-t7 and
t4-t7 feature values were adopted.

3.8. Comparison of Accuracy for the Different
Simulated Limited Motion

Fig. 12 shows the accuracies for the different
simulated limited motions from all feature value
combination and analysis methods. The error range is
also shown in the figure. As the data were averaged,
the accuracy valuewasrelatively low at approximately
0.6. In the previous sections, we found that there was
significant difference in the accuracy between
simulated limited knee motion and the normal range
motion. It was found that the accuracy of the study can
be improved by analyzing the walking movement of
the subjects with simulated limited knee motion and
by installing sensors based on the results of

thisanalysis.

Feature value combination

Accuracy

Fig. 12. Accuracies for the different simulated
limited motions.

Fig. 13 showsthe learning and the test data, which
resulted in the highest accuracy of 0.92 using the
decision tree method with the random state=3. High
accuracy was achieved as there were no case that had
no output signa from the sensor, which could
reduce accuracy.

4. Conclusions

We evauated the performance of a system to
detect changes in human health conditions using four
distinct machine-learning-based methods of analysis.
First, the aforementioned system was used to monitor
two subjects of different ages under two separate
scenarios. no restrict motion and restricted motion for
the right knee. Then a set of measurements was
obtained. Based on multiple learning and test datasets,
which were constructed using the recorded
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measurements, it was found that the k-nearest
neighbor method resulted in highest mean accuracy of
0.54 for the t2-t7 feature combination. The accuracies
of all 10 sets of training and test data exhibited
considerable variability, ranging between 0.33 and
0.7, owing to an insufficient quantity of training data
and the lack of optimization via other methods.

. e o &
L ..
200 - '.'

- - - - - 4
20 00 600 00 3000 1200
o

(a) Learning data

cd
2

(b) Test data

Fig. 13. Distribution data showing the highest accuracy,
which was analyzed using the decision tree.

Based on these results, the accuracy and feature
value of the distribution, which may be high or low,
were investigated, and we found that the analysis
methods corresponding to the feature values in
specific conditions were effective. 1t was concluded
that decision tree method, random forest method and
support vector machine method were suitable for our
healthcare system. The accuracies ranged from 0.6 to
over 0.8 when t2-t7 and t4-t7 feature values were
combined as feature values.

Further analysis on low accuracy demonstrated the
significant impact of specific variability on accuracy.
It cannot be applied to actual patientsdueto COVID19
issue. The effectiveness of the system can be
demonstrated in the future by integrating the pressure
sensor system and the heath condition detection
system using machine learning.
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