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Abstract: We proposed a lower extremity exoskeleton for power amplification that perceives intended human motion via human- 
exoskeleton interaction signals measured by biomedical or mechanical sensors, and estimates human gait trajectories to implement 
corresponding actions quickly and accurately. In this study, torque sensors mounted on the exoskeleton links are proposed for 
obtaining physical human-robot interaction (pHRI) torque information directly. A Kalman smoother is adopted for eliminating 
noise and smoothing the signal data. Simultaneously, the mapping from the pHRI torque to the human gait trajectory is defined. 
The mapping is derived from the real-time state of the robotic exoskeleton during movement. The walking phase is identified by 
the threshold approach using ground reaction force. Based on phase identification, the human gait can be estimated by applying the 
proposed algorithm, and then the gait is regarded as the reference input for the controller. A proportional-integral-derivative 
control strategy is constructed to drive the robotic exoskeleton to follow the human gait trajectory. Experiments were performed on 
a human subject who walked on the floor at a natural speed wearing the robotic exoskeleton. Experimental results show the ef-
fectiveness of the proposed strategy. 
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1  Introduction 
 

Lower limb exoskeletons are intelligent devices 
that can improve the function of users’ limbs and have 
attracted the interest of many researchers in recent 
years. Many kinds of lower limb exoskeleton robots 
are investigated for power amplification, e.g., the 
Berkeley lower extremity exoskeleton (BLEEX) 
(Kazerooni et al., 2005; Zoss et al., 2006), a hybrid 
assistive limb (HAL) (Sankai, 2011), and other ro-
botic rehabilitation systems (Aphiratsakun and Par-
nichkun, 2010). The general lower limb exoskeleton 

robot is composed of two mechanical legs, which are 
parallel to the human limbs. The primary goal of 
lower extremity exoskeleton control is to perceive the 
operator’s intended motion via a highly cooperative 
methodology. There are two sources of information to 
acquire human intended motion, i.e., biomedical 
signals and physical human-robot interaction (pHRI) 
force (Lee et al., 2012). 

Biomedical information, e.g., eletroencephalo-
gram (EEG), electrooculogram (EOG), and electro-
myographic (EMG) signals, is collected directly by 
electrical sensors attached to the human body. EMG, 
commonly applied in an exoskeleton such as an HAL, 
is generated by electrical depolarization of muscle 
during muscular contraction and nerve pulses. The 
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collected EMG signals from the surface of muscles 
can reflect the activation of muscles (Najarian and 
Splinter, 2012). EMG can predict the body’s move-
ment in advance and can be expressed as a function of 
the strength and the speed of muscle activities (Yin et 
al., 2012). The HAL system uses EMG signals to 
estimate the user’s intended motion, which builds the 
mapping between the actuation torque and the filtered 
EMG signals (Kasaoka and Sankai, 2001; George et 
al., 2011). However, the relationship between EMG 
signals and a human’s intended motion is highly 
nonlinear and difficult to obtain directly (Kiguchi and 
Imada, 2009). The EMG activities of lower limb 
muscles in normal and pathological gaits can be the 
guide for a lower limb exoskeleton design (Mishra et 
al., 2012). This is an effective way to use the EMG to 
infer a human’s intended motion (Fleischer and 
Hommel, 2008). However, it is inconvenient to use 
EMG sensors because they must be attached to the 
user’s body and their measurement accuracy is seri-
ously affected by the surface condition of human skin. 

A pHRI-based control strategy has been used in 
some lower limb robots successfully. The force-based 
interface provides a higher information transmission 
rate than EMG-based interfaces (Lobo-Prat et al., 
2014). The obtained physical interaction force signal 
is more reliable than a biomedical signal (Lee et al., 
2008). To overcome the deficiency mentioned pre-
viously, a pHRI-based control strategy has been 
proposed (Pons, 2008). In essence, the pHRI-based 
control strategy for exoskeletons renders the pHRI 
force or torque close to zero, and achieves coopera-
tive human exoskeleton control consequently. The 
exoskeleton robot WEAR, developed by Sarcos Re-
search, uses force sensors to collect information be-
tween the robot and the user to control the exoskele-
ton’s movement (Dollar and Herr, 2008). Another 
exoskeleton WPS, developed by Kanagawa Institute 
of Technology, uses muscle hardness sensors to 
measure the HRI (Yamamoto et al., 2004; Yoshimitsu 
and Yamamoto, 2004). A wearable exoskeleton robot 
uses force sensors to acquire the human gait infor-
mation via the robot’s dynamic model (Deng et al., 
2007). However, these are typical model-based ap-
plications, whose performance depends on the accu-
rate mathematical dynamic modeling of the robotic 
exoskeleton system. 

