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Abstract:  In this paper, the “wing rock” phenomenon is described for slender delta 80⁰ 
wing aircrafts on the roll axis. This phenomenon causes the aircraft to undergo a strong 
oscillatory movement with amplitude dependent on the angle of attack. The objective is to 
identify “wing rock” using the Patchy Neural Network (PNN), which is a new form of 
neural nets. For the update of the weights of the network, an observer called RISE (Robust 
Integral of Sign Error) and equations of algebraic form are used. This causes the PNN to be 
fast, efficient and of a low computational cost. 
Keywords: wing rock phenomenon, RISE observer, Patchy Neural Network (PNN), slender 
delta 80⁰ wing aircrafts 

 
1. Introduction 
Neural networks are the future of modern computing. They are volatile, applicable 
to all problems solved with hardware, software or firmware, fast and most 
importantly they are evolving constantly. Modern aircrafts need this fast and error 
tolerance computing method, making neural networks essential for aerospace. 
In this paper, we present the “wing rock” phenomenon for slender delta 80⁰ wing 
aircrafts. The motion of the aircraft, during this phenomenon, in the roll axis is 
described by the equation given in [2]. The concern of this paper is to identify this 
phenomenon using the Patchy Neural Network (PNN). This is a new form of 
neural networks proposed in [8]. For the renewal of the network’s weights, the use 
of an observer called RISE (Robust Integral of Sign Error) is needed and equations 
of algebraic form. This causes the PNN to be quicker, more efficient and to have 
less computational cost than neural nets used now. 
 



Figure 1 Slender tailless delta 80⁰ wing 
aircraft  

2. “Wing Rock” Phenomenon  
Wing rock is the phenomenon during which the airplane is undergoing a strong 
oscillatory movement. For the purpose of this paper, the phenomenon is only 
approached in the roll axis. 
“Wing rock” is an oscillation that occurs when the airplane increases its angle of 
attack(�). In this paper, we focus on this phenomenon occurring on slender tailless 
delta 80⁰ wing aircraft; the model of the aircraft used to observe the phenomenon 
has wings swept back forming the Greek letter “∆”(delta) and it does not have any 
tail wings. The aspect ratio between the wingspan and the mean value of the 
wing’s chord is high; therefore makes 
the wings slender, making the aircraft 
aerodynamically efficient and perfect 
for maneuvering in low speeds 
(subsonic jet speeds). The angle of the 
sweep Λ is the angle between the 
leading edge of the wing and the body 
of the aircraft; for this paper the 
aircraft has Λ=80⁰. 
The case of the phenomenon of the “wing rock” on swept delta wings is called 
slender wing rock. It takes place at high angles of attack due to vortex asymmetry 
at the leading edge of the wing; this asymmetry can be the result of flying 
conditions. Furthermore, flying at high angles of attack in asymmetric flow 
conditions (landing in a cross-wind) or induced lateral oscillations due to unsteady 
flow over the wing could lead to the shedding of an asymmetric vortex. 
As a result, the leading edge leeward vortex shifts outboard and the leading edge 
windward vortex shifts inboard causing the wing to initially roll in the positive roll 
direction. The sudden roll movement causes the leeward vortex on the up-going 

wing to compress and the windward 
vortex on the down-going wing to 
stretch, which increase the initiated 
rolling moment. As the roll angle 
increases, the kinematic-coupling 
between the angle of attack and the 
sideslip causes the effective angle 
of attack on the wing to decrease 
and the effective sideslip to 
increase. The increased sideslip on 
the wing during roll causes the 
windward vortex on the down-
going wing to move inboard and 
toward the surface and the leeward 
vortex on the up-going wing to 

Figure 2 Graphic representation of 
vortices one cycle of wing rock 



move outboard and lifted off. The convective time lag associated with the motion 
of the lifted off vortex causes the right wing to continue dipping until the lifted 
vortex takes its final position. Then the lift on the down-going wing together with 
the reduction of vortex strength due to the decrease of the effective angle of attack 
causes the wing to stop at a finite roll angle (the limit cycle amplitude) and then 
reverses its motion. As the wing reverses its motion, the effective angle of sideslip 
decreases and the lifted vortex starts to reattach. The convective time lag of the 
vortex motion helps the rolling moment to build up in the reversed direction until 
the vortex is completely reattached to the leeward side of the left wing. This is 
graphically represented in figure 2. 
The mathematical expression describing the movement of a slender delta 80⁰ wing 
aircraft during “wing rock” phenomenon in the roll axis is presented in [2] 
 φ� + ω�φ = μ�φ� + b�φ� � + μ�φ�φ� + b�φφ� �  (1), 
 
where φ is the roll angle of the plane, φ�  its first derivative and φ�  its second 
derivative. The terms ω�, μ�, μ�, b� and b� are given using the expressions ω� = −c�a� (2), μ� = c�a� − c� (3), b� = c�a� (4), μ� = c�a� (5),b� = c�a� (6) 
where  

�� = ���� �2!""   (7) 

 

 �� = $%&'(%%)'   (8) 

 
and the coefficients +, depend on the angle of attack(�) and provided in the paper. 
The values of +, are given for angle of attack 15⁰ and 25⁰, as well as the table with 
the variables used to calculate coefficients �� and �� are given below. 
 

