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Abstract

:

Due to some model uncertainties and unknown friction disturbances that exist in the 2-DOF lower limb exoskeleton, a linear extended state observer (LESO) is proposed to estimate the unmeasurable angular velocity of two joints and the lumped uncertainties caused by friction disturbance and hydraulic parametric uncertainties. Meanwhile, by using the Lyapunov technique, a sliding mode controller is designed to improve the dynamic performance and the steady state accuracy of two joint angle responses in human–exoskeleton cooperative motion. By regulating the sliding mode controller gain, both the system state errors and estimation errors of the LESO are reduced in an arbitrary boundary of zero neighborhood. Finally, the effectiveness of the proposed control scheme is verified with both simulation and experimental results for one operator-wearable test, to guarantee that the joint position tracking performance and human–exoskeleton impedance torques are suppressed in a satisfactory boundary.
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1. Introduction


Wearable electromechanical technology has been rapidly developed in recent years. As a typical wearable system device, exoskeleton robots are applied in many biological and medical engineering fields [1,2,3,4]. In fact, exoskeletons assist patients with finishing many rehabilitation training tasks, which efficiently reduces the work burden of care workers and improves the rehabilitation of hemiplegic patients. Secondly, exoskeletons can help the elder population with some daily behaviors such as walking or going up and down stairs. Moreover, some exoskeleton boots enhance transportation power for travelling long distances, used by, for example, logistics laborers and soldiers. Therefore, wearable exoskeletons have obvious applications for improving individuals’ quality of life.



An exoskeleton robot generally includes a mechanical plant, electronic controllers, i.e., displacement sensors, human–exoskeleton interaction force/torque sensors, AD/DA conversion, etc. The lower extremity exoskeleton developed by Berkeley (BLEEX) is the first human exoskeleton that was widely demonstrated to walk energetically and autonomously while supporting its own weight and an external payload [5]. Then, a high-energy-density actuation was used in a self-powered position-or force-controlled human-scale robot to verify the effectiveness of the force-control approach [6]. Most exoskeletons are driven by both motors and electrohydraulics with different motion control modes. An adaptive control scheme incorporating learning control approaches into the exoskeleton system was developed to help the exoskeleton’s leg movement along a desired periodic trajectory and to handle periodic uncertainties with known periods [7]. Then, a variable admittance controller [8] was designed to reduce real-time human–exoskeleton interaction torque based on the gait prediction uncertainties quantified by the deep-Gaussian process method. Meanwhile, to address the randomness and uncertainty of individual walking gaits, an output constrained control of a lower limb exoskeleton based on a knee motion probabilistic model with finite-time extended state observer was developed [9]. On the other hand, a repetitive learning control is used in a lower limb exoskeleton driven by electrohydraulic actuators to compensate the large external loads of two mechanical legs [10]. Similarly, a feedback control law was designed in the frequency domain to achieve cylinder position tracking and guarantee the aid-force effect of the exoskeleton, which had more than 70% aid-force efficiency in the walking stance phase [11]. For example, an adaptive fuzzy control is proposed in [12,13] to estimate uncertain parameters and unmodeled uncertainties of the wearable exoskeleton. Although some software designed using CAD and Creo can calculate many rough mechanical structure parameters, such as the center of mass, moment of inertia, and the friction damping, the machining and manufacturing will generate many structure errors. Hence, it is difficult to obtain the accurate dynamic model parameters of exoskeleton robots due to their irregular structure.



