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In this paper we discuss the flying objects adaptive control with direct application to the flight 4 

of helicopters. The authors suggest two new automatic adaptive control systems: the former is 5 

used for the pitch angle control, while the latter is used for the control of helicopter pitch angle 6 

and velocity; this second system is an extension of the first one. The adaptive control is based on 7 

the dynamic inversion principle and the using of neural networks. The two adaptive control 8 

systems have reference models, linear dynamic compensators, linear observers, and neural 9 

networks. The adaptive components of the automatic control laws compensate the approximation 10 

errors of the dynamic model nonlinear functions. The used actuators are linear or nonlinear. To 11 

eliminate the neural networks adapting difficulties, a Pseudo Control Hedging (PCH) block is 12 

inserted in the adaptive system; it limits the adaptive pseudo-control by means of a component 13 

which represents the estimation error of the actuator dynamics. Thus, the PCH block “moves back 14 

the reference model” i.e. it introduces a reference model response correction with respect to the 15 

actuator position estimation; the signal provided by PCH block represents a reference model 16 

additional input. For the two new automatic adaptive control systems, the Matlab/Simulink 17 

environment is used to obtain time characteristics of the adaptive systems with linear and 18 

nonlinear actuators. Phase trajectories of the two adaptive control systems with nonlinear actuators 19 

express the convergence of the nonlinear systems to stable limit cycles. 20 
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 22 

                                                           
1 Professor PhD, University of Craiova, Avionics Division, Decebal Blv., no.107, E-mail: romulus_lungu@yahoo.com 
2 Lecturer PhD, University of Craiova, Avionics Division, Decebal Blv., no.107, E-mail: Lma1312@yahoo.com 

mailto:romulus_lungu@yahoo.com
mailto:Lma1312@yahoo.com


Notation 23 

E  = signal used for the neural network training 24 

e  = error vector 25 

zyx FFF ,, = external forces 26 

hf ,   = nonlinear functions 27 

 sdH  = flying object transfer function  28 

 sdmH  = reference model transfer function  29 

rh  = nonlinear function 30 

rĥ  = rh  function best approximation 31 

I  = identity matrix 32 

vz kk ,  = positive gain constants 33 

vz kk ,  = coefficients of the proportional – derivative linear dynamic compensator 34 

L  = gain matrix 35 

n  = the number of the state variables 36 

PP
~

,  = solutions of the Lyapunov equations 37 

r  = system relative degree 38 

u  = input vector of the system 39 

WV ˆ,ˆ  = neural network weights 40 

00
ˆ,ˆ WV  = initial values of the weights WV ˆ,ˆ  41 

zx VV ,  = helicopter longitudinal and vertical velocities 42 

v  = pseudo-command (adaptive control law) 43 

av  = the adaptive component of the command (it compensates the approximation error  ) 44 

pdv  = the output of the dynamic compensator  45 

w  = measuring sensor error 46 

ZYX ,,  = helicopter coordinates 47 



x  = state vector 48 

x  = stable state 49 

y   = system output vector 50 

y  = system imposed output 51 

my  = measured value of the vector y  52 

F
Ẑ  = Frobenius norm of the matrix Ẑ  53 

Z  = neural network ideal matrix 54 

11,   = positive constants 55 

  = longitudinal control of the principal rotor 56 

  = actuator output for the longitudinal cyclic command 57 

c   = longitudinal cyclic  58 

m   = engine command 59 

  = approximation error of the function rh  60 

1  = inversion error 61 

  = roll angle 62 

  = neural network input vector 63 

  = yaw angle 64 

VW  ,  = positive constants 65 

  = sigmoid function 66 

  = Jacobian of the vector   67 

  = compensator state 68 

y  = helicopter pitch angular rate 69 

  = helicopter pitch angle 70 

c   = reference model input 71 



Introduction 72 

 The complexity and incertitude which appear in the case of the nonlinear and instable aerodynamic phenomena 73 

are the main reasons which require the design of nonlinear adaptive structures for control and stabilization; in these 74 

cases, the linear models are far from a good description of the flying object dynamics. Another reason is the 75 

nonlinear character of the actuators because of the displacement/rate saturation of their elements.  76 