In this study, a hydraulically actuated lower limb 
exoskeleton for power amplification is developed. 
The torque sensors are applied to obtain the pHRI 
torque directly. A Kalman smoother is used to elimi-
nate signal noise and to smooth the signal for pHRI 
torque. A predefined relationship between the pHRI 
torque and the human gait trajectory is designed. A 
proportional-integral-derivative (PID) control strat-
egy is designed to drive the exoskeleton to follow the 
human gait trajectory. 
 
 
2  Exoskeleton hardware configuration 

2.1  Mechanical design 

Based on ergonomic principles, the exoskeleton 
design needs to be multi-functional and maintain the 
comfort of the lower limbs of the human body. The 
robotic exoskeleton design is shown in Fig. 1. Many 
design requirements and details are similar to those 
reported by Long et al. (2016a, 2016b, 2016c, 2017). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

The exoskeleton is composed of two legs with 
seven degrees of freedom (DOFs) for each leg, which 
is close to the architecture of human limbs. The 
flexion/extension of the ankle, knee, and hip needs 
more power than other DOFs. The flexion/extension 
of the hip and knee joints is actuated by hydraulic 
actuators. The ankle is a hinge-type synovial joint, 
which has three DOFs. When a human user stands, 
the weight from carrying loads can be transferred to 

Fig. 1  Prototype of the lower-limb powered exoskeleton
There are two active degrees of freedom for each leg, and 
all auxiliary facilities are packaged in the backpack 
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the ground along the mechanical frame. Passive 
DOFs of the ankle joint ensure the stability during 
standing. The actual angular positions of the active 
joints are measured by optical encoders and the actu-
ation force produced by a hydraulic cylinder is ac-
quired by force sensors. 

2.2  Control system 

A valve-based hydraulic actuation system is used 
in the robotic exoskeleton due to its high ratio of 
power to weight. The hydraulic actuation system 
includes the following components: double-acting 
hydraulic cylinders, servo control valves, a direct- 
current (DC) motor, and a pump. The solenoid serve 
valve receives control signals from the motion control 
card and responds with a corresponding movement. 
The configuration of the control system is shown in 
Fig. 2. The sensing and communication system con-
sists of three major parts, i.e., torque signal collection, 
force signal collection (foot pressure and hydraulic 
cylinder feedback force), and the position feedback 
with an optical encoder in the control loop. The first 
part includes four torque sensors, which measure the 
pHRI torque and transfer it to a data acquisition card 
through a controller area network (CAN) bus, and to 
the PC through a USB eventually. The second part 
includes six foot-pressure sensors and four force 
sensors, which measure the foot reaction force on the 
vertical dimension and detect dynamic action of the 
hydraulic cylinders, respectively. The data are ac-
quired by a 14-channel A/D card and transferred to 
the PC through a USB. The third part includes the 
closed-loop position control, in which four encoders 
are used to actuate four joints respectively. The mo-
tion control card transfers the information from  
the encoders back to the PC through an Ethernet  
connection. 

Safety precautions in the form of hardware and 
software design are considered for users wearing the 
system. In the hardware design, some mechanical 
stoppers are used to insure that the movement of 
joints is restricted to the appropriate zone, and cannot 
exceed the natural movement of human joints. Ex-
ternal emergency shutoff switches are used to termi-
nate the motor command signal and turn off the power. 
In the software control design, the safety threshold is 
designed to protect the human user. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

3  Intention-driven exoskeleton control 

3.1  Human gait trajectory acquisition 

3.1.1  Mapping from the pHRI torque to the gait tra-
jectory of the human limb 

In this study, a human gait is defined as the tra-
jectory of active joints. The HRI between the human 
limbs and the exoskeleton can be collected by me-
chanical sensors, e.g., force sensors and torque sen-
sors. The primary goal of measuring the HRI signal is 
to obtain information about intended motion. In this 
study, a one-dimensional torque sensor is used to 
measure the HRI torque. The torque sensor is fixed at 
the connection cuff on the thigh or the calf of a single 
leg. There are two torque sensors for each mechanical 
leg, one of which is for the knee joint and the other for 
the hip joint (Fig. 3). The torque sensors are placed on 
the mechanical legs to detect the pHRI torque. 