To enhance the robust and output performance of the exoskeleton, many state-of-the-art controllers have been presented such as adaptive fuzzy control [12], repetitive learning control [10], RBFNN adaptive control [14], and discrete-time ESO-based intelligent PD control [15]. The exoskeleton generally has active and passive motion control modes [16]. For the passive mode, the joint trajectory demand is roughly designed, which does not reflect the operator’s motion intention in real time [17]. A suitable control algorithm is designed for assistant training and rehabilitation of the ankle joint in the presence of musculoskeletal injuries [18]. Meanwhile, an admittance control technique is employed to perform patient-active exercises with and without motion assistance. Furthermore, an adaptive backstepping control is constructed to improve the dynamic tracking performance of the human–robot training mode in the presence of the identification error [19]. Similarly, an adaptive impedance control is used in networked Lagrangian systems to simulate typical robot–environment interactions [20]. However, in the active mode, the joint trajectory demand is designed based on the human–exoskeleton interaction force/torque. The impedance and admittance controllers [21] are often used to maximally reduce the compliance between the operator and the exoskeleton. Li et al. [22] adopted admittance control to address the operator’s intention in human–exoskeleton cooperative motion. Yu et al. [23] presented an adaptive impedance control to improve the performance in the case of some dynamic uncertainties. Meanwhile, some model-based controllers and model-free controllers are also studied in exoskeletons. Many model-based control methods have been proposed for the 2-DOF robotic manipulator. For instance, neural adaptive control is used in a single-rod electrohydraulic system with lumped uncertainty [24]. Then, a neural adaptive backstepping control is adopted in a robotic manipulator with a prescribed performance constraint [25]. A model-free controller, such as PID, finds it difficult to hold a satisfactory performance under parametric uncertainty and external load disturbance. However, the synthesized performance and stability of model-based controller is usually determined by the modeling accuracy. Hence, the popular adaptive backstepping controller has been presented to handle model uncertainties in many fields such as a wheeled mobile robot [26], the Quadrotor [27], and the Euler–Bernoulli beam [28]. Generally, a favor controller should address not only parametric uncertainties and unknown external disturbances, but also some unmeasurable state feedback problems. The above-mentioned control methods cannot solve all issues in human–exoskeleton cooperative motion.



There are two typical problems with exoskeleton motion control, i.e., stability and safety. At first, many uncertainties and disturbances will lead to instability of the system and cause the operator to be unsafe [29]. Hence, much work has been proposed to address this issue, such as fuzzy adaptive control [30,31], NN adaptive control [32], iterative learning control [10,33], disturbance observer [15,22,34], etc. Meanwhile, the extended state observer estimates unknown state and external disturbances in practice, for marine surface vehicles [35] such as autonomous underwater vehicles [36], turret-moored vessels [37], electrohydraulic systems [24], etc. For the inherent physical constraints of the human–exoskeleton plant, references [32,33] present the corresponding constraint control strategies for both upper and lower limb exoskeletons. Wu et al. presented a soft elbow exoskeleton for the rehabilitation training of disabled patients [38] and developed a minimal intervention-based admittance control strategy for an upper extremity rehabilitation exoskeleton [39]. Inspired by the previous work on the extended state observer mentioned in [40] and the sliding mode control proposed in [41], the passive control of human–exoskeleton cooperative motion is studied to improve the tracking performance of the exoskeleton.



In fact, the active control mode of the exoskeleton focuses on decreasing the human–exoskeleton impedance rather than the joint demand tracking error [42]. It should be noted that, different from the variable admittance strategy adopted in [8], this study presents an extended state observer-based sliding mode control scheme in the passive control mode of a 2-DOF lower limb exoskeleton. Furthermore, the previous work in [43] has only realized a rough simulation of the active control mode of an exoskeleton, and has carried out experimental verification in human-cooperative motion. In this study, both the joint position tracking performance and the human–exoskeleton interaction torques of two joints are demonstrated to verify the effectiveness of the proposed control scheme. To be honest, the extended state observer is used not only to estimate the isolated disturbance input but also to compensate for general dynamics, which includes nonmodelled dynamics [44,45]. Hence, the main contributions are as follows:




	(I)

	
A linear extended state observer (LESO) is used to estimate the unmeasurable angular velocity of two joints and the model uncertainties in the exoskeleton Lagrangian model, which can avoid the numerical differentiation of the encoder data for the angular velocity estimation. In fact, the LESO is a high-gain observer that guarantees a satisfactory estimation error in the exoskeleton inner-loop by regulating the observer bandwidth.




	(II)

	
A sliding mode controller is designed to improve the tracking performance of the passive control mode of human–exoskeleton cooperative motion under model uncertainties and the unknown angular velocity of the exoskeleton. Meanwhile, the sliding mode controller guarantees that the joint tracking error converges to a small-enough zero neighborhood by regulating the control gains, which is easily realized in the experimental bench.









The remainder of this paper is organized as follows. The exoskeleton dynamic model is described in Section 2. The LESO of the exoskeleton is designed in Section 3. Then, the sliding mode controller is given in Section 4. Both simulation and experimental verification are given in Section 5 and Section 6. Finally, the conclusions are drawn in Section 8.




