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A Noncontact Fall Detection Method for Bedside

Application With a MEMS Infrared Sensor
and a Radar Sensor

Chunhua He™, Shuibin Liu, Guangxiong Zhong, Heng Wu™, Lianglun Cheng, Guizhen Yan, and Yangxing Wen

Abstract—With the rapid development of economy, science,
and technology, the aging issues become more and more seri-
ous. People aged above 65 have a risk of 28%-35% to fall.
Among them, bedside falls happen most frequently. Therefore,
the capability to detect fall events of the elderly is very impor-
tant. In this article, a novel noncontact fall detector based on
a MEMS low-resolution infrared sensor and a low-cost radar
sensor is developed to detect bedside fall. Besides, IR image
processing algorithms based on the adaptive filter, successive
approximation, double boundary scans, and mathematical mor-
phology processing are proposed in detail. Partition processing
algorithm is used to suppress the influence of residual or existed
heat sources on the bed or ground. Then, the statistical features
of the center, area, temperature and duration, as well as stable
flag and fall action flag, are extracted for fall recognition. Finally,
a three-layer radial basis function neural network is applied to
distinguish the fall events from the nonfall events. Considering
the influence factors of ambient temperature, brightness, gen-
der, dressing, fall posture, fall location, and scenario, a total
of 640 tests are conducted and 5-fold cross validation is used
to evaluate the classification performance. Experimental results
indicate that the averages of the recall, precision, F1-Score, and
detection accuracy are measured to be 91.25%, 94.76 %, 92.97 %,
and 93.13%, respectively, which demonstrates that the proposed
fall detection method is effective. Besides, the detection accuracy
decreases from 96.88% to 85.94% as the ambient temperature
rises. Hence, this noncontact fall detector can be widely applied
for bedside fall detection at home, which is low cost, nonwearable,
unobtrusive, noninvasive, and privacy preserved.

Index Terms—Fall detection, feature extraction, image pro-
cessing, infrared Sensor, radial basis function (RBF) neural
network.
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I. INTRODUCTION

ECENTLY, population aging has been a global challenge

faced by many countries in the world [1]. The population
of the elderly (aged above 60) is predicted to reach 2.1 billion
by 2050 [2]. The elderly aged above 65 are prone to fall, and
the fall risk is about 28%—-35%. For the elderly aged above
70, the fall risk increases to 32%-42% [3], [4]. The conse-
quence induced by fall is very severe, such as bone fractures,
head injuries and traumatic brain injuries. What is worse, unin-
tentional falls may lead to death. Hence, fall detection and
timely treatment are very important. The most common fall
site for the elderly is on the bedside [5], therefore, this article
will focus on the research of the detection method for beside
fall. Nowadays, three kinds of fall detection methods, such
as wearable device based, image based, and signs based, are
prevalent [6], [7], [8].

Wearable device-based methods are often applied to
fall detection, and MEMS inertial sensors are mostly
adopted [9], [10]. For instance, inertial sensors are embedded
in watches, belts, shoes or rings [11], [12], [13], [14], [15].
Fall events can be detected with the acquired activity data, and
the detection precision is high. However, the shortages are that
wearable devices may make the elderly uncomfortable, and the
battery life is very short. What is worse, if they are shut down
without power, the elderly will throw them aside.

Image-based methods mainly adopt RGB cameras, ther-
mal cameras or depth cameras [16], [17], [18], [19], [20].
Background subtraction, barycenter calculation, moving speed
of consequence frames, and the angle of body rotation are
often used to extract the image features. Then, Al-based image
processing algorithm is applied to identify the fall events.
These noncontact detection techniques get rid of wearable dis-
comfort, but the limitations are small field of view, high cost,
and privacy invasion.

Signs-based methods often adopt WiFi modules, pres-
sure sensors and millimeter-wave radar sensors [21], [22],
[23], [24]. These sensors are often embedded in the bed, cloth-
ing, floor or ceiling. Based on the signal differences of vital-
signs, fall events can be recognized. The bed-exit events can be
detected accurately, however, the detection accuracy of bedside
fall is not high. After all, there is no image for the human body
recognition. Besides, in order to monitor the vital-signs signals
accurately, the operation frequencies of the millimeter-wave
radar sensors are often larger than 24 GHz, thus the devices’
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prices are often very high. Although they are noninvasive, their
installations are very complex.

Confronting the above limitations, some research institutes
adopt low-resolution Infrared (IR) array sensors [25], [26].
They are noncontact, low cost, and privacy preserved.
Whereas, if the number of IR pixels is not many enough, the
resolutions will be low [27], [28], [29]. In order to advance
the detection accuracy and protect the privacy, IR thermopile
array sensor with 32 by 32 pixels can be adopted [30].

Pyroelectric infrared (PIR) sensors can be used to mea-
sure human’s activities based on the infrared radiation changes
(IRCs) [31]. Compared with thermal (IR) cameras and IR array
sensors, the common point is that the detection principle is
based on thermal radiation, but the difference is that the PIR
sensors are used to monitor the human’s activities, rather than
human’s thermogram. The advantages of the PIR sensors are
low cost and high sensitivity to human’s activities, which is
conductive to fall recognition. However, owing to the lack
of human’s thermogram and image details, misjudgments are
inevitable if PIR sensors are used alone. In order to improve
the detection accuracy, multiple sensors, such as IR sensors,
ultrasonic sensors, inertial sensors and depth sensors, can be
combined together [32], [33], [34], [35], [36]. In addition,
5.8-GHz low-cost radar sensors can be also applied to measure
human’s activities. Compared with PIR sensors, the detection
ranges are expanded and the still human body can also be
detected. Moreover, the radar sensors can be fixed inside the
plastic shell to advance the aesthetic feeling of the product.