 The stability and maneuverability qualities have to be maintained even in the case of some sensors, actuators or 77 

force equipments failure. The flight control systems must be capable to identify the effects, to isolate the damaged 78 

elements, and to have a great flexibility in their real time architecture reconfiguration. The observers must be easily 79 

adaptable and their design algorithms must allow the flying object state estimation in the case of some sensors 80 

failure; thus, the signals provided by these sensors can not be used. 81 

 In recent years, lots of scientific researchers have applied the intelligent concepts for the aircrafts automatic 82 

control; they use the optimal synthesis  HHHH /,, 22  (Che and Chen 2001; Niewoenhner and Kaminer 1996; 83 

Kurdjnkov et al. 1996), the adaptive synthesis based on dynamic inversion theory, neural networks theory (Mori and 84 

Suzuki 2009; MIT Open Course 2007; Kargin 2007), and fuzzy techniques (Jantzen 1998; Mahfouf et al. 1999; 85 

Tudosie 2008). These intelligent techniques have the advantage of a very good adaptability, robustness, and 86 

software implementation capabilities. 87 

 In this paper we design two new adaptive control systems for the pitch angle control and for the pitch angle and 88 

velocity control, respectively; the second system is an extension of the first one. The two systems consist of: 89 

reference models, linear or nonlinear compensators, linear observers, and neural networks; to eliminate the neural 90 

networks‟ adapting difficulties, a Pseudo Control Hedging (PCH) block is introduced in order to limit the adaptive 91 

pseudo-control by means of a component which represents the estimation of the actuator dynamics. The two new 92 

adaptive control systems are validated in Matlab/Simulink environment for two concrete cases: adaptive system with 93 

linear actuator and adaptive system with nonlinear actuator.  94 

 In the second section of the paper, the flying object dynamics (in our case the dynamics of helicopters) is 95 

modeled by a nonlinear system consisting of a linear subsystem and a nonlinear subsystem described by a function 96 

.rh  The adaptive control law is expressed as a function rĥ  (the approximation of the function rh  with the error  ) 97 

(Calise et al. 2001; Lungu 1997). The pseudo-command v  consists of r  order derivative of the imposed output  y , 98 



a proportional – derivative (PD) component, provided by a linear dynamic compensator, and a neural network, 99 

which must compensate the approximation error   (Gregory 2000; Hovakimyan et al. 2002; Sharma and Calise 100 

2001; Lungu 2000). The adapting (training) of each neural network, which models the pseudo-command adaptive 101 

component, is made by a command vector provided by a reduced order linear observer (Eltantawie 2010), whose 102 

input is the error of the adaptive system for the pitch angle and velocity control. The algorithm for the training of the 103 

neural network involves the calculation of the neural networks‟ weight matrices by the integration of some 104 

differential equations with respect to the state observer output vector (Chwa and Choi 2003; Balestrassi 2009). The 105 

adaptive component of the command  av  is calculated as a sigmoid function depending on the neural network input 106 

vector   (Chen et al. 2006; Ferrari 2005; Johnson and Calise 2001; Johnson et al. 2000); this vector has as 107 

components the input v  and the output y  of the linear subsystem with the relative degree ,r  at different time 108 

moments. The sigmoid function depends on the neurons number from the neural network input layer. 109 

 In the third section of this paper, we design a new system for the helicopters pitch angle adaptive command by 110 

using the model of an R-50 experimental helicopter (Calise et al. 2000). According to this model, the system relative 111 

degree with respect to the pitch angle, as an output variable, is ;3r  we choose a three order reference model and 112 

we calculate the parameters of a PD linear dynamic compensator, the pseudo-command ,v  the approximation error 113 

,  the observer gain matrix, and the neural network structure. The adaptive controllers are sensitive to actuator 114 

nonlinearity; that is why, in the architecture of these controllers, one may introduce a block which limits the pseudo-115 

control by means of a component representing an estimation of the execution element dynamics (PCH - Pseudo 116 

Control Hedging) (Johnson and Calise 2001; Johnson et al. 2000; Calise et al. 2000; Calise et al. 2006; Hovakimyan 117 

et al. 2005; Johnson and Calise 2000; Johnson and Calise 2001).   118 

 In the forth section of this paper, we design a new adaptive system for the control of helicopters velocity and 119 

pitch angle by using the same algorithms as in the third section. The coupling of the two control systems (the system 120 

for the control of the helicopters velocity and the pitch angle control system) is made by means of the equations in 121 