2. Exoskeleton Dynamic Model


The lower limb exoskeleton is a portable carrier that effectively realizes human–machine cooperative motion, which requires a humanoid mechanical structure and an actuator with a high power density to guarantee a fast response to the operator’s motion intention. The mechanical structure of the exoskeleton is formed of aluminum material as shown in Figure 1, and the corresponding mechanical parameters are given in Table 1. It is one humanoid leg with two degrees of freedom. The mechanical frame is fixed on the ground, and the exoskeleton joint has a fixed connection to the frame. Two hip and knee joints are driven by disc motors. Then, four three-dimensional (3D) force sensors are installed on two exoskeleton legs to measure human–exoskeleton interaction torque as an operator’s leg wrap bandage. The two joint angles are measured by absolute encoders fixed on the hip and knee, respectively.



Remark 1.

Considering the passive control mode of human–exoskeleton cooperative motion, the human leg dynamics is neglected and the human–exoskeleton impedance is regarded as the external disturbance of the exoskeleton dynamic model.





By using the Lagrangian technique, the dynamic model of the 2-DOF lower limb exoskeleton is constructed as follows [46]:


  M  ( θ )   θ ¨  + C  ( θ ,  θ ˙  )   θ ˙  + G  ( θ )  +  τ f   (  θ ˙  )  = τ +  τ  e x t   ,  



(1)




where   θ ∈  R 2    is the joint angle,   τ ∈  R 2    is the motor torque driven,    τ  e x t   =   J  T   ( θ )   F  e x t     is the human–exoskeleton interaction torque,     J  T   ( θ )  ∈  R  2 × 2     is the Jacobian matrix, and    F  e x t   ∈  R 2    is the human–exoskeleton interaction force, and    τ f   (  θ ˙  )    is the friction disturbance,   M  ( θ )  ∈  R  2 × 2    ,   C  ( θ ,  θ ˙  )  ∈  R  2 × 2    , and   G  ( θ )  ∈  R 2    are the inertia matrix, Coriolis torque, and gravity force, respectively.



The Lagrangian model functions are given by


  M  ( θ )  =          I  t h   +  I  s h   +  m  t h    l  t h  2        +  m  s h    a  t h  2  +  m  s h    l  s h  2        + 2  m  s h    a  t h    l  s h   cos  θ 2             I  s h   +  m  s h    l  s h  2        +  m  s h    a  t h    l  s h   cos  θ 2               I  s h   +  m  s h    l  s h  2        +  m  s h    a  t h    l  s h   cos  θ 2          I  s h   +  m  s h    l  s h  2       ,  



(2)






  C  ( θ ,  θ ˙  )  =      −  m  s h    a  t h    l  s h   sin  θ 2    θ ˙  2      −  m  s h    a  t h    l  s h   sin  θ 2   (   θ ˙  1  +   θ ˙  2  )         m  s h    a  t h    l  s h   sin  θ 2    θ ˙  1     0     ,  



(3)






  G  ( θ )  =       l  t h    m  t h   g sin  θ 1  +  m  s h   g  (  a  t h   sin  θ 1  +  l  s h   sin  (  θ 1  +  θ 2  )  )         l  s h    m  s h   g sin  (  θ 1  +  θ 2  )       ,  



(4)




where     θ ˙  i  ,   θ ¨  i   ( i = 1 , 2 )    are the angular velocity and acceleration of exoskeleton two joints, respectively;    I i   ( i = 1 , 2 )    are the moment of inertia of thigh and shank, respectively.



The friction disturbance    τ f   (  θ ˙  )    is described as


   τ f   (  θ ˙  )  =       b  1 , 1   sgn  (   θ ˙  1  )  +  b  1 , 2     θ ˙  1         b  2 , 1   sgn  (   θ ˙  2  )  +  b  1 , 2     θ ˙  2       ,  



(5)




where    b  i , 1   ,  b  i , 2    ( i = 1 , 2 )    are the Coulomb and viscous friction coefficients, respectively.



Assumption 1.