The torque sensor on the thigh is used for 
movement detection of the hydraulic actuation system 
of the hip joint, while the other sensor on the shank 
for the hydraulic actuator of the knee joint. The sig-
nals collected by these two torque sensors are rec-
orded as TH(k) and TK(k) at the kth interval for the hip 
joint and the knee joint, respectively. In fact, the 
output of the torque sensor is directional. The angular 
positions of the hip joint and the knee joint are de-
fined as θH(k) and θK(k) respectively, and the incre-
ments of θH(k) and θK(k) are defined as ∆θH(k) and 
∆θK(k) respectively. The human gait can be repre-
sented as θ(k)=[θH(k), θK(k)]T, which can be  

Fig. 2  Architecture of the control system, consisting of 
signal collection, motion control, and actuation part  
All hardware parts are placed together in the control 
enclosure 
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expressed as follows: 
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where θH(0)=0 and θK(0)=0 are the initial values of 
the hip joint and the knee joint, respectively. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 
 

The primary goal of the human gait acquisition is 
to find the mappings from TH(k) to ∆θH(k), and TK(k) 
to ∆θK(k). The mapping should have two features: (1) 
the HRI ∆θ(k)=[∆θH(k), ∆θK(k)]T has a significant 
positive correlation with T(k)=[TH(k), TK(k)]T; (2) 
∆θ(k) is saturated when T(k) is large enough. The 
mapping can be expressed as follows: 
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where a1(k) and a2(k) are two positive constants tuned 
in real applications. This kind of mapping is depicted 
in Fig. 4, where Tc(k) is the critical point for the HRI, 
ai(k)=tanβ (i=1, 2), and ∆θmax,P(k) and ∆θmax,N(k) are 
the maximum values in the positive and negative 
directions, respectively. When Tc(k) occurs, the hu-
man user will feel extremely uncomfortable. 

Actually, the values of A(k) have a significant 
effect on the velocity of human limbs. They are de-
termined by the rate of change in the pHRI torque 
T(k), expressed as the follows: 
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where C2×2 and ΔT(k)2×2, 
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As discussed previously, the mapping from the HRI to 
the human gait can be obtained as follows: 
 

( ) ( 1) ( ) ( ).k k k k    C T T   (5) 
 

3.1.2  pHRI torque acquisition and processing 

The human gait can be obtained by the collected 
pHRI torque (Eq. (5)). Generally, the measured pHRI 
torque includes noises at higher frequencies. The 
pHRI torque should be processed by a low-pass filter 
to eliminate noise before it is used in Eq. (5). Com-
pared with the biomedical signal, the measured pHRI 
torque lags behind the real intended human motion. 
The delay in pHRI will cause the exoskeleton system 
to lag behind the human limb movement. In this study, 
a Kalman smoother is used to deal with the delay.  
The general state-space representation of a linear 
time-variant system is given as follows (Welch and 
Bishop, 2001; Chen, 2012): 
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Fig. 3  Diagram of torque sensor placements on the 
lower limb 
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where xk, yk, and Rk are the kth system state, measured 
output value, and the measurement noise vector re-
spectively, uk–1 and Qk–1 are the (k–1)th input to the 
system and system state noise vector respectively, and 
A, B, and H are the state matrix, input matrix, and 
output matrix respectively. The primary goal of the 
Kalman filter is to minimize the gap between the 
predicted value and the actual target value by the least 
squares method. The updated equations are shown as 
follows: 
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where Kk is the Kalman gain matrix, I is the unit ma-
trix, and Pk is the variance matrix. The Kalman filter 
focuses only on the measurement data before and at 
time step k. The Kalman smoother is used for all the 
measurements in the current period. Compared with 
the Kalman filter, a Kalman smoother can deal with 
the whole measurement process better. 