In our previous work, the information of bed-exit and vital
signs can be obtained by the sleep monitoring belt, but it
cannot detect the bedside fall [37]. Considering that the con-
sequences of bedside falls are very severe, this article will
research the fall detection method for bedside application. A
noncontact fall detection system based on the fusion of a low-
resolution IR array sensor and a low-cost radar sensor will be
proposed for the application in bedroom.

For fall detection with IR technique, preprocessing, fea-
ture extraction, and pattern recognition are often adopted [5],
[6], [7]. Human positioning analysis is the key step of pre-
processing, whereas, there are few reports about it. Statistical
analysis, principal component analysis, spectrum analysis are
common methods [38] for feature extraction to advance the
detection accuracy. Finally, pattern recognition algorithms,
such as random forest, support vector machine, K-nearest
neighbor, logistic regression, convolutional neural network
(CNN), and fuzzy clustering [39], [40], [41], [42], [43], are
utilized to achieve the recognition. However, some of these
algorithms are too complicated to be realized in the edge-
computing processor. Given that cloud computing is not in
time and unreliable, especially when the network is very unsta-
ble [44], [45], edge computing should be adopted. Thus, this
article will present a simple bedside fall detection algorithm
that can be easily realized in a local microprogrammed control
unit (MCU).

II. SYSTEM DESIGN FOR FALL DETECTION

The system of a smart fall detector for bedside monitoring
is composed of power supply subsystem, processor subsystem,
and sensor subsystem.
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Fig. 1. Fall detection system based on a MEMS IR sensor and a radar sensor.

1) Power Supply Subsystem: The dc/dc converter, low
dropout regulator and power adapter are applied to
generate the appropriate supply voltages to the other
subsystems.

2) Processor Subsystem: STM32F411 ARM is chosen as
the edge-computing MCU. USB interface is used to
connect with personal computer (PC), while the WiFi
module is utilized to achieve the internet of Things
(IoT) communication and remote fall alarm. A three-
color LED indicator is used to display the detection
result.

3) Sensor Subsystem: A radar sensor is used to detect the
body movement, and it will output high level when
somebody or body movement is detected. Otherwise,
it will output low level. Thermopile IR array sensor is
adopted to acquire the thermal image to judge whether
there is a fall event happening at the bedside. Once a
fall is detected, the indicator lights up in red.

The fall detection system based on a MEMS IR sensor and a
radar sensor is illustrated in Fig. 1. The key components of the
system are an edge computing MCU, a MEMS low-resolution
thermopile IR array sensor, and a low-cost radar sensor.

ATS58-2020 is chosen as the radar sensor that is made by
AirTouch (Shanghai) Intelligent Technology Company Ltd. It
is a miniature 5.8-GHz radar sensor module whose size is
about 20 x 20 mm. The core chip is AT5810S, which consists
of a 5.8-GHz microwave circuit, an amplifier circuit, and a
signal processor. Besides, a planar antenna is designed in the
PCB and the detection area is illustrated in Fig. 2. TX pin
is utilized to adjust the sensing distance, the sensing distance
is 3~5 m if TX is high level, while it can be advanced to
4~6 m if TX is low level. Here, TX is set to high level. On
the other hand, RX pin is utilized to tune the sensing delay.
The sensing delay is 2 s when RX is high level, while it can be
advanced to 30 s when RX is low level. Here, RX is set to high
level. If somebody exits in the monitoring area of the radar, the
sensor output SR is 1, otherwise, it is 0. The detection principle
is that the feedback radar signal varies with heart beat and
respiration, so the change of the feedback signal can be utilized
to judge whether there is a person existing in the monitoring
area.
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Fig. 3. Installation angle and FOV of the IR array sensor.

On the other hand, HTPA32x32dR2L.2.1/0.8F5.0HiC is cho-
sen as the thermopile IR array sensor, which is made by
HEIMANN Sensor GmbH. Its resolution is 32 by 32 pix-
els, FOV is 90° by 90°, and the sampling frequency is up
to 5 frames per second. Its accuracy is about +3%*|To — Tal,
where To and Ta stand for the objective temperature and ambi-
ent temperature, respectively. So, it is high precision and low
cost. The fixed angle of inclination of the IR array sensor is
45°, thus the detector can better detect whether there is a fall
in the area below the front, as shown in Fig. 3. The detec-
tor is mounted on the wall with double-sided adhesive tape.
Obviously, the mounted scheme is different from those men-
tioned in the Introduction section, since most of the reported
schemes is that the IR sensor is mounted on the ceiling.

