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В рамках второго этапа по проекту разработан макет портативного биорадиолокатора на
основе одночипного приемо-передающего модуля. Для удобства и безопасности проведения
экспериментов разработанный радиолокатор помещался в корпус из листового вспененного
ПВХ. Внешний вид прибора приведен на Рис.1. Габаритные размеры прибора в корпусе
составляют 95х75х45 мм, что является существенным улучшением по сравнению с размерами
ближайшего аналога (Walabot Home), для которого размеры составляют 180х180 мм
(7х7 дюймов).

Рис. 1 Разработанный радар в сборе
Собрана верифицированная база данных с участием добровольцев. В экспериментах
приняли участие пять добровольцев (3 мужчины и 2 женщины) в возрастной группе от 18 до 41
года, каждый из которых дал свое информированное согласие. Эксперименты проводились как
на базе Лаборатории дистанционного зондирования, так и на дому у добровольцев. В ходе
проведения экспериментов движения объекта фиксировались при помощи двух биорадаров,
расстояние до которых от человека в момент падения оставляло 1,0-2,0 м. Схема проведения
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экспериментов показана на Рис. 2.

Для того, чтобы сделать падение безопасным для

испытуемого, использовался матрас из непружинящего материала.
В ходе эксперимента каждому добровольцу было предложено выполнить различные типы
повседневной двигательной активности, а именно: вход-выход из помещения, работа за
компьютером, спортивные упражнения (одиночные), работа по дому, лечь на кровать и встать
с нее, сесть на стул и встать с него. Также испытуемым было предложено выполнить движения,
имитирующие падения различных типов: проскальзывание, спотыкание, потеря сознания.

Рис.2 – Схема проведения эксперимента
В рамках проекта были разработанных два алгоритм детекции падений. В обоих случаях
обработка данных состояла из двух последовательных этапов. На первом этапе происходили
предварительная обработка биорадиолокационных данных при помощи методов спектрального
анализа (алгоритм №1) или вейвлет-анализа (алгоритм №2). Результаты, полученные на первой
стадии, использовались на втором этапе для обучения классификатора на основе методов
машинного обучения (алгоритм №1) и искусственных нейронных сетей (алгоритм №2).
На основе анализа экспериментальных данных был сделан вывод, что точность
распознавания эпизодов падений при помощи предложенного метода зависит от ориентации
испытуемого в момент падения относительно радара. Оптимальным является фронтальное
расположение радиолокатора относительно испытуемого. В этом случае точность обнаружения
эпизодов падения составила 98 %.
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В дальнейшей работе предполагается расширение базы данных паттернов двигательных
артефактов, зарегистрированных одновременно при помощи двух макетов биорадаров, в том
числе зарегистрированных на различных расстояниях до объекта и под различными углами.
Анализ экспериментальных данных позволит сделать вывод о преимуществах использования
нескольких биорадиолокаторов объединенных в единую информационную сеть.
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Abstract— Lack of effective non-contact ways for fall detection, which may result in development of health-threatening and life-threatening conditions, is a great problem of modern medicine,
and in particular, geriatrics. In present work, we propose a concept of a low-cost portable fall
detection framework utilizing bioradar technique for smart home environment. The bioradar
was designed using a single-chip transceiver K-LC5 (RFbeam), a customized amplifier, a 16-bit
precision ADC and a microcontroller. It was tested in experimental conditions with the help of
5 volunteers. We achieved accuracy of 97 % and the Cohen’s kappa of 89 % for classifying fall
episodes among other daily activities.

1. INTRODUCTION

Lack of effective non-contact ways for fall detection, which may result in development of healththreatening and life-threatening conditions, is a great problem of modern medicine, and in particular, geriatrics. The urgency of solving this problem for the elderly is due to the well-known
global phenomenon of population aging which is a result of the life expectancy rising and declining
of fertility. According to [1] in 2017 the 13 % of global population was 60 or over, in Europe it
was 25 %. Annually the 60+ population is growing by 3 % and this trend will only speed up, so
the number of aged persons can reach 1.4 billion in 2030 [1]. This fact indicates that the study of
problems and needs of senior people is an up-to-date task.
Elderly are susceptible to the negative changes in their body, such as an incoordination, loss of
balance, tendency to fainting, dizziness, difficulty in changing the body position, and others. These
changes may increase the number of injuries, including those caused by falls [2, 3]. About 13 %
of all deaths of senior people are the result of lack of the help after a fall episode [4]. Thus, the
development of effective fall detection methods is an urgent task of medical engineering.
At present, there are commercially available wearable fall sensors (accelerometers) [5–7]. The
main disadvantage of such devices is the high level of false positive errors, as well as the ’wearable’
nature of the devices, which is often not acceptable for a senior user, since the elderly person may
forget to put on this device or refuse to wear it for comfort reasons.
The scientific community is actively working on the development and improving of non-contact
systems utilizing both optical and non-optical sensors for automatic fall detection [8, 9]. However,
there are still several problems that postpone their practical application, among them are high level
of false alarms, privacy violation, high cost, etc.
Bioradar technique [10] also can be used for non-contact fall detection [11–13], however due to
relatively high cost and complexity of the hardware, the usage of this method in practice was in
question.
2. METHODS AND EXPERIMENTS

