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Abstract. To regain and then improve the walking ability for the people with lower
limb disabled, the authors have been developing a new type of omnidirectional walking
training robot (WTR). This WTR can help physical therapist to conduct the walking
training for lower limb disabled by performing speciﬁc training course designed by the
physical therapist. To ensure the training eﬀect, a path tracking controller was proposed
to enable the WTR to precisely track the designed path. However, there is the risk of the
fall while carrying out walking training by the WTR, which lead the second damage to
users. In order to improve the functionality and reliability of the WTR, a fall detection
method is proposed based on the fuzzy reasoning method. In detail, a posture sensor and
a two-dimensional (2D) laser sensor are used to detect the body’s posture and positions
of two legs for user in the WTR. Then, a fuzzy knowledge base diﬀerentiating the normal
walking state and one kind of falling state is set up based on the fusion information of
the two sensors. Furthermore, a fall detection strategy based on the combination of upper
body posture and gait information is proposed, while the user’s fall state is analyzed by
a novel fuzzy reasoning mechanism. Finally, the eﬀectiveness of the proposed method is
veriﬁed by a series of experiments.
Keywords: Fall detection method, Walking training robot, Fuzzy reasoning, Degree of
membership

1. Introduction. In recent years, population aging is a signiﬁcant demographic characteristic of modern society [1]. Illness and traﬃc accidents have also led to an increase in
the number of disabled people [2]. The weakening of the walking ability of the elderly
and the disabled not only aﬀects their lives, but also puts a burden on their families and
society [3]. Therefore, it is necessary to improve their walking ability through training. At
present, lower limb rehabilitation training robots have crutches, walking aids, exoskeleton walking booster and the wearable gait rehabilitation robot system coordinated with
treadmill [4]. Some researchers have done a lot of research on the control of robots, which
can help the elderly and the disabled to have better rehabilitation training. The authors
of [5] proposed a semi-active fault tolerant control scheme, which can solve the problems
of trajectory tracking, center of gravity (COG) deviation and actuator failure of omniDOI: 10.24507/ijicic.16.02.597
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directional rehabilitation training robots. The authors of [6] proposed an intelligent walking robot sharing control algorithm based on reinforcement learning, which can improve
the user’s comfort when using equipment and automatically adapt to the user’s behavior.
However, due to the weakness of lower limb’s muscles, people are prone to fall down and
cause secondary injuries during walking training. Each year, an estimated 646,000 individuals die from falls globally, of which over 80% are in low- and middle-income countries
[7]. Falling is undoubtedly the main cause of fatal injuries to the elderly and the disabled,
so it is necessary to improve the ability of walkers to detect falls and prevent falls.
In recent years, many researches for detecting falls have been studied. Speciﬁcally,
the authors of [8,9] developed an approach for fall detection based on multi-sensor fusion
based on the back propagation (BP) neural network. It is inconvenient for the elderly to
wear many sensors, and data fusion is also time consuming. The authors of [10] proposed
to use torque sensor and laser sensor to identify the motion intentions of upper and lower
limbs respectively, and then to detect falls by support vector machine algorithm. Due
to the proportional relationship between human-machine interface based on force sensor
and interactive force. It is diﬃcult to adjust the appropriate scaling factor to increase
the compliance of the walker. When people and robots fall down, the speed of the walker
may be accelerated, which is dangerous for users. The shortcomings of [8-10] are that
multi-sensor makes data fusion more time consuming and reduces the comfort and safety
of users. To solve this problem, the authors of [11,12] proposed to use image recognition to
recognize the falling state of people. Because the acquisition of visual information is easily
aﬀected by environment, the recognition rate is low. The authors of [1,13] proposed a zeromoment point (ZMP) algorithm to detect falling. However, the ZMP in human walking
will not be ﬁxed under the supporting feet. The authors of [14] proposed a COG algorithm