(Prasad et al. 1999; Calise 2003). The dynamic compensators may also be designed by using fuzzy techniques 122 

(Zdenko and Stjepan 2006; Hampel et al. 2000; Tomescu 2001; Kumar et al. 2008; Corcau et al. 2009). The 123 

numerical simulations main results are presented in fifth section. Using the Matlab/Simulink environment, we plot 124 

time characteristics of the two adaptive control systems, with linear and nonlinear actuators. 125 



 Our paper brings contributions to other papers in the field of adaptive systems with neural networks. For 126 

example, one considers an adaptive feedback control of uncertain nonlinear systems, in which both the dynamics 127 

and the dimension of the regulated system may be unknown (Hovakimyan et al. 2002). Given a smooth reference 128 

trajectory, the contribution (Hovakimyan et al. 2002) is the design of a controller that forces the system 129 

measurement to track it with bounded errors. An observer for an uncertain nonlinear system is designed and the 130 

Lyapunov‟s direct method is used to demonstrate the boundedness of the error signals. The theoretical results are 131 

illustrated in the design of a controller for a fourth-order nonlinear system of relative degree two and a high-132 

bandwidth attitude command system for a model R-50 helicopter (Hovakimyan et al. 2002). Another interesting 133 

paper about an effective method to achieve altitude and attitude (pitch, roll and yaw) control of a helicopter in 134 

hovering and low-speed forward flight conditions is the paper of Zeng and Zhu (Zeng and Zhu 2006). Here a 135 

simplified multi-input- multi-output (MIMO) affine nonlinear model describing the angular rate responses of a 136 

helicopter is derived. A PID controller is used in the altitude loop and a dynamic inversion controller is used in the 137 

attitude loop. To compensate the dynamic inversion error caused by modeling uncertainties and disturbances, an 138 

adaptive compensating algorithm is employed. The system validation is made for the same system as the one in this 139 

paper (R-50 unmanned helicopter). The simulations in the paper of Zeng and Zhu (Zeng and Zhu 2006) prove that 140 

the algorithm is stable, robust, and it has good tracking performance and decoupling capability. In their paper 141 

(Hovakimyan et al. 2002), the authors propose a new approach for adaptive output feedback control of uncertain 142 

nonlinear systems using neural networks (a single hidden layer NN is introduced to cancel the inversion error). The 143 

network learns on line, and no off-line training is required. A simple linear observer is introduced to estimate the 144 

tracking error derivatives. These estimates are used in the adaptation laws for the NN parameters (Hovakimyan et al. 145 

2002). The method is applicable to systems of unknown but bounded dimension, so long as the relative degree is 146 

known.  147 

 The main contributions (originality elements) of this paper are: 1) the design of the adaptive system for the 148 

control of the helicopters pitch angle; 2) the design of the adaptive system for the helicopters velocity and pitch 149 

angle control; 3) the dynamic characteristics of the two adaptive systems, which express good stationary and 150 

dynamic performances. 151 



Adaptive Control Based on Dynamic Inversion 152 

 A flying object nonlinear dynamics, with one input u  and one output ,y  is described by the equations: 153 

     ,,, xhyuxfx   (1) 154 

with   1nx  the state vector, n  the number of the state variables, f  and h  nonlinear functions, generally 155 

unknown, u  and y  the system input vector and the system output vector, respectively (measurable vectors). In 156 

this paper, we assume that  xh  is a uniquely invertible function. 157 

 We use the hypothesis (Isidori 1995): the flying object dynamics, described by (1), satisfies the equations: 158 
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 nr   is the relative degree of the system (1). 161 

 The adaptive control law (the pseudo-command) v  is expressed as the following function (Calise et al 2001): 162 

   ;,ˆ uyhv r  (4) 163 

 uyhr ,ˆ  is the best approximation of the function: 164 

        .,,, uxhuxyhuyh rrr   (5) 165 

 Under the assumption:  uyhr ,ˆ  is invertible, the command of the flying object, described by the equation: 166 