Due to some model uncertainties and unknown friction disturbance existing in the exoskeleton, the Lagrangian model functions are described as follows:


          M ( θ )     =  M 0   ( θ )  +  M Δ   ( θ )        C ( θ ,  θ ˙  )     =  C 0   ( θ ,  θ ˙  )  +  C Δ   ( θ ,  θ ˙  )        G ( θ )     =  G 0   (  θ ˙  )  +  G Δ   (  θ ˙  )         τ f   (  θ ˙  )      =  τ  f , 0    (  θ ˙  )  +  τ  f ,    (  θ ˙  )  ,          



(6)




where    M 0   ( θ )   ,    C 0   ( θ ,  θ ˙  )   ,    G 0   (  θ ˙  )    are the nominal and known functions, and    M Δ   ( θ )   ,    C Δ   ( θ ,  θ ˙  )   ,    G Δ   (  θ ˙  )    are unknown functions.





Hence, (1) can be rewritten as


   M 0   ( θ )   θ ¨  +  C 0   ( θ ,  θ ˙  )   θ ˙  +  G 0   ( θ )  +  τ  f , 0    (  θ ˙  )  + Δ = τ +  τ  e x t   ,  



(7)




where   Δ =  M Δ   ( θ )   θ ¨  +  C Δ   ( θ ,  θ ˙  )   θ ˙  +  G Δ   ( θ )  +  τ  f , Δ    (  θ ˙  )    is the lumped uncertainty.




3. Linear ESO Design


If the state variables   q =   [  q 1  ,  q 2  ]  T  =   [ θ ,  θ ˙  ]  T   , then the state space model of the 2-DOF lower limb exoskeleton is


           q ˙  1     =  q 2         q ˙  2     =  M 0  − 1     τ +  τ  e x t   −  C 0   q 2  −  G 0  −  τ  f , 0     −  M 0  − 1   Δ .         .  



(8)







If an extended state variable is defined as    q 3  =  M 0  − 1   Δ  , then (8) is converted into


          q ˙  1     =  q 2         q ˙  2     =  M 0  − 1    [  τ +  τ  e x t   − φ  ( q )  −  G 0   ]  −  q 3         q ˙  3     = δ ( t ) ,         



(9)




where   δ ( t )   is the time derivative of   q 3  ,   φ  ( q )  =  C 0   q 2  +  τ  f , 0    .



Assumption 2.

The function   φ ( q )   is Lipschitz with respect to   q 2  , while the lumped uncertainty Δ and its time derivative   Δ ˙   are both bounded.





Since the angular velocity   θ ˙   is unmeasured, q   2   is unknown. Hence, the LESO should estimate both q   2   and q   3  , which is compensated in the controller design. The augmented system (9) is rewritten as


   q ˙  =  A 0  q +  B 0  u +  B 0   (  τ  e x t   −  G 0  )  − Φ  ( q )  + D  ( t )  ,  



(10)




where


       A 0  =      0  2 × 2      −  I  2 × 2       0  2 × 2        0  2 × 2      0  2 × 2      −  I  2 × 2         0  2 × 2      0  2 × 2      0  2 × 2          B 0  =      0  2 × 2         M 0  − 1    ( q )        0  2 × 2             Φ  ( q )  =      0  2 × 1         M 0  − 1    ( q )  φ  ( q )        0  2 × 1           D  ( t )  =      0  2 × 1        0  2 × 1        δ ( t )          ,  



(11)




and   I  2 × 2    and   0  2 × 2    are two unit matrices.



Then, the LESO is designed as


    q ^  ˙  =  A 0   q ^  +  B 0  u +  B 0   (  τ  e x t   −  G 0  )  −  Φ ^   (  q ^  )  + H  (  q 1  −   q ^  1  )  ,  



(12)




where    Φ ^   (  q ^  )  = Φ  (  q 1  ,   q ^  2  )   , and   H =   [ 3  ω 0  , 3  ω 0 2  ,  ω 0 3  ]  T  ⊗  I  2 × 2     is the observer gain and   ω 0   is the observer bandwidth.



From (10) and (12), we can obtain that


    q ˜  ˙  =  A 0   q ˜  −  Φ ˜   (  q ^  )  + D  ( t )  + H  (  q 1  −   q ^  1  )  ,  



(13)




where    Φ ˜   (  q ^  )  = Φ  (   q 1  ,  q 2   )  −  Φ ^   (  q 1  ,   q ^  2  )   .