In present work, we propose a concept of a low-cost portable fall detection framework utilizing
bioradar technique which can be used for a smart home environment. The architecture of a bioradar
is given in Fig. 1.

Figure 1: Scheme of the bioradar

The bioradar was designed on the base a single-chip transceiver KLC-5 (RFbeam) operating at
a frequency of 24 GHz, which may be varied by a VCO input. As an output signals it provides
two quadratures (I and Q). This transceiver does not have an integrated amplifier, which makes it
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Figure 2: Bioradar assembly (left panel) and Radar shield (right panel)

Figure 3: Scheme of the experiment

low-cost and applicable in different areas. To make it suitable for fall detection task we designed an
amplifier adapting a typical Doppler signal amplifier scheme recommended by the manufacturer [14].
Two filtered and amplified quadratures (If and Qf ) are put through a 16-bit analog-to-digital
converter (ADC) ADS1115 with a sampling rate of 250 sps for two input channels. We used an
Arduino UNO board as a microcontroller unit (MCU) to send the digitalized quadratures (Id and
Qd ) through a serial port to the personal computer (PC) for further processing. The probing
frequency of the designed bioradar can be altered by adjusting the potentiometer at the VCO
input of the transceiver.
The photo of the designed bioradar prototype is given in Fig. 2. The customized amplifier and
the ADC were placed on a shield for Arduino UNO board, with pins for connecting the transceiver.
The experiments were carried out from November 2018 to January 2019 to test the feasibility
of the designed bioradar concept for fall detection. Five adults (3 males and 2 females) in the age
group of 18–41 years volunteered to participate in the experiments. Each of them gave his/her
informed consent.
The scheme of the experiments is shown in Fig. 3. Two bioradars were used to monitor the
subject’s moving pattern during the experiment. The mattress of non springy material was used
to make the falling safe for the examinee. Moreover, it naturally prevents generating artificial
oscillations in the fall movement pattern unlike to falling on an inflated mattress, which may
became crucial while training fall detection algorithm. The distance between the subject and the
radars during falling was 1.0 to 2.0 m. The bioradar transceivers were located at an angle of 90
degrees to each other (see Fig. 3). Such mutual positioning of bioradar modules allows recording
the examinees moving pattern from different viewing angles. It guarantees that even if the subject’s
movement is partly blocked by his/her body for one of the bioradars, this movement pattern will
be detected by the other one.
During the experiment, each subject was asked to perform the following types of movements:
falling on the mattress, standing up after falling, going in and out of the location zone, sitting on
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Figure 4: Raw inphase bioradar signal (upper panel), and filtered signal (lower panel)

the mattress, standing from it. The duration of a single bioradar record was 15–30 s. In total
180 records were made including 90 containing a single fall episode. All records were analyzed
manually: if a record contains a fall episode its starting and ending moments were labeled by the
operator as a “fall” and all other movement patterns were labeled as “movements”.
3. DATA PROCESSING ALGORITHM

The bioradar data processing consists of preprocessing and feature estimation stages. The preprocessing of bioradar data includes filtration of the signal. It is needed for suppressing the lowfrequency trend of the baseline, as well as the components of the subject’s breathing and heartbeat,
which can also be observed in the case of the subject’s calm state. For this purpose, a fifth-order
Butterworth high-pass filter with a cut-off frequency of 5 Hz was used. In Fig. 4 the example of raw
experimental bioradar data and filtered signal with marked fall and movement episodes are given.
To form a feature vector the following signal parameters for each recording of the bioradar signal
were estimated in the sliding window: signal power; frequency and level of the maximum amplitude
harmonic of the signal spectrum; the spectral power of the signal in the frequency ranges 5–10 Hz,
10–50 Hz, over 50 Hz. Sliding window size was chosen to be 0.2 s with a step of 0.05 s. The feature
vector for each sliding window was marked by the operator with a specific class (’fall’,’movement’,’no
movement’) of the subject movement pattern.
4. CLASSIFICATION RESULTS