    ,,ˆ 1 vyhu r
  (6) 167 

expresses the inverse dynamic model of the flying object nonlinear subsystem. If ,ˆ
rr hh   then, according to 168 

equations (2) and (4),   ,vy r  while, if ,ˆ
rr hh   we have: 169 

    , vy r  (7) 170 

where 171 



       uxhuxhux rr ,ˆ,,   (8) 172 

is the approximation error of the function rh  (the inversion error), which acts like a disturbing signal. 173 

 The equation (7) expresses the presence of r  ideal integrators between the pseudo-command (pseudo-control) v  174 

and the output y  (Fig.1) (Lungu 1997). Imposing that the output y  follows the bounded output variable ,y  the 175 

signal v  has the following form (Lungu et al. 2011; Lungu 2008): 176 

    ;vvvyv apd
r   (9) 177 

the components of v  have the significance in Fig. 2, where pdv  is the linear dynamic compensator output (used for 178 

stabilization), av  the adaptive command which must compensate the error ,  while v  has, for example, the form 179 

(Sharma and Calise 2001):   180 
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E
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with the gain constants 
F

vz Zkk ˆ,0,  the ideal matrix Frobenius norm of the neural network 182 
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F
Ẑ (namely ZZ

F
ˆ ), and 183 

,ˆ BPEE   with ,,ˆ PE  and B  matrices. 184 

 Let us consider   sdH  the transfer function of the flying object linear system (Lungu 2000) with the input nu , 185 

the output ,y  and the system relative order r  (see Fig. 1): 186 
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 If ,0p  the linear subsystem with the input v  and the output y  is described by the equation: 188 

  ,0
)(  vbYy Tr  (12) 189 

where  190 
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 The dynamic compensator is described by the state equations: 192 

  ,, edcvebA ccpdcc   (14) 193 

where the vector   has at least the dimension   ;1r  the error e  is defined as follows: 194 
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the vector e  is defined later in the paper (equation (18)). The state equation of the subsystem in Fig. 1 with the 196 

input  v  and the output y is: 197 

    ,, vvvvvbxAx apd   (16) 198 
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 (17) 199 

The stable state  0 vxx   verifies the equation 0xA  and, taking into account equation (16), we obtain the 200 

equation of the error vector ,~ xxx e  201 

   . vvbbvA apdee  (18) 202 

 Using the notations: 203 
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where I  is the identity matrix, we get: 205 

    ;, EEE CzvvbA a   (20) 206 

cccc dcbA ,,,  from equation (14) are calculated such that A  is a Hurwitz matrix.  207 

 For the estimation of the vector ,E  the paper authors introduce a linear state observer of order  12 r  in the 208 



linear dynamic compensator structure; the observer equations are: 209 

    ,ˆˆ,ˆˆˆ EEE CzzzLA 


 (21) 210 

with the gain matrix L  calculated such that the matrix  CLAA 
~

 is stable. Considering w  the measuring 211 

sensor error, my  the measured value of the output vector ,y  then ,~~ wyyyy mm   and the compensator 212 

equations become: 213 

    ,, HwCzGwvvbA a  EEE  (22) 214 

with    .,01 cc
TT bbdGH   If the compensator state   is known, we use a reduced order observer for the 215 

estimation of the vector e  (Eltantawie 2010): 216 

    .ˆˆ,ˆˆˆ
1111 e,eee czczzzLA r   (23) 217 

The gain matrix rL  is obtained such that the matrix  cLAA r
~~

  is stable. The vector   eE ˆˆ T  is obtained by 218 

means of the vectors ê  and .  The signal bPTEE ˆ  is used for the neural network training; the weights Ŵ  and 219 

V̂  are obtained by using the equations (Balestrassi et al. 2009; Lungu 2008): 220 
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 (24) 221 

where the role of B  is played by .b  The above equations have been obtained in other papers (Balestrassi et al. 2009; 222 

Lungu 2008) by using the Lyapunov stability conditions. In equations (24)   is the sigmoid function (Chen et al. 223 

2006; Ferrari 2005): 224 
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P  and P
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 are the solutions of the Lyapunov equations: 228 
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P  from the signal used for NN training is the solution of first equation (26) with  cbdAA c
~  (Chwa et al. 230 

2004). The adaptive component av  is calculated by using the formula (Shao et al. 2008): 231 

   ,ˆˆ  TT
a VWv  (27) 232 

with   the input vector of neural network NNc (Hoseini et al. 2006) 233 
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Adaptive Control System for the Helicopters’ Pitch Angle Control 236 