The Kalman smoother can smooth the signal 
while eliminating noise. The smoothed distributions 
over the measurement can be calculated from the 
Kalman filtering results by recursions as follows 
(Sarkka et al., 2004): 
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where s
1kx  is the (k–1)th state value via the Kalman 

smoother, and Ck–1 is a gain matrix. In this study, 
Eq. (6) is the system equation for the torque sensor. 
Those parameters can be defined as 
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where the measurement noise R is only a number 
since the Kalman filter deals with the only one sensor 
signal. The original pHRI torque is taken from the 
lower extremity exoskeleton. The curve with high- 
speed kurtosis can be smoothed by the Kalman 
smoother. The pHRI torque smooth processing is 
helpful in achieving a smooth gait trajectory.  

3.2  Control strategy design 

As mentioned above, the estimated human gait 
trajectory using pHRI signals is regarded as the ref-
erence input for the exoskeleton robot. The control 
strategy depends on identifying the walking phases. 
In fact, the walking phases can be identified by the 
ground reaction force (GRF) to determine which 
joints of the legs should be actuated. In this study, 
three force sensors placed in the wearable shoes are 
used to identify the walking phases, i.e., the stance 
phase and the swing phase (Long et al., 2015). A 
simple threshold method is used to distinguish the 
following four kinds of walking phases: double stance, 
left stance and right swing, left swing and right stance, 
and double swing. When the wearer stands upright, 
the values for GRF can be recorded as FL,1(0), FL,2(0), 
FL,3(0), FR,1(0), FR,2(0), and FR,3(0) for the left leg and 
right leg, respectively. Define the sum of GRF values 
for a single leg as follows: 
 

L,A L,1 L,2 L,3

R,A R,1 R,2 R,3

(0) (0) (0) (0),

(0) (0) (0) (0),

F F F F
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      (10) 

 

where FL,A(0) and FR,A(0) are the initial sum of GRF 
in the double stance. Those four walking phases can 
be obtained according to the initial sum of values and 
the real time GRF values. Define 
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where FL,A(k) and FR,A(k) are the sum of values in the 
kth interval. The walking phases can be obtained ac-
cording to Algorithm 1. Note that the walking phase is 
regarded as the triggering condition for human gait 
tracking. To avoid chattering, each judgment condi-
tion will be doubled to make sure it is stable. Three 
kinds of walking phases are identified, i.e., double 
stance, left stance and right swing, and left swing and 
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right stance. This kind of phase identification method 
is valid and effective in the preliminary stage of ro-
botic exoskeleton development. In the future work, 
the gait phase identification will be optimized to ob-
tain maximum accuracy and consistency. 
 

Algorithm 1    Walking phases based on the threshold 
method 
Initialization: Collect the GRF values 2000 times when the 
operator stands up straight 

1    for i=1, 2, ..., 2000 do 
2        FL,A(i)=FL,1(i)+FL,2(i)+FL,3(i) 
3        FR,A(i)=FR,1(i)+FR,2(i)+FR,3(i) 
4    end for 
5    Obtain the sum of the GRF values at the initial state  
      FL,A(0)=FL,A/2000, FR,A(0)=FR,A/2000 
6    Initialize weight parameters αL, βL, αR, and βR to satisfy 
      αL<1<βL and αR<1<βR 
7    Collect GRF values FL,A(k)=FL,1(k)+FL,2(k)+FL,3(k)  
      and FR,A(k)=FR,1(k)+FR,2(k)+FR,3(k) 

8    if αLFL,A(0)FL,A(k)βLFL,A(0) or FL,A(k)>βLFL,A(0)  

      and αRFR,A(0)FR,A(k)βRFR,A(0) or  
      FR,A(k)>βRFR,A(0) 
9        Output P=1 (double stance) 
10  else 

11      if FL,A(k)>βLFL,A(0) or αLFL,A(0)FL,A(k)βLFL,A(0) 
          and FR,A(k)<αRFR,A(0) 
12          Output P=2 (left stance and right swing) 
13      else 
14          if FL,A(k)<αLFL,A(0) and FR,A(k)>βRFR,A(0) or 