As a classifier we used a k-nearest neighbors learner (KNN) with the number of neighbors k = 30.
In total, experimental dataset consisted of 39740 epochs of bioradar records. For training we used
75 % of the dataset, and remaining 25 %, which is 9935 epoch, were used to test the classifier. A
cross-validation method with a block size of k = 20 % was used to prevent the classifier over-fitting.
To evaluate the classifier performance, the confusion matrix was constructed, and the accuracy
was estimated. In addition the Cohen’s kappa was used which is known to provide more reliable
estimation (comparing to an accuracy) of classifier performance in case of unbalanced dataset,
which is the case for the present task. The classification results are given in Table 1.
The classification accuracy and the Cohen’s kappa are 97 and 89 %, respectively. It should be
noted that the classification was carried out for each epoch of the bioradar signal regardless of the
surrounding epoch classes. In other words, relative position of the frames in time was not taken
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Table 1: Classification results
SVM classifier

True Class

No movement

Movement

Fall

No movement

8672

43

4

Movement

34

691

44

Fall

9

102

336

Accuracy, %

97.63

Cohen’s kappa, %

89.30

into account. It results in falsely classifying ’fall’ epochs as ’movement’. Using additional heuristics
utilizing information about preceding and consequent epochs classes should improve the classifier
performance.
5. CONCLUSION

In present work, we describe the architecture of a low-cost portable bioradar for remote fall detection. The proposed method has the accuracy of 97 % and Cohen’s kappa of 89 %.
However, the achieved results should be accepted with caution because the experimental data
used for the classifier training are only for 5 examinees and for relatively short distances between
the radar and the subject.
In the future, we are planning to enrich the experimental dataset. Moreover, we consider to
improve the classifier performance by using additional heuristics utilizing information about epochs
in time-domain.
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Abstract— The paper presents a multi-channel complex for non-contact movement detection,
which consists of bioradar sensors and an RGB-D camera. The proposed system was validated on
an experimental dataset of scenarios performed by 10 volunteers (3 males and 7 females) in the
age group between 20 and 36 years participating in the study. All subjects gave their informed
consent prior to the start of the experiments. During the experiments, the signals from two
bioradars were recorded simultaneously with the data from the RGB-D camera. Each subject
was asked to perform 11 different types of common everyday motion patterns and aggressive
movements, each repeated three times. During the experiments, 330 records corresponding to
non-aggressive activities and 30 to aggressive behavior were collected. The proposed classification
algorithm showed 98 % accuracy and Cohen’s kappa of 78 % for the non-aggressive/aggressive behavior classification. The future activity will consider expanding the dataset considering different
surrounding and lighting conditions.
1. INTRODUCTION

Although the ability of detection and recognition of different types of people movements by means of
bioradar technique [1] as well as RGB-D cameras has been studied extensively for the past decades,
the usage of such systems to detect aggressive behaviors has been mainly neglected. However,
such capability may be extremely demanded in many surveillance scenarios (e.g. stadiums, railway
stations, etc.).
In practice, computer vision methods for processing data from video surveillance systems can
be used to identify aggressive behavior [2],[3],[4]. However, in most cases, this procedure is carried
out by the operator manually. This is primarily due to the difficulties arising from the need to
track multiple targets, the instability of the algorithms at different angles of view, distances to the
object and challenging lightning conditions [5].
There are also many papers devoted to the recognition of various types of human movements
using the bioradars. The greatest attention in these papers is paid to identifying episodes of falls
of the elderly [6],[7],[8] and analyzing the gait of a person [9],[10]. To the best of our knowledge,
the possibility of identifying aggressive behavior using the bioradars, as well as combining both
bioradar and RGB-D sensors has not been considered yet.
In the present paper we created such a multi-channel complex and tested it in aggressive behavior
recognition to estimate the classification accuracy gain which can be achieved comparing to a single
channel system utilizing only a bioradar or an RGB-D sensor.
2. APPARATUS AND METHODS