 Let us consider now the model of the R-50 helicopter longitudinal dynamics (Calise et al. 2000): 237 
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 (30) 238 

with xV  and zV  the helicopters‟ longitudinal and vertical velocities,   and y  the pitch angle and the pitch 239 

angular rate, respectively,   the principal rotor longitudinal control angle, c  the longitudinal cyclic input,   240 

the actuator output for the longitudinal cyclic command. 241 

 Considering that the pitch angle  y  is an output of the system, by derivation with respect to time of the 242 

second equation which derives from the state equation (30), and by elimination of   (from the sixth equation which 243 

derives from (30)), we obtain the equation: 244 
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Thus, the system relative degree is 3r  and .cu   246 

 We choose a three order reference model described by the equation: 247 
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 Analyzing the equation (31) and the transfer function (11),  sdH  gets the form: 249 
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we have chosen .1,0;1 2100 b Equation (12) becomes: 251 

  , vy   (34) 252 

with   described by the second equation which derives from (30): 253 
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 Using (34) and (35) we obtain the equation: 255 
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with ,, zx VV   and   obtained from (30), i.e.: 257 
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 (37) 258 

So, equation (36) has the form (7); now, we separate v  and .  v  has the form (4) and it contains terms which 259 

depend on cu   and y  or which depend on ; y  the other terms are included in .  Thus, 260 
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and   has the following form: 263 



       

























































































































 













M

ZZ

XX

V

V

ZZZZ

BBB

XXXX

MMM
V

V

MMMMbM

q

q

z

x

wu

u

qwu

wu

z

x

wuq 1002 0
 (40) 264 

with   the actuator equation solution: 265 

 .c  (41) 266 

 The coefficients pk  and dk  of the proportional - derivative linear dynamic compensator are calculated by 267 

imposing desired roots for the characteristic equation of the linear closed loop subsystem with unitary and negative 268 

feedback  ;0ˆ av  we obtain .15,100  dp kk  The dynamic compensator is a first order compensator, having 269 

only one state variable .~ ey   As a consequence, according to (19), 270 

      .~~,~,~~~ yecCzcbdAAyyy c
TT  EeE   (42) 271 

 The state observer is described by equations (21); .ˆˆ,ˆˆ ez  eE  The matrix L  is calculated such that the 272 

matrix CLAA 
~

 is asymptotically stable. The adaptive component av  is obtained by using equation (27), with 273 

Ŵ  and V̂  the solutions of the equations (24) and the input vector   having the form (28), with the components in 274 

(29); ;16.0,5.12,23,05.0  kd VW  P  and P
~

 are the solutions of the Lyapunov equations (26); 275 

                             .2)(2)(1 dtydtydtytydtytytydtvdtvdtvtvdtvtvtvT   (43) 276 

 The function   is calculated by means of (25), with  TVz ˆ and  .4.05.06.07.08.09.01a  The 277 

component v  is obtained by using the equation (10), with ,7.0,8.0  vz kk  and .50Z   278 

The block diagram of the automatic control system for the helicopters‟ pitch angle control, having the general 279 

form in Fig. 2, is presented in Fig. 3; its reference model is presented in Fig. 4, with 0hv  if the actuator is linear, 280 

or 0hv  if the actuator is nonlinear. In the case of a nonlinear actuator, the second input of the command filter 281 

(reference model) is the signal hv  provided by the subsystem in Fig. 6. If the system has a linear actuator, the only 282 

input of the reference model (described by equation (32) and Fig. 4) is .ccy     283 

 Input saturation and input rate saturation are significant problems in the case of adaptive control; saturation 284 



violates the assumption of affinity in control and the assumption that the sign of the effect of the control is 285 

known/non-zero, since the effect of additional control input is zero once saturation is entered. Saturation is also 286 

related to the controllability and the invertability issues during saturation; this temporary loss of control 287 

effectiveness violates necessary conditions for dynamic inversion (Johnson and Calise 2000). The main purpose of 288 

the Pseudo Control Hedging (PCH) control method is to prevent the adaptive element of an adaptive control system 289 

from trying to adapt to a class of system input characteristics (characteristics of plant or of the controller). To 290 

achieve this issue, the adaptive law is prevented from “seeing” the system characteristic. A plain-language 291 

conceptual description of the method belongs to Johnson and Calise: The reference model is moved backwards 292 

