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Abstract— This paper describes results of fall detection study with a non-contact bioradiolocation method. The exploration of the impact of the accuracy of determining event length on
classiﬁcation is discussed. In order to investigate this question an analysis including the machine learning classiﬁcation was performed. We compare performance of two machine learning
algorithms: the support vector machines and “K-nearest neighbors” method. The results demonstrated that inaccuracy in determination of length of event has a minor inﬂuence on the ﬁnal
classiﬁcation performance.
1. INTRODUCTION

The world’s population is ageing: virtually every country in the world is experiencing growth in
the number and proportion of older persons in their population [1]. In Russia, more than 20% of
citizens have already celebrated their sixtieth birthday. As known, aging process involves increased
susceptibility to age-related diseases and degradation of many systems and organs of the body,
which impairs the daily quality of life and gradually increases the risk of fall. Fall incidents are
considered to be the most dangerous cause of accidents for elderly people, and represent also the
third cause of chronic disability. However, the most of fall consequences can be prevented or
eased if the wounded is discovered timely and accurate. Moreover, immediate help after a fall
can signiﬁcantly reduce health care costs among the aging population [2]. Therefore, timely and
accurate fall detection is a very important task, especially in case of an elderly who lives alone. So,
in recent years, research of an eﬀective fall detection method has become a question that involves
more and more scientists worldwide.
There is a variety of wearable devices for motion activity tracking and fall detection based on
movement sensors (e.g., accelerometers and gyroscopes) in the market [3, 4]. However, wearable
devices are not always comfortable to use, and suﬀer from a signiﬁcant false-positive rate. Moreover,
the user might forget to put it on regularly, which is quite common type of situations not only for
elderly people. In the case of video-cameras technologies, walls and fabrics become optically opaque
obstacle, and also such equipment is sensitive to lighting conditions [5, 6]. Privacy issues do not
allow to use such systems to watch over a bathroom zone, where the chance to fall is high [7]. There
are some recent studies indicating the feasibility of radar-based systems usage in the fall detection
[8–10]. The general concept of the majority of these works is the development of a classiﬁer for
some characteristics of registered signal in the frequency domain. The reason for this is that falling
is considered as a high-energy event in 70–100 Hz frequency range. In this paper, we investigated
features of classiﬁcation extracted from the bioradar signal in time domain, which can simplify the
processing algorithm greatly.
In similar studies length of event (fall or not fall) was used as a classiﬁcation parameters.
However, there are a variety of approaches for estimating length of event, and now impact of the
accuracy of determining this parameter to classiﬁcation is unknown. In order to investigate this
question was performed an analysis includes the machine learning classiﬁcation.
2. METHODS AND EXPERIMENTS

We performed our analysis on a dataset of various basic movements that was recorded by continuouswave radar: BioRASCAN-4 designed at Bauman Moscow State Technical University (BMSTU) [11].
It operates at 8 probing frequencies (each of them has two quadratures) in the range 3.6—4.0 GHz.
The maximum power density radiated by the bioradar is equal to 1.36 μW/cm2 . Such a value
satisﬁes the Russia safety standard for microwave emission, which is 25 μW/cm2 in the frequency
range of 3–300 GHz (for 24 hours exposure) [12]. The technical characteristics of the BioRASCAN-4
are presented in Table 1. The radar data sets were collected at the Remote Sensing Laboratory
(BMSTU).
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The bioradar signals were recorded for diﬀerent types of everyday movements, including turning
90 and 180 degrees, arm motion up and down, going in and out of the room, sitting on the chair
and standing up from it. Examinees were mimicking falls on a previously prepared ﬂoor covering
(feather pillows) to make the falling as save as possible. The scheme of the experiment is given in
Fig. 1. Three healthy volunteers participated in stage of the experiments. Each of them gave the
informed consent prior to the participation. The elderly also took part in the accumulation of the
dataset (except for fall movements). The accumulated database contains records of 244 diﬀerent
movements including 65 with fall pattern (for each frequency).
Table 1. Technical characteristics of BioRASCAN-4.
Number of frequencies
Frequency range
Dynamic range of the recording signals
Gain constant
RF output
Sensitivity

8
3.6 to 4.0 GHz
60 dB
20 dB
< 3 mW
1 mm

Figure 1. The scheme of experiment.
3. DATA PROCESSING

The preprocessing algorithm involves several sub-stages shown in Fig. 2, similar to the previous
study [9]. A received radar signal, which consists of a two quadratures for each probing frequency, is
data-in of algorithm. Duration of the records may vary. Each bioradar record consists of 16 signals
(8 operating frequencies, each of them has I and Q quadrature), which were recorded simultaneously.
The ﬁrst stage starts from automatic selection one of the quadratures (choosing the one with higher
energy level). Further, a chosen record is divided into intervals of 10 s duration. Each interval was
analyzed by threshold function similar to [13] that determines exactly where important events
occurred in the data sequence. Once an event is detected, the extraction of features for analyzed
data fragment is performed. Data from our previous research [9] have shown that the following
parameters are useful for fall events classiﬁcation — length of event t and variation of signal
amplitude ΔA. At the completion of feature extraction phase obtained data go to the summary
table.