For bedside application, the fixed height of the detector is set
to 1.2 m. Generally, the upper surface of the mattress is 50-cm
above the ground, thus the distance between the upper surface
of the mattress and the detector is 70 cm. The detector is often
installed beside the bed and aligned with the edge of the bed.
If it is installed on the left side of the bed, the fall event on
the left side of the bed is detected, and vice versa. In general,
the elderly is easy to fall accidentally beside the bed, while
children are easy to fall out of bed when they are asleep. For
these cases, the detector is suitable and useful. According to
the inclination angle and FOV, and considering the edge effect,
the detection area (width by length) is about 1.2 m by 1.8 m,
and it means that the effective fall detection area outside the
bed is 0.6 m by 1.8 m, as illustrated in Fig. 4. As a matter of
fact, the area of beside fall is often less than 0.6 m by 1.8 m,
so the monitoring range of the detector is enough.
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Fig. 4. Fixed height of the detector is 1.2 m and the effective fall monitored
area is about 0.6 m by 1.8 m.
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Fig. 5. Top view of someone sleeping in bed or falling out of bed.

For bedside application, the top view of someone sleeping
in bed or falling out of bed is depicted in Fig. 5. Take the
detector fixed on the left side of the bed as example, it is also
obvious that the human body will appear on the right side
of the thermal image before falling down. However, the body
will appear on the left side of the thermal image after falling
down. It means that the locked body area in the thermal image
will shift to the left. Simultaneously, the locked body area will
become slightly smaller as the distance increases. Therefore,
the change of the locked body area in the thermal images can
be used for fall detection. Compared with the detector mounted
on the ceiling, the advantages of the detector mounted on the
wall are as follows: 1) the detection resolution is larger; 2) the
detector is easier to be installed; and 3) the detection principle
is simpler.

In order to further advance the detection accuracy, combined
with a radar sensor, this article will present a fusion diagno-
sis algorithm, which will be described in the next section. In
addition, based on the test platform shown in Fig. 4, a series
of fall experiments can be performed.

III. FALL DETECTION METHOD

The detection method for bedside fall mainly includes the
algorithms of IR image processing, feature extraction, and
pattern recognition.
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A. IR Image Processing Algorithm

IR image processing is composed of noise suppressing,
block processing, and body area locking.

1) Noise Suppressing: The MEMS IR array sensor outputs
32 by 32 pixels absolute temperature distribution via I?C bus at
maximum 5 frames per second. That is, there are 1024 objec-
tive temperature values and an ambient temperature value, and
the maximum sampling rate f; is 5 Hz. Because the temper-
ature signal is apt to be disturbed by the ambient noise, it is
necessary to filter the noise before thermal image recognition.

The noise of IR temperature signal is usually nonstationary,
that is, its statistical characteristics may change with time.
The adaptive filtering does not need to know or estimate the
statistical characteristics of the analyzed signal, but directly
uses the signal observation value and recursively updates the
parameters in the observation process according to a certain
criterion, so as to gradually approaches an optimal processing
result. Thus, adaptive filter is adopted in this article.

Assume that X(k) is an observation vector, and W(k) is a
weight vector, then the output of the filter y(k) is defined as

y(k) = W ()X (k) (1)

where k is the sampling index. If d(k) is the expected output,
then the predicted error e(k) is derived as

e(k) = d(k) — y(k) = d(k) — W' (k)X (k). 2

Thus, according to steepest descent method, the recurrence
formula of the weight vector is deduced as

Wk +1) = W(k) + 2ue(k)X (k) 3

where p is a step factor. The larger the step factor is, the
faster the convergence speed is, the worse the filtering effect
is, and vice versa. Here, it is set to 0.1. From (1)—(3), we can
see that adaptive filter is easy to be realized. Considering that
there are 1025 temperature signals should be processed by the
adaptive filter, in order to reduce the calculation amount, the
equations of adaptive filtering can be further simplified. Now
that the temperature signal is a slowly varying signal, X(k)
can be regarded as a constant vector, such as a unit vector.
Considering a special case, there is only one parameter in
X (k) and W(k), that is, the two vectors degenerate into two
scalars, then the equations above can be deduced as

y(k) = W(k) “
e(k) = d(k) — y(k) = d(k) — W(k) &)
Wk +1) = W(k) + 2uek) = W(k) +2uld(k) — Wk)]. (6)
Thus, the transfer function in the discrete frequency domain
(z domain) can be derived as
Y[zl 2uz
Dlz]  z4+Qu-—1)
where D and Y is the z-transform results of the time domain
signals d and y, respectively. After bilinear transformation

with (8), the transfer function in the time domain (s domain)
can be derived as (9)

2+
ST on s

)

(®)
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Because u is set to 0.1, the transfer function shown in (9)
can be regarded as a first-order low pass filter (LPF), and the
bode diagram is shown in Fig. 6. The high-frequency noise can
be suppressed by this filter, and the fluctuation of the measured
signal is indeed reduced, as shown in Fig. 7. Therefore, this
filter is effective. After filtered, the thermal image of 32%*32
temperature points is illustrated in Fig. 8, and the colors of
these points are determined by their values. Generally, red
and green represent high and low temperature, respectively.

2) Block Processing: The temperature of the human body
is usually higher than the background temperature. Thereby,
in order to identify the body area, the high-temperature points
should be marked first. Simultaneously, in order to remove
the influence induced by extremely high or low temperature
points, the temperature points higher than 40 °C or lower than
0 °C will be eliminated, then the maximum and minimum of
the remaining temperature points can be calculated as Tiax
and Ty, respectively.

First, the temperature threshold Ty at the kth moment
should be confirmed, which will be applied to distinguish the
high temperature points from the low temperature points. Here,
successive approximation algorithm is adopted, as follows.

&)
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Thermal image of 32*32 temperature points of the IR array sensor.