              αRFR,A(0)FR,A(k)βRFR,A(0) 
15              Output P=3 (left swing and right stance) 
16          end if 
17      end if 
18  end if 

 

The trajectory of the active joints can be ob-
tained by Algorithm 2, where θH,L(k), θK,L(k), θH,R(k), 
and θK,R(k) are angular positions of the left hip joint, 
left knee joint, right hip joint, and right knee joint 
respectively, TH,L(k), TK,L(k), TH,R(k), and TK,R(k) are 
torque signals for the left hip joint, left knee joint, 
right hip joint, and right knee joint respectively. The 
stance phase is mainly for transferring the load to the 
ground surface while the swing phase for tracking the 
human gait trajectory. The controller is to actuate the 
exoskeleton robot to follow and assist compliantly the 
human legs to reduce the pressure imposed on the 
human body. The control process for the exoskeleton 
can be divided into two steps: acquiring the human 

gait trajectory using the measured torque signal, and 
controlling the exoskeleton to track the reference 
trajectory. 
 

Algorithm 2    Phase identification-based human gait 
acquisition 
Initialization: Current phase, P={1, 2, 3, 4}, C=diag{CH,L, 
CK,L, CH,R, CK,R} 

1    if P=1 

2        θH,L(k)=θH,L(k−1), θK,L(k)=θK,L(k−1), 

          θH,R(k)=θH,R(k−1), θK,R(k)=θK,R(k−1) 
3        The knee joint and the hip joint keep its current  
          position, respectively 
4    else 
5        if P=2 

6            θH,L(k)=θH,L(k−1)+CH,L∆TH,L(k)TH,L(k) 

7          θK,L(k)=θK,L(k−1), the left knee keeps the current  
              position 

8            θH,R(k)=θH,R(k−1)+CH,R∆TH,R(k)TH,R(k) 

9            θK,R(k)=θK,R(k−1)+CK,R∆TK,R(k)TK,R(k) 
10      else 
11          if P=3 

12              θH,R(k)=θH,R(k−1)+CH,R∆TH,R(k)TH,R(k) 

13              θK,R(k)=θK,R(k−1), the right knee keeps the  
                  current position 

14              θH,L(k)=θH,L(k−1)+CH,L∆TH,L(k)TH,L(k) 

15              θK,L(k)=θK,L(k−1)+CK,L∆TK,L(k)TK,L(k) 
16          end if 
17      end if 
18  end if 

 
The block diagram for the whole control strategy 

is shown in Fig. 5. The collected pHRI torque data are 
processed by the Kalman smoother (Eqs. (6) and (8)). 
The processed pHRI torque data are used to estimate 
the human gait using Eq. (5). The estimated human 
gait will be sent to the execution part to drive the 
mechanical legs to move along with the human limbs. 
The actual joint angular positions are collected in real 
time by the optical encoders. A general PID control 
algorithm is adopted to actuate the exoskeleton to 
shadow the estimated human joint trajectory. The 
protocol for the control software is shown in Fig. 6. 
The modularized control software structure includes 
four parts: data acquisition module, control module, 
execution module, and robotic exoskeleton. The data 
acquisition module is used to collect four kinds of 
sensor signals: GRF, pHRI, angular position of the 
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joint, and hydraulic actuation force. The control 
module is used to acquire the human gait trajectory 
based on the proposed algorithm. The execution 
module includes a programmable multi-axis control-
ler (PMAC) and a hydraulic actuation system. The 
execution module drives the robotic exoskeleton to 
follow the estimated human gait. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

4  Case study: walking wearing exoskeleton 

4.1  Experimental platform 

In this subsection, the proposed method was 
examined through experiments on level ground 
(Fig. 7). The auxiliary facilities in the backpack in-
clude the hydraulic actuator system, the control en-
closure, and the power supply. To verify the proposed 
method, laboratory experiments were performed on a 
healthy subject. The human subject was required to 
stand up straight when wearing the exoskeleton and 
start the system when she/he wants to move forward. 
Before using the robotic exoskeleton system, the 
whole system should be checked to make sure that all 
electrical equipment, all sensors, and the hydraulic 
actuation system are working normally. The user 
weared the exoskeleton and standed up straight to 
conduct a self-check of the system. A healthy subject 
weared the exoskeleton to walk on the floor at a nat-
ural speed of about 0.8 m/s and the maximum velocity 
can be up to 4 km/h with 30 kg loads. 