(hedged) by an estimate of the amount the plant did not move due to system characteristics the control designer does 293 

not want the adaptive control element to ‘know’ about. In other words, in the context of an adaptive control law 294 

involving dynamic inversion, “movement” should be replaced by some system signal. Preventing the adaptive 295 

element from „knowing‟ about a system characteristic means to prevent that adaptive element from seeing the 296 

system characteristic as model tracking error (Johnson and Calise 2000). 297 

 On the other hand, the adaptive controllers are sensitive to actuator nonlinearity. That is why in these controllers 298 

architecture one may introduce a block which limits the pseudo-control by means of a component (PCH) 299 

representing an estimation of the execution element dynamics (Johnson and Calise 2001; Johnson et al. 2000; Calise 300 

et al. 2000; Calise et al. 2006; Hovakimyan et al. 2005; Johnson and Calise 2000; Johnson and Calise 2001); PCH 301 

modifies the neural network adapting signal. The neural networks have adapting difficulties because of the execution 302 

element characteristics: time delays, displacement/velocity saturation, and the execution element dynamics. The aim 303 

of the PCH is to prevent neural networks adapting to these characteristics. Although the execution elements are in 304 

the saturation zone, the neural network of the adaptive control systems (the two new systems presented in this paper) 305 

compensates the inversion error. That is why we introduce a PCH block, which limits the adaptive pseudo-control 306 

av  (and of course the variable v ) with a component representing the actuator dynamics estimation. Thus, PCH 307 

“moves back” the reference model, introducing a reference model response correction with respect to the estimation 308 

of the execution element position. The signal provided by PCH is a reference model additional input (Johnson and 309 

Calise 2001; Johnson et al. 2000; Calise et al. 2000; Calise et al. 2006; Hovakimyan et al. 2005; Johnson and Calise 310 

2000; Johnson and Calise 2001).  311 

 According to Fig. 2, the adaptive command av  modifies the error yyy ~  by changing of the signal .y  To 312 



avoid the adapting difficulties of NNc when the execution element works in the saturation zones (position and 313 

velocity saturation zones), we must make the neural network “not to see” the execution element operation in the 314 

saturation zones and to adapt itself in order to compensate the control system dynamic inversion (the flying object 315 

dynamics). Therefore, we may operate with y  to have the equivalent effect of the modification of y  and, as a 316 

consequence, it results a modification of .~y  Thus, we introduce an additional input hv  in the reference model. In 317 

the following figure and in the following sections we denote with A  the flying object dynamics and with -1Â  318 

the flying object (helicopter) inverse estimated dynamics.  319 

 In Fig. 5 we present the system consisting of the control system model (the flying object dynamics - A ), the 320 

actuator (execution element), and the estimated model of -1A  (i.e. -1Â ). x  is a part of the state vector and it 321 

contains the state variables associated (attached) to the r  order subsystem; the rest of the states are included in the 322 

vector .   323 

 Because the dependence between   and c  (see Figs. 5 and 6) is expressed by means of a nonlinear function 324 

 ,, ccah    it results: 325 

  ;)ˆ,(ˆ),(ˆ  xhxh rcr  (44) 326 

we obtain the difference between the two functions: 327 

    ;)ˆ,(ˆ,ˆ  xhxhv rcrh  (45) 328 

 ˆ  because we considered that   is the measured variable ( ̂  has the significance of an estimated variable). 329 

 Taking into account that: 330 

       ,,ˆ,ˆ,ˆ 1 vvxhxhxh rrcr    (46) 331 

the function (45) becomes: 332 

  .)ˆ,(ˆ  xhvv rh  (47) 333 

 If we use a linear actuator (execution element), the actuator is described by equation (41); if the actuator is 334 

nonlinear, instead of the model described by (41), we use the model which is a subsystem of the system in Fig. 6. In 335 



the nonlinear actuator case, the system in Fig. 3 is augmented with the system in Fig. 6, where ; x  we choose 336 

,s03.0T  while the actuator control limits, in displacement and velocity, are deg5  and ,/sdeg50  respectively. 337 

Adaptive Control System for the Control of the Helicopters’ Velocity and Pitch Angle 338 