At the beginning, the average of Ti,x and T, is
calculated and assigned to 7}, as shown in

Ty = (Tmax + Tmin)/z- (10)

T is set to Ty, and compute the average TM1 of the
temperature values that are larger than Ty and smaller
than Tiax. Similarly, compute the average TM2 of the
temperature values that are larger than T, and smaller
than Tii. Afterward, update Ty, with the average of
TM1 and TM2. At this time, if the absolute value of
(Tyum — Tunx) 1is less than 0.5 °C, step 3 will be per-
formed, otherwise, step 2 is repeated. The pseudocode
is shown as (11), where suml, sum2, cntl, and cnt2
are four variables used to calculate the averages. Here,
assume that T is the current IR temperature array, whose
size is 32*32. r is the row index (1 < r < 32) and c is
the column index (1 < ¢ < 32)

while(1)
{Tipie = Tyn; suml = cntl = sum2 = cnr2 = 0;
for r = 1:32

for ¢ = 1:32

{ if Tlrllc] € [Tk, Tmax]

{suml = suml + T[r][c]; cntl 4+ +;}

else if T[rllc] € [Tmin, Tink)

{sum2 = sum2 + T[r][c]; cnt2 + +; }

}

TM1 = suml /cntl; TM2 = sum2/cnt2,;

Tom = (TM1 + TM2)/2;

if(| Ty — Tenk| < 0.5) break;
} (11)
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3) If step 2 is stop, Ty is confirmed, which equals to Ty,

as shown in the following:

Tink = Tum- (12)

Hence, the high temperature points larger than Ty and
smaller than Tyax can be picked out, and marked with a block
number larger than 0. Here, the double boundary scans algo-
rithm is used for block processing, which consists of three
steps as follows.

1) First Boundary Scan: Define M as a label array, and the
initial values of the elements in M are all 0. Here, bound-
ary extension and progressive scanning are adopted, and
the size of M is 34*34. Meanwhile, define bn as a block
number, whose initial value is 1. Thus, for r (1<r<32)
and ¢ (1<c<32), a new data set SI can be obtained as
{M[r—1][c—1], M[r—1][c], M[r—1][c+1], M[r]lc—1],
Mlr][c+1], M[r+1][c—1], M[r+1][c], M[r+1][c+1]}.
Afterward, “0” and the repeated value in set SI are
eliminated to form set S2. If S2 is an empty set, bn
is assigned to M[r][c], and then updated as (bn-+1).
Otherwise, the minimum in S2 will be assigned to
M{[r][c]. Meanwhile, if the size of S2 is larger than 1, it
means that these blocks are connected together, then S2
will be added to the relationship table R whose initial
value is empty. Thus, R is composed of a series of sets.
Here, the pseudo code is shown as

bn=1;,i=1, R=g;
for r = 1:32
for c = 1:32
if T[rllc] € [Tin, Tmax]
{ if(S2 == @)
{M[rllc] =bn; bn=bn+1;}
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2)

3)

else
{M[r][c] = min(S2);
if(size(S2) > 1) R[i + +] = 82; }
1. (13)

Second Boundary Scan: After the first boundary scan,
there may be some adjacent points marked with different
block numbers, as shown in Fig. 9, blocks 3-5 are con-
nected together. In fact, these adjacent blocks should be
combined together and they belong to the same block.
Hence, the second boundary scan is applied to deal with
the relationship table R. First, compare all the elements
in R, if the intersection of any two elements is not empty,
then merge them to form a union. Second, for each ele-
ment in R, pick out the points corresponding to all block
numbers in the same set, and then change their labels to
the minimum block number of the set. In this way, after
every element in R is processed, the adjacent blocks are
merged together. As shown in Fig. 10, blocks 3-5 are
merged together, and the final block number is 3. The
pseudo code is shown as (14), where the counter array
cnt is used to record the number of the points in each
block, whose initial value is 0

for i = 1:size(R)
for j=(i+1) : size(R)
if(RLi] () RIj] # 2)
{RIil = RII | RUL RG] =25}
for r = 1:32
for ¢ = 1:32
for i = 1:size(R)
if(M[r]lc] € RIil)
{M([rllc] = min(R[i]);
cnffmin(R[D] + +;} (14)

Due to the influence of the environment, perhaps
several high-temperature blocks are identified, and
the area of the block corresponding to the human
body is often the largest. Besides, the number
of the locked points of the human body is gen-
erally larger than 15; hence, some noise blocks
can be eliminated by the area analysis, as shown
in (15), where id is the index (i.e., block num-
ber) of the largest block. Finally, only the blocks
with larger area are reserved, and other identi-
fied blocks will be removed. As shown in Fig. 11,
we can see that blocks 1, 2, and 6 have been
removed, and only block 3 is reserved. Due to
the influence of background or other factors, there
may be some unlocked points within the contour
line of the high temperature block. As shown in
Fig. 11, these singular points (i.e., noise points)
must be filtered out, because the locked human
contour should not contain some unlocked points
theoretically. Therefore, mathematical morphology
processing will be adopted to achieve the goal
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Fig. 9. Results of the first boundary scan: every point is marked with block
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Fig. 10. Results of the second boundary scan: the adjacent blocks are merged
together.

id = find(max(cnt));

for r =1:32
for ¢ = 1:32
{ if(cnt[M[r][c]] < 15) M[r][c] = 0;} (15)

3) Body Area Locking: Binary mathematical morphology
processing includes erosion, dilation, opening and closing
operations. Here, dilation operation is defined as (17), it means
that if the label of a certain point is ide (ide > 0), then the labels
of its adjacent eight points should be set as ide. Similarly, ero-
sion operation is defined as (17), it means that if the minimum
of the labels corresponding to the adjacent 8 points is 0, or the
point is at the extended boundary, then the label of this point

Authorized licensed use limited to: Guangdong Univ of Tech. Downloaded on January 28,2026 at 07:42:04 UTC from IEEE Xplore. Restrictions apply.