Theorem 1.

Consider the LESO (12) under Assumption 2; the state estimation errors     q ˜  i  =  q i  −   q ^  i   ( i = 1 , 2 , 3 )    converge to a small-enough zero neighborhood.





Proof. 

Let   ε =   [  ε 1  ,  ε 2  ,  ε 3  ]  T   , where    ε 1  =   q ˜  1   ,    ε 2  =   q ˜  2  /  ω 0   ,    ε 3  =   q ˜  3  /  ω 0 2    are defined as the scaled estimation error, then (13) is converted into


   ε ˙  =  ω 0  A ε −  B 2     M 0  − 1    φ ˜   ( q )    ω 0   +  B 3    δ ( t )   ω 0 2   ,  



(14)




where


      A =      − 3  I  2 × 2       I  2 × 2      0  2 × 2        − 3  I  2 × 2       0  2 × 2      I  2 × 2        −  I  2 × 2       0  2 × 2      0  2 × 2       ,        B 2  =      0  2 × 2        I  2 × 2        0  2 × 2       ,  B 3  =      0  2 × 2        0  2 × 2        I  2 × 2           .  



(15)




Based on the selection rule of the observer bandwidth   ω 0   in ref. [47], the matrix A is Hurwitz. There exists a positive definite matrix P such that


   A T  P + P A = − 2 I .  



(16)




Hence, the positive definite Lyapunov function of the estimation error dynamics (14) is selected as follows:


   V ε  =  ε T  P ε .  



(17)







Then, the time derivative of   V ε   yields that


          V ˙  ε     =    ε ˙   T  P ε +  ε T  P  ε ˙           =  ω 0   (  ε T   A T  P ε +  ε T  P A ε )  +   (  B 3   δ  ω 0 2   −  B 2     M 0  − 1    φ ˜    ω 0   )  T  P ε             +  ε T  P  (  B 3   δ  ω 0 2   −  B 2     M 0  − 1    φ ˜    ω 0   )         .  



(18)







According to Assumption 2, we have    φ ˜   ( q )  < α ε  , and    V ˙  ε   satisfies that


    V ˙  ε  ≤ 2      γ 1  α   ω 0     M 0  − 1    −  ω 0      ε  2  +   2  γ 2    ω 0 2    δ   ε  ,  



(19)




where    γ 1  =   P  B 2     ,    γ 2  =   P  B 3     .



Hence, (19) indicates that


  if    ε  ≥    γ 2   δ     ω 0     ω 0 2  −  γ 1  α   M 0  − 1        ,   then     V ˙  ε  ≤ 0 .  



(20)







Based on (20) and the definition of the scaled estimation error  ε , the state estimation errors     q ˜  i  =  q i  −   q ^  i   ( i = 1 , 2 , 3 )    converge to an arbitrarily small zero neighborhood by largely regulating the observer bandwidth   ω 0  . □






4. Sliding Mode Control


The passive control mode of human–exoskeleton cooperative motion is realized in this study, i.e., the exoskeleton joint angle   θ =   [  θ 1  ,  θ 2  ]  T    tracks the input demands    θ d  =   [  θ  d 1   ,  θ  d 2   ]  T    as shown in Figure 2. Hence, the tracking error is defined as   e = θ −  θ d   , and the sliding mode error is given by


  s =  e ˙  + σ e ,  



(21)




where   σ ∈  R  2 × 2     is a positive diagonal matrix.



Then, the time derivative of s yields that


         s ˙     =  e ¨  + σ  e ˙           =  M 0  − 1     τ +  τ  e x t   −  C 0   q 2  −  G 0  −  τ  f , 0                 −  M 0  − 1   Δ −   θ ¨  d  + σ    q 1  −   θ ˙  d           .  



(22)







The ideal sliding mode controller of exoskeleton is given by


        τ    = −  M 0  K s −  τ  e x t   +  G 0  + φ  ( q )              + Δ +  M 0    θ ¨  d  −  M 0  σ    q 1  −   θ ˙  d           ,  



(23)




where K is a positive control gain.



