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Introduction
Background: 
    With the development of the all-electric fourth-generation tank, higher 
requirements have been put forward for the accuracy and response speed of 
tank gun control and the traditional tank gun system modeling methods and 
control strategies failed to meet the requirements. 
Research gaps: 
    The traditional modeling method of tank-gun system adopts the single-
input and single-output method, which fails to meet the control requirements 
because the coupling dynamics are neglected。No matter the gun is tracking 
the rotation process of the target or firing, the load transient changes greatly 
due to the strong recoil force, which will cause the azimuth and pitch axis to 
vibrate. In order to suppress the strong interference and satisfy the control 
requirements of the tank gun's fast response and stability, the controller 
design with robustness against unknown dynamics has become an important 
research content.
Research aims and hypotheses: 
    In this paper, the LuGre model is used to compensate the friction force 
while considering the model's nonlinearity. Furthermore, the neural network 
structure is used to compensate the unmodeled errors and other disturbances. 
Since the two-axis coupling system itself needs strong robustness, it is 
proposed to adopt the RISE controller for this system.

Dynamic models and properties
Dynamic system: 
    The class of two-axis coupling nonlinear dynamic model of tank gun 
systems considered in this brief is assumed to be modeled by the following 
Euler–Lagrange formulation:
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   Dynamic model:
      So the dynamic equations can be express by:

    In (1) q = [q1, q2]T ,  q1 represents the azimuth angle of the tank gun system, 
q2 represents the pitch Angle of the tank gun system; Ma(q) represents the 
marix of inertia symmetry, Mb(q) represents the Coriolis force centrifugal 
matrix; Mg(q) represents the weight torque vector; Mg =[Tg1, Tg2]T, Tg1 
represents gravitational moment of azimuth; Tg2 represents gravitational 
moment in the direction of pitch; T =[T1, T2]T , T1 represents azimuth moment 
input, T2 represents pitch input; d =[d1, d2]T represents unmodeled error and 
disturbance, d1 represents unmodeled error and disturbance of azimuth, d2 
represents unmodeled error and disturbance of pitch; Tf =[Tf1, Tf2]T represents 
friction moment, Tf1 represents azimuth moment friction, Tf2 represents pitch 
moment friction;then we could use the LuGre model to approximate friction 
moment: 

Neural network based adaptive RISE controller design
Control objective: 
    Utilizing dynamic model and basic backstepping control design method to 
obtain the following expression:
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Neural network structure: 
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Figure 1. Kinematics of tank gun system diagram

Figure 2. The structure of a single hidden-layer network
Controller design：

    The neural network expression of Δ is as follows:

    Based on the above process, the controller can be designed as：
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Simulation results
Simulation command: 
    The control objective is for y(t) to track a trajectory x1d =π/2·sin(π/6·t)[1-
exp(-t2)](rad) and x2d =π/4·sin(π/6·t)[1-exp(-t2)](rad) to make the tracking 
error as small as possible in the tank gun system, which ensure the accuracy 
of tank gun tracking moving target.

Conclusion
    The proposed modeling method combines the modeling method of the 
mechanical arm joint and adopts the LuGre model for friction compensation. 
The proposed neural network based adaptive RISE controller imposed on the 
error signals, thus cannot only enhances the dynamic performance but also 
reduces the gain of controller. Extensive comparative simulation results are 
obtained to illustrate the effectiveness of the proposed scheme.

Figure 3. The neural network based robust integral of the error sign strategy