4.2  Analysis of results 

As Fig. 7 shows, the experiment was performed 
on level ground. The torque sensors on the thigh and 
shank were used to acquire the pHRI torque between 
the wearer and the exoskeleton. Based on the obtained 
pHRI torque, the human gait trajectory can be esti-
mated by Eq. (5). The PID controller gave the com-
mand signals to the hydraulic actuators to drive the 
robotic exoskeleton to follow the acquired human gait 
trajectory. To illustrate the effectiveness of the pro-
posed method, different kinds of data were collected 
in real time during the experiments, i.e., GRF signals 
for gait phase identification, pHRI signals to estimate 
the human gait trajectory, encoder signals for feed-
back from the angular position of the actual joints,  
 

 
 
 
 
 
 
 
 
 
 

Fig. 5  Control diagram for the exoskeleton 
The outside loop obtains the joint trajectory from the torque 
signal; the inner loop is to control the exoskeleton to follow 
the joint trajectory 

Fig. 6  Modularized structure of the control software

Fig. 7  Human subject walking on level ground in the experiment
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and force sensor signals to obtain hydraulic cylinder 
actuation information. 

Based on the proposed method, the mappings 
from the pHRI signals to the human gait trajectory for 
the knee joint and the hip joint are illustrated in Figs. 
8 and 9, respectively. ‘HRI’ in the legend means the 
signals collected from the torque sensor, ‘Gait’ means 
the acquired human gait trajectory, and ‘Reference’ is 
a zero-value line. In Fig. 8, the pHRI value is positive 
between points A and B, during which the human gait 
trajectory between points D and E increases contin-
uously. The pHRI value is negative between points B 
and C, which causes the human gait trajectory to 
decrease along the negative direction, as seen in the 
curve from points E to F. Figs. 8 and 9 show that the 
pHRI determines both the amplitude and the direction 
of the human gait. The pHRI changes in the  
(−2, 2) N·m interval, while the acquired human gait is 
located at (−20, 75) deg. The human gait trajectory 
tracking is demonstrated in Figs. 10 and 11. Figs. 10 
and 11 denote the trajectory trackings for the knee 
joint and hip joint, respectively. Note that in Fig. 10, 
the negative angular position of the human gait is 
forced to zero in the high-level controller since the 
mechanical legs cannot extend beyond a straight state 
in the stance phase. The collected human gait trajec-
tory of the knee joint is continuous, where the nega-
tive angular position is not valid in the low-level 
controller. Overall, the mechanical legs can track the 
estimated human gait trajectory. In the future work, 
improvements in tracking performance will be stud-
ied to enhance the wearing comfort. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

5  Conclusions 
 

In this study, a robotic exoskeleton system actu-
ated by a hydraulic system for motion assistance and 
load carrying has been studied. A one-dimensional 

Fig. 8  Relationship between the pHRI torque and the 
knee joint in a human subject 
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Fig. 11  Human gait trajectory in tracking the hip joint
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Fig. 9  Relationship between the pHRI torque and the 
hip joint in a human gait 

Fig. 10  Human gait trajectory in tracking the knee 
joint 
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torque sensor has been used to measure the HRI be-
tween the wearer and the exoskeleton in the sagittal 
plane. The mapping from the HRI to the human gait 
has been defined according to a real application. A 
simple identification algorithm for the walking phase 
has been proposed to construct the state machine for 
the control scheme. This work provides an alternative 
method for developing a lower extremity exoskeleton 
for power amplification. Experiments have been 
performed with a human subject wearing the exo-
skeleton. The experimental results showed that the 
proposed method is effective and valid, and can be 
extended and employed in similar assistive exoskel-
etons. Therefore, other adaptive robust controllers 
should be studied in the future for actuating an exo-
skeleton robot to follow human movement without 
delay and synchronize with the wearer accurately, e.g., 
adaptive PID control, sliding mode control, and in-
telligent control. 
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