Since the lumped uncertainty  Δ  is unknown and the joint angular velocity   q 2   is unmeasurable, the sliding mode controller is designed as


        τ    = −  M 0  K  s ^  −  τ  e x t   +  G 0  +  φ ^   ( q )              +  M 0    q ^  3  +  M 0    θ ¨  d  −  M 0  σ    q 1  −   θ ˙  d           ,  



(24)




where    s ^  =   q ^  2  −   θ ˙  d  + σ  (  q 1  −  θ d  )   ,    φ ^   ( q )  =  C 0    q ^  2  +  τ  f , 0    ,    q ^  2   and    q ^  3   are obtained by the LESO (12).



Remark 2.

The lumped uncertainty Δ in (24) is compensated by regulating the sliding mode control gain and the observer bandwidth.





The Lyapunov function for the exoskeleton control is given by


   V t  =  s T  s / 2 +  V ε  .  



(25)




Then, substituting   s ˙   in (22), the time derivative of   V t   yields that


          V ˙  t     =  s T   s ˙  +   V ˙  ε           =  s T   M 0  − 1     τ +  τ  e x t   − φ  ( q )  −  G 0                −  s T   [  M 0  − 1   Δ +   θ ¨  d  − α  (  q 1  −   θ ˙  d  )  ]  +   V ˙  ε         .  



(26)




Meanwhile, substituting the sliding mode controller (24) into (26), we can see that


          V ˙  t     = −  s T  K s +  s T  K  s ˜  −  s T     M 0  − 1    φ ˜   ( q )  −   q ˜  3  − σ   q ˜  2    +   V ˙  ε           ≤ −  s T    K −  1 2  I   s +  1 2    Δ ˜  d T    Δ ˜  d              −   2  ω 0  −   2  γ 1  α   ω 0     M 0  − 1        ε  2  +   2  λ 2    ω 0 2     δ ( t )    ε         ,  



(27)




where     Δ ˜  d  =  ( K + σ )    q ˜  2  −  M 0  − 1    φ ˜   ( q )  +   q ˜  3    is the lumped estimation error.



In fact, the boundary of     Δ ˜  d T    Δ ˜  d    is determined by the observer bandwidth   ω 0   in the designed LESO (12). Hence, the convergent speed of the sliding mode error s is decided by the control gain K and the observer bandwidth   ω 0  . Furthermore, if s is converged into a zero neighborhood, the tracking error   e = θ −  θ d    is also convergent.



Figure 2 shows the proposed sliding mode control scheme with the LESO. The exoskeleton dynamic model (7) involves the lumped uncertainty  Δ . Then, the linear extended state (12) is designed to address  Δ  and the unmeasured angular velocity   θ ˙  . Meanwhile, the sliding mode controller (24) outputs the motor torque  τ  to guarantee the joint position tracking performance and to compensate the LESO estimation error.




5. Simulation


To verify the proposed sliding mode control scheme with the LESO, the corresponding nominal model functions are given by


          M 0   ( θ )      =      25.7 + 3.2 cos  θ 2      6.9 + 1.6 cos  θ 2        6.9 + 1.6 cos  θ 2      6.9             C 0   ( θ ,  θ ˙  )      =      − 1.6   θ ˙  2  sin  θ 2      − 1.6 sin  θ 2   (   θ ˙  1  +   θ ˙  2  )        1.6   θ ˙  1  sin  θ 2     0            G 0   ( θ )      =      40.3 sin  (  θ 1  +  θ 2  )  + 178.9 sin  θ 1        40.3 sin (  θ 1  +  θ 2  )             τ  f , 0    (  θ ˙  )      =      27.8 sgn  (   θ ˙  1  )  + 2.6   θ ˙  1        37.2 sgn  (   θ ˙  2  )  + 7.5   θ ˙  2              .  



(28)




Meanwhile, the lumped uncertainty is selected as   Δ  ( t )  =   [ 50 sin  ( 0.5 π t )  , 50 cos  ( 0.5 π t )  ]  T   . The LESO bandwidth    ω 0  = 200   and the parameter and gain of sliding mode controller are   σ = diag { 25 , 25 }  ,   K = diag { 100 , 100 }  .