HE et al.: NONCONTACT FALL DETECTION METHOD FOR BEDSIDE APPLICATION

32
31
30;
29
28
27
26
25
24
23
22
21
20
19
18
17
16
15
14
13
12
11
10
9

8
7
6
5
4
3
2
1
0

1234567 8 91011121314151617 18192021 22 23 242526272829 3031 32

Fig. 11. Blocks with larger area are reserved, and the other noise blocks are
all removed.

should be set as 0. In (17) and (17), M’ is an array variable,
whose size is 34%34

for r = 1:32

for c = 1:32
if(MIrl[c] == ide)
M'r—1[c—=11=M[r—1llc] = M[r—1][c + 1] = ide;
M'[rllc — 1] = M'[r][c] = M'[r]lc + 1] = ide;
Mr+1c—=11=M[r+ 11[c] =M'[r+ 1][c + 1] = ide;

}
for r = 0:33
for ¢ = 0:33
M[rllc] = M'[r][c]; } (16)
for r =0:33
for ¢ = 0:33

{if((r == 0)||(r == 33)||(c == 0)||(c == 33)) M'[r][c] = 0;
else if(min(S1) == 0) M'[r][c] = 0;
else M'[r][c] = M[r][cl;

}
for r = 0:33
for c = 0:33

{MIrllcl = M'[r]lcl;} a7)

Closing operation will first perform dilation operation,
then perform erosion operation, which can filter the negative
impulse noise in the image. On the contrary, opening opera-
tion will first perform erosion operation, then perform dilation
operation, which can filter the positive impulse noise in the
image. Therefore, in order to remove the negative and positive
noises simultaneously, closing operation and opening opera-
tion are cascaded. As shown in Fig. 12, the negative noise is

12583

32
31
30
29
28
27
26
25
24
23
22
21
20
19
18
17
16
15
14
13
12
11
10
9

8
7
6
5
4
3
2
1
0123456 7 8 91011121314151617 1819202122 2324 2526272829 3031 32

Fig. 12. Negative noise is filtered by a closing operation, and the six new
locked points are dyed blue.
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Fig. 13. Positive noise is filtered by an opening operation, and the removed
point is also dyed blue.

filtered by a closing operation, and the six new locked points
are dyed blue. Subsequently, the positive noise is filtered by
an opening operation, and the removed point is also dyed blue,
as shown in Fig. 13. These results figure out that the binary
mathematical morphology processing is indeed effective to fil-
ter the noises in the 2-D image. If a locked potential body area
appears after IR image processing, then feature extraction will
be conducted.

B. Feature Extraction Algorithm

In this article, bedside fall refers to somebody falls from the
bed, and cannot get up but lying on the ground beside the bed.
Given that the fall events have something to do with time and
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space, so the related features should be extracted, and partition
processing algorithm is adopted here.

Since the fall detector is installed beside the bed and aligned
with the edge of the bed, as shown in Fig. 4, the center line
of the IR image will be aligned with the edge of the bed.
Take the center line as the dividing line, the thermal image
can be divided into two parts. The part monitoring the bed is
Part A, while the other part is Part B. Assume that there are k
high-temperature blocks identified by double boundary scans
algorithm, and sorted by area from large to small, they are
named BLI, BL2, ..., BLk. Thus, the corresponding numbers
of the locked points of them are NLI, NL2, ..., NLk, and NLI
> NL2 > ... > NLk. Besides, the points of the kth locked
high-temperature block may be located in Part A or Part B.
Therefore, block BLk can be divided into BLk_A and BLk_B,
and the corresponding numbers of locked points are marked
as NLk_A and NLk_B, respectively. Here, NLk = NLk_A +
NLk_B.

First, define BL_A and BL_B as two block variables, whose
corresponding numbers of the locked points are NL_A and
NL_B, respectively. The corresponding mean temperatures
of the two blocks are defined as T.4and T,p, respectively.
Besides, the center coordinate (X4, Y.4) of block BL_A can
be obtained by averaging the abscissas and ordinates of all
the points in the locked area. The difference of the center
coordinates at adjacent moments is calculated as (dX.4, dYc4).
Thereby, the standard deviation of the latest 5 center coordi-
nates can be obtained as (stdX,4, stdY.4). That is, the statistical
analysis is performed with the data in the latest 1 s because
fs i1s 5 Hz. If stdX.4 and stdY.4 are both less than 1, and the
absolute values of dX.4 and dY.4 are both smaller than 2, it
indicates that the locked body area is stable, and the corre-
sponding moment is called stable moment. Then, the stable
center coordinate (SX:4,SY.4) of the locked area can be
updated by averaging the latest 5 center coordinates. If the
locked body area in Part A is stable, flag_stableA is set to 1,
otherwise it is set to 0 and (SXc4, SY.4) will be not updated,
as shown in (18). Likewise, the definitions of (X g, Ycp),
(dXcp, dYcp), (stdX.p, stdY.p), (SXcp,SY.p), flag_stableB in
Part B are similar to those in Part A

if((stdXea < 1)&&(stdYep < 1)&&(|dXca| < 2)&&(|dYal < 2))
flag_stableA = 1;

else flag_stableA = 0. (18)