 In this section of the paper we design a new adaptive system for the control of helicopters velocity and pitch 339 

angle by using the same algorithms as in the third section; in fact, the adaptive system which is to be designed here 340 

is an extension of the system presented in the third section. 341 

 The dependence between the helicopter accelerations with respect to its three coordinate axes  ZYX  ,,  and the 342 

external forces  ,,, zyx FFF  which act on the flying object dynamics   ,A  is (Prasad et al. 1999): 343 

        ,00///),,(
TT

zyx

T
gmFmFmFLZYX   (48) 344 

where ),,( L  is the coordinates transformation matrix; the transformation is made between the local horizontal 345 

frame and the helicopter tied frame; g  is the gravitational acceleration. To obtain the helicopter displacement 346 

between two points with the coordinates  ZYX ,,  and   ,,, ccc ZYX  the following linear dynamic compensator 347 

equations are used (Sharma and Calise 2001): 348 

                  .,, 321 ZZZkZZkUYYYkYYkUXXXkXXkU zzyyxx


   (49) 349 

 According to (48), the dynamic inversion based control laws are: 350 

  ,,, 332211 gUvUvUv   (50) 351 

while the equations expressing the dependence between these command laws and the imposed altitude (Prasad et al. 352 

1999) are: 353 

  

 
.

cossin
arcsin,

sincos
arctg

2
3

2
2

2
1

21

3

21

gUUU

UU

gU

UU









  (51) 354 

 If we desire a constant altitude flight, without deviation from the flight direction   ,0  then 03 U  and the 355 

equations (51) get the form (Calise 2003): 356 
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 In the case when we impose a displacement velocity ,const cx XXV    the first equation (49) becomes: 358 

    ;1 XXXkU x


   (53) 359 

in the complex domain, according to (53),   becomes: 360 
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Taking into account equation (54) and the expression  ,/)s(s/ 2 gXgX    it results: 362 
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We want to transform this transfer function into a three order transfer function (our aim is to compensate a zero with 364 

a pole); for doing this, we choose a Visnegradski three order transfer function and we obtain the values of the 365 

coefficients .,,,0 xdp kkkb    366 

 The velocity equation from (30) is: 367 

   ,mmzWqxux XXVXXXXVXV  
  (56) 368 

where we added a term containing the engine command   .m  Equation (56) relative degree is 1r  and, therefore, 369 

)s(dxH  the linear system transfer function, with the general form in Fig. 1, having the output xVy   and the 370 

relative degree ,1r and the transfer function of the reference model )s(dmH  are: 371 
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 Equation (12), with ,10 b  gets the form: 373 

  ;110  vVV xx
  (58) 374 

from (55) and (58), by identification, we obtain: 375 
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  .1   XVXXXX zWq
  (60)  377 

We choose the coefficients: ,40,30,05.0,5,1/1,1,5.0,3.0,5.0 111 1
 WVpx dnkPbkcp   378 

,1.0k  while 1  has the form: 379 
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 (61) 380 

The component 1v  is calculated by means of equation (10), where m/s.20;20,8.0,6.0 
cxvz VZkk  381 

 For the calculation of the inversion error ,1  the differential equations of   and zV  from (30) are used, i.e.: 382 
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or  384 
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Thus, 1  is calculated by using equation (60), with ,,   and   determined by the subsystem in Fig. 3;   and zV  386 

are calculated by means of equation (63), while m  is obtained with (59). The block diagram of the adaptive control 387 

system for the control of the helicopters velocity and pitch angle is presented in Fig. 7. 388 

 Similarly with the above presented system we can design a new system for the control of the vertical velocity 389 

;zV  in this case 03 U  and  390 
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 (64) 391 