The angle response of the exoskeleton’s two joints in the simulation are shown in Figure 3 and Figure 4. Both the tracking errors of the joint positions    |   θ i  −  θ  i d    |  ( i = 1 , 2 )     and the estimation errors of the LESO    |   θ i  −   θ ^  i    ( i = 1 , 2 )  |    are less than 0.5 deg, which indicates that the proposed controller has a favorable performance for the exoskeleton tracking the joint demands in the passive control mode of human–exoskeleton cooperative motion. Furthermore, the corresponding angle estimation     θ ^  i   ( i = 1 , 2 )    also converges into the actual angle    θ i   ( i = 1 , 2 )   . Meanwhile, the lumped disturbance and the angular velocity estimations     Δ ^  i   { i = 1 , 2 }   ,      θ ˙  ^  i   { i = 1 , 2 }    of two joints in the simulation are shown in Figure 5 and Figure 6. The corresponding estimation error is relatively small to guarantee that the LESO effectively existed in the controller design. The control torques of the two exoskeleton joints in the simulation are given in Figure 7.



It should be noted that, in the initial time, the control torques have a very large magnitude, since the initial tracking angle errors are obvious. Then, the control torques are reduced to small values with a little chatters due to the tiny tracking angle errors. The satisfactory estimation errors are guaranteed by the LESO to estimate these unknown disturbances together with some unmeasurable states. From the simulation results, the angular position and velocity estimations dynamically converge to the corresponding angle responses with high accuracy, which have verified the effectiveness of the proposed LESO. Certainly, the LESO estimation performance should be guaranteed to improve the stability and dynamic tracking performance of the designed controller. The proposed controller can guarantee that the exoskeleton joint angles track general demand input with a certain frequency. Some angle demands with a high frequency cannot be well tracked due to the limited performance of the exoskeleton-driving element of the servo motor actuator.




6. Experiment Verification


The proposed controller is also verified by the experiment. Firstly, the 2-DOF lower limb exoskeleton platform is constructed as shown in Figure 8. The LESO bandwidth parameter and gains of the sliding mode controller are the same as in the simulation. The whole weight of the exoskeleton platform is about 20 kg, excluding the fixed bracket. The driven power is the ordinary AC with 50 Hz rather than a lithium battery, to guarantee the long duration of the experiment. The actuators are two servo motors (GDM1-100N2/120N2), which are driven by the driver (Elmo-G-SOLHOR15/100EE). Meanwhile, the joint positions and the human–exoskeleton interaction torques are measured by absolute encoders (INC-4-150/3-125) and 3-D force sensors (JNSH-2-10kg-BSQ-12). The controller (NI cRIO-9035) is realized in the Labview environment. Table 2 lists the respective experimental component brand of the 2-DOF lower limb exoskeleton. The proposed control algorithm is programmed by Matlab/Simulink to generate a .os file, which is downloaded into the Labview software and runs in the hardware controller. In this experiment, the passive control model of the exoskeleton is realized by one operator wearing the exoskeleton. Then, the exoskeleton is controlled to track the prescribed demand input. The operator tolerates the human–exoskeleton impedance as the human–exoskeleton cooperative motion is periodically carried out. The calculated interval of the proposed control algorithm is 10 ms, which means that the sensor information sampling, data communication, and algorithm computation are carried out in 10 ms intervals. The stability and performance of this control algorithm are feasible for guaranteeing the satisfactory synchronous effect of the human–exoskeleton cooperative motion.



The experimental scene of the exoskeleton motion control is shown in Figure 9. The exoskeleton has four obvious gait phases: touch ground, swing back, swing front, and swing to maximal magnitude. These four gait phases perform periodic replacement of one another. As these four gait phases finish, the whole walking gait is realized in one duration. Of course, different operators have disparate walking gaits with different motion magnitudes. However, the maximal motion magnitude is finite, which is constrained within a reasonable range of human motion gait.



By using the LESO, the experimental hip tracking error    |   θ 1  −  θ  1 d    |   <   2    deg, while the knee tracking error    |   θ 2  −  θ  2 d    |   <   5    deg is shown in Figure 10 and Figure 11, which are a satisfactory performance for a human–exoskeleton cooperative motion experiment. Furthermore, the joint estimation errors    |   θ i  −   θ ^  i   |    are less than the corresponding tracking error    |   θ i  −  θ  i d    |   . This phenomenon is also reasonable, since the LESO is a similar inner-loop of the whole SMC control loop of the exoskeleton. In other words, the inner-loop state estimation error should be less than the outer-loop position tracking error. Hence, the experimental results are consistent with the simulation, with a satisfactory tracking performance of the proposed sliding mode controller. The tracking accuracy of the hip angle response is better than that of the knee joint, since the peak torque performance of the hip motor is larger than that of the knee motor.