to detect falling. When the user’s COG exceeds the safety threshold, the user is detected
to fall down. Up to now, compared with the above research, the data fusion of this research
is faster and the recognition rate is also improved. However, there is still the problem
that the COG has errors due to diﬀerent walking speeds of users. The shortcomings of
[1,11-14] are that the recognition rate is low and all the fall states of users cannot be
detected quickly. To solve the problems of time-consuming data fusion, low comfort and
safety of users, and low recognition rate in the existing research, this paper proposes
a research on fall detection of walking training robot (WTR) based on fuzzy reasoning,
which mainly uses a high precision posture sensor and a two-dimensional (2D) laser sensor.
Using only one wearable sensor not only avoids the problem of low user comfort, but also
ensures the recognition eﬀect. Since the walking habits of users are not necessarily the
same each time, the use of a sensor may easily lead to misjudgment of the walker. For
example, the user’s pace suddenly increases but is still in a normal walking state, but the
robot will make corresponding protection measures when it detects the increase of the
user’s pace. To avoid misjudgment, this study proposes to measure the tilt angle of the
user’s upper body when walking normally with posture sensors and to measure the user’s
gait information with laser sensors. After data preprocessing, membership functions are
respectively established through data rules, and then fuzzy rules of inclination angle and
gait information are established. The membership degree of the user’s safe walking state
is obtained by the weighted average method so as to judge the user’s walking state. By
using the fuzzy reasoning method to analyze the upper body state and the lower limb
state together, the walker can more accurately and comprehensively identify the forward
falling state of the user, and the problem of low recognition rate is solved. Experimental
results verify the eﬀectiveness of the method.
The remainder of the paper is organized as follows. In Section 2, we introduce the
structure of WTR and the types of sensors, as well as the normal walking state and
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forward falling state of users when using WTR. In Section 3, a fall detection strategy
based on the combination of upper body posture and gait information is proposed, while
the user’s fall state is analyzed by a novel fuzzy reasoning mechanism. In Section 4, the
eﬀectiveness of the proposed method is veriﬁed by a series of trials and compared with
another method. In Section 5, we conclude this paper and state the future research.
2. Walking Training Robot, Posture Sensor and 2D Laser Sensor. In previous
research, we developed an omni-directional WTR which can help the physical therapist
to conduct the walking training for lower limb disabled [15]. As shown in Figure 1, the
transmission mechanism of WTR is composed by 4 omni wheels, and each wheel can be
independently driven by a motor controlled by a servo controller. Users can adjust the
speed and direction of each wheel by controlling panel to realize all-round movement.
And, the training course can be uploaded in the panel to execute the walking training.
However, the WTR has not the function of fall detection which is essential for the users.
In order to improve the functionality and reliability of the WTR, a fall detection method
is proposed in this paper.
The 2D laser sensor installed at the bottom of the walker is used to detect the left foot
displacement (Ll ) and the right foot displacement (Lr ) as shown in Figure 1. The laser
sensor has 682 laser spots with a scanning range of 240 degrees and a scanning distance
of 4 meters as shown in Figure 2. In addition, the scanning period of the laser sensor is
100 ms. The posture sensor is a Wireless Standalone Sensing System (WSSS) wireless
networking three-dimensional motion posture measurement system. The position of the
posture sensor placed on the human body during the experiment and the directions of
earth coordinate systems X, Y , Z and sensor coordinate systems Xs , Ys , Zs as shown
in Figure 3. According to many experiments, the angle change of Roll rotating around
the earth coordinate system X is the most obvious when the user falls down. Therefore,
the rotation angle of Roll around the earth coordinate system X is selected as the target
variable, expressed as θx in the position shown in Figure 3. In addition, the scanning
period of the posture sensor is 50 ms.