3U  has the following form: 392 

    .3 zzzz VVVkU


  (65) 393 



 The structure of this system is similar with the one in Fig. 7, where: xV  is replaced with 12 ,UyVz   is replaced 394 

with 13 , vU  becomes ,3v  and 1  becomes .3  395 

Simulation Results 396 

 The coefficient values of the model (30) have been borrowed from Calise‟s work (Calise et al. 2000): 397 
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,9424.6,2373.0,0039.0,9033.19,1731.32,413.1,0553.0
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 The solution P  of the first equation (26), with  100Tb  and  ,001C for ,3IQ  and the linear observer 399 

gain matrix are, respectively: 400 
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 In Fig. 8 the characteristics   ,)(),(ˆ),(),(,),( tttvttt a   and )(tv  (  ˆ,,  solid line,  ,, av  dashed line) 402 

are presented. If we use a linear actuator it is found that  av,  (the adaptive component of the command 403 

compensates the approximation error of the function rh ); also,  ˆ  and .0v  If a nonlinear actuator is used, 404 

the characteristics in Fig. 9 result; we remark additional graphics with respect to Fig. 8: the characteristics )(tvh  and 405 

  .  0hv  means that the actuator is in saturation state, while 0hv  means that the actuator works in the linear 406 

zone. The system phase portrait (the characteristic   ) shows that the nonlinear system tends to stable limit cycle. 407 

 Remark 1: 408 

 The new designed system works both with linear and nonlinear actuator; in fact, we talk about models of the 409 

linear or nonlinear actuators. In real cases, the actuator of the system may be close to a linear or a nonlinear actuator 410 

model. Usually, the real actuator is closer to the nonlinear model because the deflection angles and the angular rates 411 

are limited and, furthermore, these actuators are characterized by a delay time. By using PCH, the system works in 412 

the linear zones of the nonlinearities which can be found in the model of the nonlinear actuator (Fig. 6). Therefore, 413 

for the linear zones, the subsystem with unitary negative feedback is described by equation (41), i.e. the equation of 414 



a linear model. Analyzing the characteristics in Figs. 8 and 9, we conclude that the characteristics in Fig. 9 are better 415 

because the rate of change for the state and command variables is smaller. 416 

 In Fig. 10 we represent the time characteristics of the system for the automatic control of helicopter velocity and 417 

pitch angle (linear actuator), while, in Fig. 11, the same characteristics are represented for the nonlinear actuator case. 418 

From Figs. 10 and 11 we may conclude that: 11
,;,  aacxxx vvVVV

c
 (the adaptive 419 

components compensate the approximation errors   and 1 ); 0,;0,, 1  vvmc  and ;0, 1 uu  the transient 420 

regime periods are small and the overshoot is small too. The nonlinear dynamic regimes are stable (the phase 421 

trajectories tend to stable limit cycles).  422 

 Remark 2: 423 

 The obtained results have been briefly compared with the results in (Prasad et al. 1999) and we may remark the 424 

superiority of our new control system. Our conclusion is based on the comparison between the dynamic and 425 

stationary performances presented in our work and in Prasad‟s work; the quality indicators (overshoot, stationary 426 

error, transient regime period, rate of change for the state and command variables) are generally better for our 427 

system. A rigorous comparison between our system and the system presented in the work of Prasad, from the results 428 

point of view, can not be made because we do not know if a tuning process was taken into account in Prasad‟s work 429 

and how deep he tuned the parameters of the controllers, if he did. On the other hand, we have not the trim values 430 

used by Prasad et al; in this paper simulation we have judiciously chosen the trim values, but these are different from 431 

the ones considered in Prasad‟s work. However, we may remark the proper functioning of our new designed system 432 

and its good results. 433 

Conclusions 434 

 In this paper the authors design an adaptive control system for the command and control of the helicopters‟ pitch 435 

angle and an adaptive control system for the command and control of an experimental R-50 helicopter velocity and 436 

pitch angle by using the dynamic inversion concept, linear dynamic compensators, and nonlinear adaptive 437 

controllers with neural networks. The adaptive components of the automatic control laws have to compensate the 438 

approximation errors of the dynamic models nonlinear functions; we use either linear or nonlinear actuators. In the 439 

case of nonlinear actuators use, we introduce in the automatic control system a PCH (Pseudo Control Hedging) 440 

block to limit the adaptive pseudo-control in order to cancel the neural networks‟ training difficulties; the PCH block 441 



introduces an additional input in the reference model. 442 

 For the two adaptive control systems presented in this paper, Matlab environment is used to obtain the time 443 

characteristics (with linear and nonlinear actuators) describing the two systems. These characteristics prove the good 444 

dynamic and stationary performances of the two automatic control systems. The phase trajectories of the systems 445 

with nonlinear actuators tend to stable limit cycles. 446 
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