There are three steps to confirm whether there is a fall
action. In the first step, BLI_A and NLI_A are assigned to
BL_A and NL_A, respectively. If condition (19) is met, flag_A
will be set to 1 and jump to the second step, otherwise, the
judgment is repeated

BL A =BL1_A; NL_A = NLI_A;
if((flag_stableA == 1)&&(NL_A > NL1 % 0.8)
&&(15 < NL_A < 200)&&(1 < SX.4 < 30))

flag A=1. (19)

It means that if there is a person in Part A, NL_A should be
larger than 0.8*NLI_A and 15, and smaller than 200. Besides,
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the stable center cannot be close to the boundary, hence SX 4
should be larger than 1 and smaller than 30. If flag_A equals 1,
the corresponding parameters BL_A, SXca, SYca, NL_A, T4,
and T are assigned to BL_AO, SX 40, SY 40, NL_AO, T.40, and
Ty, respectively. The changes of the temperatures of the new
locked area can be evaluated by the Euclidean Distance (ED),
as shown in

ED =0;
for r =1:32
for ¢ = 1:32

{if(M[F][c] == id)
ED = ED + (T[rl[c] — Tolrllc)?;
}
ED = VED.

In the second step, BL_B is the maximum block in Part B.
If the condition (21) is met, flag_B will be set to 1 and jump
to the third step, otherwise, the judgment is repeated

(20)

BL_B = max(BL1_B,BL2_B, ..., BLk_B);
NL_B = max(NL1_B,NL2_B, ..., NLk_B);

. NL_B
if((1Tep — Teaol < D&&(O05 < = < 1)

&&(15 < NL_B < 200)&&(ED > 10)&&(SR == 1)
&&(ISXcp — SXcaol > LX) &&(ISY e — SYcaol < LY)
&&(1 < SX.p < 30)&&(flag_stableB == 1))
flag B=1

21

where LX and LY are the current span of the locked area
in the x-axis direction and y-axis direction, respectively. In
General, there is a large displacement in the x-axis direction
after falling, while the displacement in the y-axis direction
is relatively small. Hence, if somebody falls from the bed,
the displacement in the y-axis direction should be less than
LY, while it should be larger than LX in the x-axis direction.
Besides, the stable center cannot be close to the boundary,
hence SX,p should be larger than 1 and smaller than 30. The
difference of the mean temperatures of the locked area before
and after falling down should be smaller than 2 °C. The ratio
of the locked area after falling down to the locked area before
falling down should be larger than 0.5 and less than 1, as
illustrated in Fig. 14. Meanwhile, NL_B should be larger than
15 and smaller than 200, since the body’s area is limited. In
order to eliminate the influence of other existed heat sources,
ED should be larger than 10. If ED is small, it means that
the new locked area has already existed before falling down,
and it is an unreasonable fall change. If somebody exists in
the monitoring area of the radar, the sensor output SR is 1,
otherwise, it is 0. As shown in Fig. 14, the locked body area
moves to the right after falling down. However, there may be
a residual thermal block left on the left. Therefore, next step
is very necessary to eliminate the influence resulted from the
residual temperature on the bed.

In the third step, go back to analysis the high-temperature
block with maximum area (i.e., BL_A) in Part A after falling
down, if the condition (22) is met, flag_action will be set to
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Fig. 14. Locked body area moves to the right after falling down.

1, and pattern recognition for fall detection will be conducted

BL_A = max(BL1_A, BL2_A, ..., BLk_A):
NL_A = max(NL1_A, NL2_A, ..., NLk_A):
if(BL_A ﬂ BL_AO # )
NL_A
NL_A0

(if((flag_B == D&&( <0.5))

flag_action = 1; }
(22)

where if the intersection of block BL_AO and block BL_A is
empty, then flag_action is set 1 directly; Otherwise, if flag_B is
equal to 1, and the ratio of NL_A to NL_AO is smaller than 0.5,
then flag_action is also set 1. It means that the previous locked
area in Part A is decreasing because the residual temperature
on the bed is gradually dissipated after human body falls, and
its influence is eliminated. Similarly, the influences induced by
ambient thermal noise and the other persons can be suppressed
by these operations. Therefore, it is very important to analyze
the dynamic changes of the old and new thermal images.

At the initial moment when flag_action becomes 1, the cor-
responding T.p and NL_B are recorded as T.py and NL_BO.
Once flag_action and flag_stableB are both equal to 1, start a
timer to record the duration ¢7, meanwhile, monitor the human
activity based on the radar sensor, and count the time 7,. of
body movement within the latest 1 min. Hence, if the con-
dition (23) is met, the fall action disappears, and flag_action,
flag A, and flag_B will be set to 0

if((|dXc| > 2)||(|dYcp| > 2)]|(ta > 120)
[[(ITeg = Tepol > 2)[|(INL_B — NL_BO| > NL_B0/3))
(23)

else flag_action = 1

flag_action = flag_ A = flag_B = 0.