Figure 1. The WTR

Figure 2. 2D laser sensor
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Figure 3. Wearing position of posture sensor

(a) Safety state

(b) One danger state

Figure 4. Walking state
The user from the normal walking state to the forward falling state with the help of
WTR is shown in Figure 4. During walking, the laser sensor will detect the user’s gait
information, and the posture sensor will detect the user’s θx . And then, a fall detection
method is proposed based on the fuzzy reasoning method using fusion information of the
two sensors.
3. Fall Detection Method.
3.1. Establishing model. In practical walking assistant, the user walks inside the robot
as shown in Figure 4(a) and the walking region as shown in Figure 5. The eﬀective data
that the laser sensor can scan is from −60 to 60 degrees.
In order to ensure the reliability of the experiment, we require the subjects to have a
certain time interval for each walking training. After many experiments, we take the midpoint of the scanned leg as the characteristic point. The observation of the characteristic
points shows that the data of θx , Ll and Lr of the user during normal walking conform to
normal distribution.
Xi − µ
(1)
Xi′ =
σ
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Figure 5. Walking zone within WTR

Figure 6. Standardized θx

Figure 7. Standardized Ll
Therefore, the experimental data Xi are subjected to z-score standardization processing
to obtain data Xi′ as shown in Formula (1), µ is the mean value, and σ is the standard
deviation.
The standardized data of θx , Ll and Lr conform to normal distribution. The data
are gathered around 0 with a variance of 1 shown in Figures 6, 7 and 8. According to
probability theory, the probability that the data conforming to normal distribution falls
on [µ−3σ, µ+3σ] is the largest. Considering the actual situation, the standardized ranges
of θx , Ll and Lr are taken as the safety range for users to walk normally. Calculated by
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Figure 8. Standardized Lr
Formula (1), the safety range of θx is [70.4◦ , 91◦ ], the safety range of Ll is [316.9, 594.4]
mm, and the safety range of Lr is [322.3, 595.8] mm.
3.2. Data processing of 2D laser sensor and posture sensor. The scanning range
of the 2D laser sensor is 240 degrees and the scanning distance is 4 meters. During
walking, the user’s maximum foot movement range is 60 cm and the movement area is
120 degrees. To eliminate the interference of WTR external motion, it is very important
to extract the user’s eﬀective gait information. Therefore, we only acquire laser scanning
data in the area shown in Figure 5. As the user walks, the extracted data is processed as
shown in Figure 9(a). The posture sensor can feed back the Yaw, Pitch, Roll in real time.
As the user moves forward, selecting a characteristic θx for preprocessing, the extracted
data is processed as shown in Figure 9(b).

(a) Gait information

(b) θx information

Figure 9. Eigenvalue curve of walking forward
3.3. Fuzzy reasoning method. Fuzzy reasoning system is a system based on fuzzy set
theory and fuzzy reasoning method, which is used to process fuzzy information and make
decisions. Fuzzy reasoning is a reasoning method used to solve fuzzy phenomena and is
a bionic reasoning process based on behaviors [16]. Fuzzy reasoning is considered as an
eﬀective method to deal with the problem of uncertain rules [17]. For the process from
normal walking to falling, due to the sudden and uncertain nature of the process, the safety
thresholds of θx , Ll and Lr obtained through limited experiments are not representative
and cannot represent the walking situation each time. Therefore, we adopt the fuzzy
reasoning method to judge the current state of θx , Ll and Lr to establish reasonable fuzzy
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Figure 10. Fuzzy reasoning ﬂow chart
rules to judge the walking state of the person more accurately and eﬀectively to avoid
falling. The fuzzy reasoning ﬂow chart is shown in Figure 10.
3.4. Determining membership function. Membership degree belongs to the concept
of fuzzy evaluation function: fuzzy comprehensive evaluation is a very eﬀective multifactor decision-making method to make a comprehensive evaluation of things aﬀected by
various factors. The value of [0, 1] indicates the degree to which the accurate value belongs
to the fuzzy value. Its characteristic is that the evaluation result is expressed by a fuzzy
set instead of absolutely aﬃrming or negating. In Section 3, it has been found that θx ,
Ll and Lr satisfy the normal distribution rule after many trials. Considering the actual
situation of falling forward, observe the probability distribution of standardized θx , Ll and
Lr in Figures 7, 8 and 9, and ﬁnd that the absolute safe range of θx is between [−2.7, 1],
and [1, 2.7] including both safe and dangerous states. The absolute safe range for Ll is
between [−2.5, 1] and [1, 2.5] including both safe and dangerous states. The absolute safe
range for Lr is between [−2, 1], and [1, 2.5] including both safe and dangerous states. The
range of each state is calculated by Formula (1), and membership function is obtained
shown in Tables 1, 2 and 3.
Table 1. Membership function µ(x) of θx (◦ )
Angle
State