Figure 2. Scheme of the preprocessing algorithm.

Therefore, upon processing of all records by the above algorithm, the obtained summary table with data of classiﬁcation parameters was used to further stage of features investigating by
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using machine-learning algorithms. Data preprocessing and further modeling were done utilizing
MATLAB 2015a.
In order to estimate the impact of the accuracy of determining length of event — t, a uniform
noise was generated and added to obtained data of t parameter. The noise was generated with
mean equal to 0 and the following values of maximum and minimum: +/−0.1 s, +/−0.5 s, +/−1 s.
That numbers was chosen by reasons of minimum value of t is equal 1 second.
After that step the datasets with noise was normalized. Scatter plot for one of the result datasets
is shown in Fig. 3.

Figure 3. Scatter plot of obtained values of classiﬁcation parameters (probing frequency = 3, 8 GHz).

In order to get a comprehensive assessment of the investigated question was compared two
most exploited machine learning algorithms: Support Vector Machines (SVM) [14] and K-Nearest
Neighbors (KNN) [15].
As known, SVM method in initial version is a binary classiﬁer, which based on ﬁnding the best
hyperplane in the feature space that gives the largest minimum distance to the training examples
according to the class value. KNN is a classiﬁer, which is based on calculation distance (Euclidean
or another) from a new instance to each instance in the training dataset. After that it assigns the
new instance to the majority class label from the closest k neighboring instances in the training
dataset.
Table 2. Performance evaluation for dataset without noise.
Level of noise = 0
----------------------------------------Predicted Class

Coarse Gaussian SVM
Actual Class
Not fall
Fall

Linear SVM
Actual Class
Not fall Fall

Cubic KNN
Actual Class
Not fall Fall

Weighted KNN
Actual Class
Not fall
Fall

Not fall

167

1

170

8

168

2

166

1

Fall

12

64

9

57

11

63

13

64

FPR

6.7%

5.3%

6.1%

7.26%

FNR

1.5%

12.31%

3.1%

1.5%

Table 3. Cohen’s kappa evaluation for all classiﬁcation results (datasets with diﬀerent level of noise).
Level of noise

+/ − 0.1 c
+/ − 0.5 c
+/ − 1 c

Coarse Gaussian
SVM
0.8906
0.8827
0.8827
0.8827

Linear SVM

Cubic KNN

Weighted KNN

Mean

0.8500
0.8771
0.8514
0.8608

0.8895
0.8895
0.8555
0.8805

0.8827
0.8827
0.8906
0.8917

0.8782
0.8830
0.8701
0.8789
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The four classiﬁers were implemented: Linear SVM, Coarse Gaussian SVM, Cubic KNN and
Weighted KNN. All of the classiﬁers were used with their default parameters as implemented in
the MATLAB Classiﬁcation Learner toolbox.
For the evaluation of the implemented classiﬁers and preventing overﬁtting, the cross validation k-folds technique was used with k = 5. For the evaluation of the classiﬁcation performance
confusion matrix and Cohen’s kappa coeﬃcient were computed (Table 3). In Table 2 the confusion matrices and other classiﬁcation performance parameters are given for both applied methods
of classiﬁcation. The level of obtained accuracy was assessed as false positive rate (FPR) and
false negative rate (FNR). The results of diﬀerent classiﬁers generally show a good classiﬁcation
performance. However, the Coarse Gaussian SVM classiﬁer demonstrated the best result.
4. CONCLUSION

In this study, we aimed to determine whether the accuracy of estimation length of event parameter
is important for development of fall detection classiﬁer with good performance. Moreover, we tried
to estimate the advantages classiﬁcation based only on time domain parameters. From the present
study, the following conclusion can be drawn:
• The inaccuracy in determination of length of event has a minor inﬂuence on the ﬁnal classiﬁcation performance.
• The level of errors for developed classiﬁers is commensurable with results of other works on
this theme [3, 6, 8, 10].
These results (FNP > 5%) can be explained by small number of classiﬁcation parameters. However,
in general the developed classiﬁer has shown a suﬃcient level of accuracy (> 94%). Moreover, the
size of the experimental dataset we used is much bigger than datasets in similar works [8, 10].
The future research developments will be performed in the following main directions: enriching
dataset of diﬀerent motion patterns in the bioradiolocation signals and extension of number of
classiﬁcation parameters, which should allow diminishing the number of false alerts.
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