In addition, the motor torques of the two joints    τ i   ( i = 1 , 2 )    are given in Figure 12. The maximal motor torque is less than 400 Nm, which is constrained by the maximal power of the servo motor. If the external load of the exoskeleton increases, the motor torque will exceed the maximal power limitation, which leads to the motor system crashes.



Finally, the human–exoskeleton interaction torques of the two joints are given in Figure 13, and have less than 5 Nm in the steady state response for the proposed sliding mode controller. In fact, these interaction torques are called human–exoskeleton impedance, which evaluates the wearable performance of the operator, since the operator must overcome the impedance by his muscle energy. It is tolerated by the operator in the human–exoskeleton cooperative motion. If the interaction torques obviously increase, the wearable comfort of the operator will decline in long term motion.




7. Discussion


Different from many admittance controllers used in the exoskeleton, the proposed sliding mode controller is a typical passive control scheme for human–exoskeleton cooperative motion. This control scheme also guarantees high joint position tracking accuracy to realize the operator synchronized to the exoskeleton. Furthermore, the human–exoskeleton interaction torque is tolerable for the operator in the experiment. The admittance control scheme also guarantees a very small human–exoskeleton interaction torque by using an admittance model design. However, the joint position tracking performance may simultaneously not be ensured.




8. Conclusions


In this study, a sliding mode controller based on a linear extended state observer (LESO) is proposed for a 2-DOF lower limb exoskeleton to improve the tracking performance of the passive control mode in human–exoskeleton cooperative motion. The LESO is used to estimate the unmeasurable angular velocity and the uncertainties in the Lagrangian model. Then, the sliding mode controller is designed to guarantee that the joint tracking error converges to a small-enough zero neighborhood. Finally, both simulation and experimental results indicate that the proposed control scheme has a satisfactory performance for the exoskeleton in terms of tracking the joint demands with high accuracy. However, the human–exoskeleton interaction torques cannot guarantee a further reduction in this study. In future work, we will consider two-motion mode fusion between the admittance control and the model-based control with respect to various walking frequencies in human–exoskeleton cooperative motion. We will also try to find the potential advantages of two-motion control modes in a complex human–exoskeleton interaction environment.
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Figure 1. The 2-DOF lower limb exoskeleton. 
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Figure 2. The sliding mode control scheme with the LESO. 
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Figure 3. The hip angle response of simulation (  θ  1 d   : the angle demand,   θ 1  : the angle response of exoskeleton,    θ ^  1  : the angle estimation of the LESO). 
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Figure 4. The knee angle response of simulation (  θ  2 d   : the angle demand,    q 2  =  θ 2   : the angle response of exoskeleton,     q ^  2  =   θ ^  2   : the angle estimation of the LESO). 
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Figure 5. The lumped disturbance estimation of two joints in simulation (   Δ i   { i = 1 , 2 }   : the lumped disturbance of hip and knee,     Δ ^  i   { i = 1 , 2 }   : the disturbance estimation of the LESO). 
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Figure 6. The angular velocity estimation of two joints in simulation (    θ ˙  i   { i = 1 , 2 }   : the angular velocity of hip and knee,      θ ˙  ^  i   { i = 1 , 2 }   : the angular velocity estimation of the LESO). 
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Figure 7. The control torque of two joints in simulation (  τ 1  : the hip control torque,   τ 2  : the knee control torque). 
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Figure 8. The 2-DOF lower limb exoskeleton platform, and the color arrows represent the signal transmission between two modules. 
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Figure 9. The experimental scene of the exoskeleton motion control. 
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Figure 10. The hip angle response of experiment (  θ  1 d   : the angle demand,   θ 1  : the angle response of exoskeleton,    θ ^  1  : the angle estimation of the LESO). 
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Figure 11. The knee angle response of experiment (  θ  2 d   : the angle demand,   θ 2  : the angle response of exoskeleton,    θ ^  1  : the angle estimation of the LESO). 
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