[70.4, 84.5)

[84.5, 91)

1

e− 6.5 (θ−84.5)

Safety
Danger

[91, +∞)
2

1

0

1
− 6.5
(θ−84.5)2

1−e

0

1

Table 2. Membership function µ(x) of Ll (mm)
Displacement
State
Safety
Danger

[316.9, 511.1)

[511.1, 594.4)

1

e− 83.3 (L−511.1)

0

1

1−e

2

1
(L−511.1)2
− 83.3

[594.4, +∞)
0
1

According to Tables 1, 2 and 3, draw the membership function of θx , Ll and Lr shown
in Figure 11.
The ﬁrst ﬁgure of Figure 11 shows that when the θx ∈ [70.4, 87.8), µ(x)s > µ(x)d .
When the θx ∈ [87.8, +∞), µ(x)s < µ(x)d . Therefore, it can be known by the principle
of maximum membership when the θx ∈ [70.4, 87.8) is safer, when the θx ∈ [87.8, +∞)
is more dangerous. By the same token, when the Ll ∈ [316.9, 552.8) is safer, when
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Table 3. Membership function µ(x) of Lr (mm)
Displacement
State
Safety
Danger

[322.3, 513.7)

[513.7, 595.8)

1

e− 82.1 (L−513.7)

0

1

1−e

[595.8, +∞)

2

1
(L−513.7)2
− 82.1

0
1

Figure 11. Membership function diagram of θx , Ll and Lr
Ll ∈ [552.8, +∞) is more dangerous; when the Lr ∈ [322.3, 554.8) is safer, when the
Lr ∈ [554.8, +∞) is more dangerous.
3.5. Establishing fuzzy rule. According to the membership function to establish fuzzy
rules, in order to better describe the rules, it is stipulated that: θs ∈ [70.4, 87.8], θd ∈
[87.8, +∞]; Ls ∈ [316.9, 552.8], Ld ∈ [552.8, +∞]; Rs ∈ [322.3, 554.8], Rd ∈ [554.8, +∞].
Therefore, 8 kinds of fuzzy rules can be established as shown in Table 4. Through a
large number of experiments, the membership degree of safety state under each rule is as
follows.
Table 4. Membership degree of fuzzy rules in safety state
Rule θs Ls Rs θs Ls Rd θs Ld Rs θs Ld Rd θd Ls Rs θd Ls Rd θd Ld Rs θd Ld Rd
µ(x)
1
0.7
0.7
0.3
0.7
0.3
0.3
0
The fuzzy matrix R of safe walking is obtained through Table 4:
[
]
R = 1 0.7 0.7 0.3 0.7 0.3 0.3 0

(2)

The fuzzy subset U of the output in the safety state is calculated through the comprehensive rules [18]. After calculation, the output U is:
[
]
U = 1 0.7 0.7 0.3 0.7 0.3 0.3 0
(3)
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Through (2) and (3), the membership degree of the safety state can be obtained by the
weighted average method:
R · UT
= 0.7
(4)
µ(x)s = ∑8
j=1 U1j
Therefore, when µ(x) ≥ 0.7, it is judged to be in a safety state.
In order to avoid falling down, the future work content is to control the speed of the
walker according to the user’s state. Therefore, it is planned to divide the safety status
into several levels, namely ‘extremely’ safe, ‘very’ safe and ‘slightly’ safe. As can be seen
from the previous membership function, µ(x) = 0.7 is the critical point between safety
and danger.
As shown in Figure 12, when a user’s walking state is detected by fuzzy reasoning
method, the corresponding measures are taken by judging the degree of safety level.
When µ(x) = 1, a user is in an ‘extremely’ safety state, the motor maintains its current
speed; when µ(x) = 0.7, a user is in a ‘very’ safety state, the motor starts to decelerate.
When µ(x) < 0.7, a user is in a ‘slightly’ safety state, and the motor starts to slow down.
If the speed reduction cannot make people reach the normal state, the motor should stop
rotating to ensure the safety of users.