The experiments were conducted to determine the optimal location of the bioradar modules and
the video recording system relative to the sensed object, and also to collect an experimental dataset
of human daily activities. Such dataset can be useful for designing methods for recognizing various
types of human activity remotely.
Experiments were carried out at Bauman Moscow State Technical University (BMSTU) from
November to December 2018. The test population of 10 young healthy adults consisted of 3 males
and 7 females in the age group of 20–36 years. Each subject gave his/her informed consent prior
to the experiment.
The multi-channel complex proposed in the present paper consisted of two bioradars and an
RGB-D camera. As bioradars we used continuous wave radars created in Remote Sensing Laboratory, BMSTU. These bioradars operate at frequencies of 24.0 and 24.8 GHz. Each bioradar module
has an energy flux density of 2.5 µW/cm2 (for a distance of 0.5 m from the radar), which is 10 times
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Figure 1: Scheme of the experiment

less than the Russian safety standard for microwave emission [11]. As an RGB-D camera we used
Intel RealSense D435 system [12], and an open source cross-platform library the Intel RealSense
SDK 2.0 was used to work with it.
During the experiments, the subject was located at a distance of 1.0 to 2.0 m from the bioradars
and the RGB-D camera. The bioradar transceivers were located at an angle of 90 degrees to each
other (see Fig. 1). Such mutual positioning of bioradar modules is optimal, since in this case, even if
the subject’s movement is blocked by his/her body for one of the bioradar modules, this movement
will not be blocked for the second one. Fig. 1 shows the positioning of the subject toward the multichannel complex, where the left side of the subject’s body completely blocks observation of the right
hand movements for the transceiver No.1, while the transceiver No.2 is optimally positioned toward
the subject and will detect these movements.
During the experiment, each subject performed the following types of movements: going in and
out of the observation zone, raising hands, sitting/standing, whole body turning, touching one’s
toes, drunken gait imitation, aggressive behavior imitation. Each movement was repeated 3 times.
Records of bioradar sensors and the RGB-D camera were saved in a separate file for each type
of movements. The duration of each record was 5–15 seconds. The collected dataset description is
given in Table 1. These data were used in the present paper to develop algorithms for the aggressive
behavior recognition. In Fig. 2 examples of experimental data for each channel of the multi-channel
complex are shown, for the RGB-D camera examples of frames for RGB and infrared (IR) sensors
are given, as well as a depth map.
Table 1: The Dataset Description
Male/Female
Age (Years)
Single record duration (s)
Motion types
each motion was repeated 3 times

3/7
20–36
5–15
going in and out of the observation zone
raising hands
sitting/standing
whole body turning
touching one’s toes
drunken gait imitation
aggressive behaviour imitation

3. DATA PROCESSING

In the present paper we propose the algorithms for recognizing aggressive behavior using data
recorded by each of the information channels of the multi-channel complex separately, as well as
by their combination. Thus, the feasibility of using a multi-channel complex has been evaluated.
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Figure 2: Experimental data (upper row - RGB-D camera frames: left - RGB, center - IR, right - depth;
central row - transceiver No. 1, lower row - transceiver No. 2)

3.1. Bioradar Data Processing Algorithm

The bioradar data processing consists of two sequentially applied algorithms. The first stage deals
with the pre-processing of bioradar data and evaluating the feature vector estimates, which are
later used in the second stage to train the classifier.
The preprocessing algorithm consists of the following steps.
Filtration of the signal to eliminate the low-frequency trend of the baseline, as well as the
components of the subject’s breathing and heartbeat, which can also be observed in the case of
the subject’s calm state. For this purpose, a third-order Butterworth high-pass filter with a cut-off
frequency of 1 Hz was used.
Then, for each bio-radar signal record, a feature vector was formed, consisting of estimates of
the following signal parameters for the entire observation period: signal power; frequency and level
of the maximum amplitude harmonic of the signal spectrum; the spectral power of the signal in
the frequency ranges 1–5 Hz, 5–10 Hz, 10–50 Hz, over 50 Hz.
These features were chosen basing on a preliminary visual analysis of experimental data, as well
as an analysis of scientific and technical literature, which showed that the records corresponding
to the imitation of aggressive behavior by the subjects are characterized by a wider frequency
spectrum of the recorded bioradar signal and an increase in the energy of the signal spectrum in
the frequency range above 5 Hz, compared to other types of human movements.
3.2. RGB-D Data Processing Algorithm

Processing the RGB-D camera data consisted of two stages: image pre-processing to form a feature
vector and classification. The video of each experiment was analyzed frame by frame. The coordinates of 18 keypoints were found on each of the frames by using the Caffe deep learning framework
[13].
Based on the analysis of changes in the keypoints coordinates in each frame, a feature vector
was formed, which was later used to train the classifier.
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Table 2: Classification results for the bioradar No. 1
SVM classifier