That is, if the locked body area in Part B is unstable (e.g., the
displacement of the center is larger than 2), or the duration #;
is longer than 120 s, or the change of the mean temperature
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Input layer

Hidden layer Output layer

Fig. 15. Architecture of a three-layer RBF neural network system.

of the locked area is larger than 2 °C, or the locked area
changes by more than 1/3, then the states of flag_action, flag_A
and flag_B should be restored. Obviously, these constraints are
applied to suppress the influence of residual or existed heat
sources on the bed or ground.

In general, if the body activities are more after the ther-
mal image moves out of bed, it means that the objective may
struggle to get up after falling down or do other things, so
there is no need to alarm in these cases. Only when the ther-
mal image is basically stable after moving out of bed, and
the body activities are less within 1 min, can it be recognized
as a fall. In addition, body activity detection can reduce the
influence of abnormal interferences induced by sunlight, light,
bedside company, etc. Therefore, a radar sensor is introduced
in this article to assist in the fall judgment, which is very
significant to further reduce the misjudgment.

Assume that stdNVL_B and stdT.g are the standard deviations
of NL_B and T.p within 1 s, respectively. Given that stdX,p,
stdY.p, stdNL_B, stdT.p, tg, t,., flag_stableB, and flag_action
are closely related to the fall event, hence, these eight param-
eters will be used as the inputs for pattern recognition. Once
the fall action is detected and recognized, fall event analysis
will be initiated.

C. Pattern Recognition Algorithm

Neutral network algorithm is widely used for prediction
control, system identification, fitting, classification, and
pattern recognition. In this article, a three-layer radial
basis function (RBF) neural network algorithm is utilized
for the pattern recognition, as shown in Fig. 15, where
EX=(ex|, ex, ..., exp)T is the input matrix of input layer,
EZ=(ez1, ez, ..., eZQ)T is the output matrix of hidden layer,
and EY = (eyy, eys, ..., eyr)T is the output matrix of output
layer. The numbers of the neurons of input layer, hidden layer
and output layer are P, Q, and L, respectively. Gaussian func-
tion is continuous derivable, so it is adopted as the transfer
function of the hidden layer, as depicted in

[ (EX — C)T(EX — C))
ez = exp| —

,i=1,2,..., 24
252 :| Q0 (24
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where ez; is the ith output of the hidden layer, and §; is a
normalization constant of the ith hidden-layer node. C; is the
center vector of the ith hidden-layer node, whose dimension is
the same as that of EX. ez; is between 0 and 1, which reaches
maximum when EX equals C;. Linear function is adopted as
the transfer function of the output layer, as shown in

0
gykzza)kiezi—bk, k: 1,2,...,L

i=1

(25)

where ey is the kth output, wy; and by are the weight factor
and threshold of the output layer, respectively. It is not until the
training error (TE) satisfies the setting target that the training
stops, then all the parameters of the network are confirmed.
The calculation formula of TE is defined as

TE = (EY — TT)” x (EY — TT)/2 (26)

where TT is the expected output. In general, the training
includes unsupervised learning period and supervised learning
period. After training, the network can be utilized for online
fall recognition.

In this article, EX is [stdX_.p, stdY.p, stdNL_B, stdT.g, t;,
t.c, flag_stableB, flag_action], and EY is [fall or nonfall].
Hence, P is 8 and L is 1. In order to advance the learning
effect, Q is set to 24. In the leaning process, the learning rate
is set to 10™* and the maximum epoch is set to 1000. In fact,
the learning process can be fulfilled in the computer to save
the time, after the parameters are confirmed, the network will
be applied to the recognition in the MCU. The architecture
of this RBF neural network is so simple that it can be eas-
ily realized in the MCU. Therefore, the edge computing is
feasible.

IV. EXPERIMENTAL RESULTS

Since the fall detector is an IoT product, the test results
can be also obtained by the APP in a smartphone. In order to
evaluate the performances of the proposed detection method,
the precision (PR), recall (RE), F1-Score, and recognition
accuracy (ACC) are defined as

TP TP
R=——— RE= ———
TP + FP TP + FN
2 x RE x PR
Fi —Score = ———
RE + PR
TP 4+ TN
ACC = (27)
TP + TN + FP + FN

where TP (True Positive) is the number of correctly detected
abnormal epochs (i.e., fall), TN (True Negative) is the number
of correctly detected normal epochs (i.e., nonfall), FP (False
Positive) is the number of incorrectly detected normal epochs
(i.e., nonfall), and FN (False Negative) is the number of incor-
rectly detected abnormal epochs (i.e., fall). Hence, these 4
parameters are the most important performance indexes.

A. Test Scheme Design

Several main influence factors for bedside fall are shown
in Table I, namely, ambient temperature, brightness, gender,
dressing, fall posture, fall location and scenario. Except that
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TABLE I
SEVERAL MAIN INFLUENCE FACTORS FOR BEDSIDE FALL TESTS

Factor Level

Ambient temperature 18°C, 21°C, 24°C, 27°C, 30°C

Brightness sunlight, LED light
Gender male (1.8m), female (1.6m)
Dressing thin clothes, thick clothes

Fall posture lying, sitting

Fall location in the center, at the boundary
Scenario quilt cover, no quilt cover

ambient temperature has five levels, other factors have only
two levels. Given that ambient temperature is the most impor-
tant influence factor, it will be set to 18 °C, 21 °C, 24 °C,
27 °C, and 30 °C, respectively. It can be controlled by an
air conditioner that can heat or cool. The experimental site is
shown in Fig. 4, and a series of bedside fall tests (i.e., imitate
that somebody falls from the bed or gets out of bed normally)
will be conducted.