Figure 12. Control block diagram of the fall detection
4. Experiments Results and Discussion. To verify the eﬀectiveness of the proposed
method, we conduct the validation tests. 15 subjects were introduced in the experiment.
It has obtained the consent of all subjects and conforms to the ethical rules. The average
age of the subjects was 24, the average height was 170 cm, and the average weight was
63 kg. To show the superiority, a fall detection method proposed in [14] was also valid
under the same experiment setting.
To compare the two methods, excluding the interference of the external environment,
each subject carried out 10 forward fall experiments with the help of WTR. The experimental process was that all participants walked for about 11 s every time. During normal
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walking, subject was inside the robot. As their own speed could not keep up with the
speed of the WTR, the subject’s body gradually leaned forward and the lower body also
moved to the outside of the WTR. The results of fuzzy reasoning and COG threshold
method are shown in Table 5, the recognition rate of fuzzy reasoning method is 94.7%,
and the recognition rate of COG threshold method is 44.7%. It is obvious that the fuzzy
reasoning method is much better than the COG threshold method. As mentioned earlier,
the method of [14] has the problem that walking speed aﬀects COG error. COG error of
the subject at diﬀerent walking speeds is shown in Table 6. It can be seen that the error
is about 5 cm each time. Because the step length of the elderly is short, the error of 5
cm actually has great potential safety hazard. In addition, when the walking speed and
the walking direction of the user suddenly change, the COG error is large, which leads to
the method not being able to accurately detect the fall of the person. Fuzzy reasoning
method is eﬀective in most cases, but the COG method is basically not useful. Thus, the
eﬀectiveness of fuzzy reasoning was veriﬁed. The experimental results are accurate and
convincing.
Table 5. Fall detection results of fuzzy reasoning and COG threshold method
Key indicators
Method
Fuzzy reasoning
COG threshold

Number of
subjects
15
15

Number of
trials
10
10

Number of
successes
142
67

Recognition
rate
94.7%
44.7%

Table 6. COG error at diﬀerent walking velocities
Trial
1
2
3
4
5
Walking velocity (m/s) 0.6 0.8 1.1 1.5 1.8
COGerr (cm)
5.71 5.33 5.82 4.98 5.72
In addition, we randomly selected the experiments of two subjects (coded A, B) for
further discussion. As shown in Figure 13, before 9 s, the subject was in a safe state, the
θx , Ll and Lr ﬂuctuated smoothly within a safe range, query from table, µ(x) = 1. At the
9 s, the θx was out of safety range, but the Ll and Lr were still within the safety range,
the subject did not fall down, query from table, µ(x) = 0.7. At the 9.4 s, the subject A
fallen down was detected, at this time, the Ll and Lr were also beyond the safety range,
query from table, µ(x) = 0, it conformed to the established fuzzy rules.
As shown in Figure 14, before 8.6 s, the subject was in a safety state, the θx , Ll and
Lr ﬂuctuated smoothly within a safe range query from table, µ(x) = 1. At the 8.6 s, the
subject B fallen down was detected at this time, the θx and Ll were out of safety range,
Lr did not exceed the safety range, query from table, µ(x) = 0.3, it conformed to the
established fuzzy rules. From the above two groups of experiments, it can be concluded
that under the premise of similar experimental environment, this research can accurately
detect diﬀerent forward falling postures of users, eﬀectively avoiding secondary injuries of
the elderly and the disabled.
5. Conclusion and Future Work. The main contribution of this paper is proposal of
a fuzzy reasoning method to detect the state of a person during walking. This research
can accurately detect a user’s falling. Experiments show that the recognition accuracy
of the method used in this paper is 94.7%. The error is mainly caused by the detection
error of the sensor. In order to better prevent people from falling down while using the
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(b) Ll and Lr

Figure 13. The trend of θx , Ll and Lr of subject A

(a) θx

(b) Ll and Lr

Figure 14. The trend of θx , Ll and Lr of subject B
WTR, the future work is to control the speed of the motor by judging diﬀerent states of
people walking, thus avoiding the occurrence of secondary injuries.
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