True Class

Non-agressive movements

Agressive movements

Non-agressive movements

245

70

Agressive movements

4

11

Accuracy, %

77.6

Sensitivity, %

77.8

Specificity, %

73.3

Cohen’s kappa, %

16.5

Table 3: Classification results for the bioradar No. 2
SVM classifier

True Class

Non-agressive movements

Agressive movements

Non-agressive movements

284

31

Agressive movements

10

5

Accuracy, %

87.6

Sensitivity, %

90.2

Specificity, %

33.3

Cohen’s kappa, %

14.1

4. CLASSIFICATION RESULTS

As a classifier we used the support vector machine (SVM) method with a quadratic core. In total,
for each of the n = 10 subjects, m = 36 experimental records were recorded, and only 3 of them
corresponded to aggressive behavior, which indicates that the dataset was imbalanced, which may
affect the quality of the classifier training.
In order to eliminate the influence of such imbalance the training dataset was composed of 15
randomly selected bioradar records corresponding to aggressive behavior, and 15 records of other
types of motion activity. Then, in order to avoid over-fitting of the classifier, a cross-validation
method with a block size of k = 5 was used. The trained classifier was tested on a test set, which
included 15 records corresponding to aggressive behavior and remaining 315 records for other types
of motion activity.
To evaluate the classifier performance, the confusion matrices were constructed, as well as estimates of accuracy, sensitivity, specificity, and Cohen’s kappa were obtained. For bioradar data
classification results are given in Tables 2–4. As it can be seen, the quality of classification is higher
when data of both bioradars are used simultaneously than when using data from a single bioradar.
For RGB-D camera data the results of classifier performance evaluation are given in Table 5.
The classification accuracy, sensitivity and specificity are 92, 91, 100%, respectively. At the same
time, all false positive errors (classification of the non-aggressive movements as aggressive behavior)

Table 4: Classification results for the bioradars No. 1 and 2
SVM classifier

True Class

Non-agressive movements

Agressive movements

Non-agressive movements

271

44

Agressive movements

2

13

Accuracy, %

86.1

Sensitivity, %

86.0

Specificity, %

86.7

Cohen’s kappa, %

31.2
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Table 5: Classification results for the RGB-D camera
SVM classifier

True Class

Non-agressive movements

Agressive movements

Non-agressive movements

287

28

Agressive movements

0

15

Accuracy, %

91.5

Sensitivity, %

91.1

Specificity, %

100.0

Cohen’s kappa, %

48.2

Table 6: Classification results for the Multi-channel Complex
SVM classifier

True Class

Non-agressive movements

Agressive movements

Non-agressive movements

310

5

Agressive movements

2

13

Accuracy, %

97.9

Sensitivity, %

98.4

Specificity, %

86.7

Cohen’s kappa, %

77.7

took place only for records corresponding to performing ‘whole body turning’ movements.
As the classification errors of algorithms based on using only data of one type of sensors (bioradars or RGB-D camera) depend on the physical principles of these sensors, it was assumed that
the classification effectiveness can be improved by combining classification results of the classifier
based on analyzing the bioradars data (ClBRL ) and the classifier based on analyzing the RGB-D
camera data (ClRGBD ) and using an additional heuristic.
This heuristic is formulated as follows: if the ClRGBD classifier classifies an event as a normal
activity, then this result is assumed to be true; if the ClRGBD classifier classifies an event as
aggressive behavior, then an additional comparison with the results of the ClBRL classifier is made,
and the decision that this event corresponds to the class ‘aggressive behavior’ is made only if the
decisions of both classifiers coincide. The results of processing experimental records using this
algorithm (see Table 6) show that the classification accuracy, sensitivity and specificity are 98, 98,
87%, respectively.
It should be noted that the result obtained is characterized by a high value of Cohen’s kappa
(78%); for independent usage of the ClRGBD and ClBRL classifiers, this estimate did not exceed
48%. Thus, we can state that the joint analysis of RGB-D camera and bioradar data is more
informative compared to using only one of the listed methods.
5. CONCLUSION

In the present work, we propose a multi-channel complex and a classification algorithm for noncontact aggressive movement detection. The proposed method has the accuracy of 98% and Cohen’s
kappa of 78%.
However, the achieved results should be accepted with caution because the experimental data
used for the classifier training are only for young practically healthy examinees. Moreover, all
movements were performed in the same surroundings.
In the future, we are planning to enrich the experimental dataset with signals for various experimental conditions (viewing angles, illumination level, distance between the subject and the
complex, etc.), and multi-persons observation.
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