Moreover, brightness is another key influence factor, which
is mainly adjusted by sunlight or LED light. As for gender
and height, a young man with a height of 1.8 m and a young
woman with a height of 1.6 m are recruited to imitate the
bedside falls or nonfalls of the elderly. The fall posture is often
lying or sitting on the ground, while the fall location is often in
the center or at the boundary. In addition, during the sleeping,
the elderly may dress the thin or thick clothes, and cover a
quilt or not. Hence, considering the fall or nonfall situation,
for every ambient temperature, there are 128 (=2"7) tests in
total. Thus, a total of 640 (=128 * 5) tests will be conducted.

B. Test Results

In this article, 5-fold cross validation is applied to evaluate
the classification performance. Given that ambient temperature
is the most important influence factor, the test data are divided
into five groups according to the setting ambient temperature,
and each group has 128 pieces of data corresponding to 128
tests. Here, assume that G1, G2, G3, G4, and G5 represent the
data set of 18 °C, 21 °C, 24 °C, 27 °C, 30 °C, respectively.
For each fold, four data sets are applied for training while the
rest one is used for validation. For example, for Fold No.l1,
{G2, G3, G4, G5} are utilized for training and G1 is applied
for validation. Similarly, for Fold No.2, No.3, No.4, and No.5,
data set G2, G3, G4, and G5 are used for validation, respec-
tively. Thus, 80% of the data are used for training while 20%
of the data are used for validation.

The test results of TP, TN, FP, FN of 5-fold cross validation
are listed in Table II, then RE, PR, F1-Score, and ACC of
them are calculated according to (27), as depicted in Fig. 16.
The averages of TP, TN, FP, and FN are 58.4, 60.8, 3.2, and
5.6, respectively. Meanwhile, the averages of RE and PR are
calculated to be 91.25% and 94.76%, respectively. Recall is
less than precision, that is, the misjudgment of fall is larger
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TABLE 11
TEST RESULTS OF BEDSIDE FALL EXPERIMENTS

Fold No. P N FP FN
1 61 63 1 3
2 60 62 2 4
3 60 61 3 4
4 58 61 3 6
5 53 57 7 11
Average 58.40 60.80 3.20 5.60
F1-ScoreS ; ; : : : : : : 0.5'3548 ' 7
ACCSE————_10.859% 1
o PR5 0.88 1
% RES 0.8281 8
E F1-Score4 0.921 8
° ACCAE_—————— 109297 -
Q PR4 0.9 1
§ RE4 0.9063 A
E F1-Score3 0.9449
s ACC3E———— 109453 -
= PR3 0.9524 -
3 RE3 09375 -
=9
+ F1-Score2 0.9524 1
5 ACQ2E———— — —_]0.9531 1
- PR2 0.9677
2 RE2 0.9375 -
St
A F1-Scorel 0.9683
ACClE—————— ]0.9688
PR1 0.983
RE1 — S — 2530
0 01 02 03 04 05 06 07 08 09 1 1.1
Value
Fig. 16.  Test results of four key performance indexes of 5-fold cross
validation.

than that of nonfall. Finally, the averages of F1-Score and ACC
are computed to be 92.97% and 93.13%, respectively.

On the other hand, as the ambient temperature rises, ACC
decreases from 96.88% to 85.94%, and F1-Score decreases
from 96.83% to 85.48%. As the ambient temperature rises,
the difference between the ambient temperature and the body
temperature will decrease, which affects the thermal image
processing and recognition. When the ambient temperature is
larger than 27 °C, ACC and F1-Score will drop fast.

V. CONCLUSION

In this article, a novel noncontact fall detector based on a
MEMS thermopile Infrared array sensor and a radar sensor is
developed to detect bedside falls. Besides, IR image processing
algorithms based on the adaptive filter, successive approxima-
tion, double boundary scans, and mathematical morphology
processing are proposed in detailed. The partition process-
ing algorithm is used to suppress the influence of residual or
existed heat sources on the bed or ground. Then, the statistical
features of the center, area, temperature, and duration, as well
as stable flag and fall action flag, are extracted for fall recog-
nition. Finally, a three-layer RBF neural network is applied to
distinguish the fall events from the nonfall events. Considering
the influence factors of ambient temperature, brightness, gen-
der, dressing, fall posture, fall location, and scenario, a total of
640 tests are conducted and 5-fold cross validation is used to
evaluate the classification performance. Experimental results
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indicate that the averages of the recall, precision, F1-Score,
and detection accuracy are measured to be 91.25%, 94.76%,
92.97%, and 93.13%, respectively, which verifies that the
proposed fall detection method is effective. Besides, the detec-
tion accuracy decreases from 96.88% to 85.94% as the ambient
temperature rises.

In a word, the proposed beside fall detection algorithms
are easy to be realized in the edge-computing processor.
Therefore, this IT noncontact fall detector can be widely
applied for bedside fall detection at home, which is low cost,
nonwearable, unobtrusive, noninvasive, and privacy-preserved.
Considering that the factors affecting bedside fall detection are
so complex in real life scenarios, more tests should be per-
formed to verify the stability and applicability of the proposed
method, which will be our next work.
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