α -. -/ -0 -1 -2 
15 -0.01026 -0.02117 -0.14181 0.99735 -0.83478 
25 -0.05686 0.03254 0.07334 -0.3597 1.4681 

Table 1 Values of coefficients 34 for α=15⁰ and 25⁰ 

 

Variable Quantity Value 
ρ air density 1.1955 kg/m3 
S wing area  0.0324 m2 
c chord of the wing  0.429 m 56 characteristic length (� =c/4) 0.10725 m 7886  mass moment inertia 0.27·10-3 kg·m2 98 damping coefficient for the bearing of the sting 0.378·10-4 kg·m2/s :6 characteristic speed 15 m/s 

Table 2 Values of variables used 



The use of MATLAB is necessary for the simulation of the movement the airplane 
is undergoing during “wing rock”. The simulation of the movement is shown 
below.  

Comparing the two figures above, it can be deduced that a way to prevent wing 
rock from happening is to have an angle of attack under 20⁰; wing rock can also be 
prevented with the use of flaps. 
The simulation also outputs the phase plane of the movement in the roll axis φ to 
its first derivativeφ� , which is required for the weight update of the neural network 
discussed later. 
 

3. RISE Observer 
When only some measurements or outputs are available for identification and 
control, it is usually necessary to estimate the rest of the system’s states. This leads 
to the development of linear and non linear techniques with the use of observers or 
estimators. Observers give an estimation of non finite states, therefore the 
estimated states must be accurate in detecting possible errors and failures. 
One approach of designing non linear observers is the high gain category. The 
design of these estimators aims in the disassociation of the linear and non linear 
part. Then, the gain of the estimator is selected so as the linear part to dominate 
over the non linear one. Choosing a very high gain can result in having a relatively 
small observation error, but it will cause large amplitude oscillation to the system’s 
noise. 
The noise levels and the dynamic of the system change with the passing of time 
and the accuracy of the methods is diminished. Thus, the use of robust observers or 
methods of estimation with noise tolerance is essential. One method that could be 
used is the RISE (Robust Integral of Sign Error) observer. This method increases 
the robustness of the observer and at the same time the effectiveness of error 
tracing in comparison to typical estimators. The observer suggested offers, beyond 
robust estimation in case of noise, an area of asymptotic stability for state 
estimation. Simulations have shown that RISE is capable to estimate states with 
25% accuracy with rising noise levels. 
For this paper, an observer is developed, so that it can be used by a neural network 
for learning and unknown state identification and RISE feedback for robustness. 

Figure 3 Roll angle as a function of 
time for α=15⁰ 

Figure 4 Roll angle as a function of 
time for α=25⁰ 



Figure 5 Comparison between the simulation of the 
motion of the aircraft during wing rock and the 
estimation of the motion from RISE observer for 
α=25⁰ 

The full state approach of the asymptotic estimator based on the robust integral of 
the sign error (RISE) ;(<) is given by the equation 

x>� (t) = ξ(t) = kBx(t) − x>(t)C + λκ F(x(s) − x>(s))ds
I

J
+ β F sgnBx(s) − x>(s)CdsI

J  

where k, λ, β > 0,  P�  is Q�  and P is Q� . To use 
this observer to 
develop the Patchy 
Neural Network to 
identify wing rock 
phenomenon, the 
variables have the 
following values  k = 2, λ = 1, β = 20. 
The observer was 
created with the use of 
MATLAB which 
resulted in the figures 
shown below. For the 
development of this 
observer, the use of 
the values of Q found 

in the simulation of the phenomenon is essential. 
 

4. Patchy Neural Network(PNN) 
For the construction of the neural network, a new category of local networks is 
used; it is called patchy neural network (PNN) with basis functions that are patches 
of the state space. This specific network with a sufficient number of nodes can 
approximate a general smooth non linear function over a given compact region 
with the desired accuracy. PNN network is used to extract and store information 
obtained by the estimation of an observer, using a simple algebraic weight update 
law. The way PNN works is presented. 
Let n-dimensioned rectangles R ∶= R� × !� × ⋯ × !V 
and δ partitions of each interval  !, mathematically expressed as 

!, = W X,,Y
Z[

Y\�
= W[+,,Y^�, +,,Y]

Z[

Y\�
 

with �,,Y = +,,J + `a ,     1 ≤ c ≤ d. 
Patch functions are defined on the sets e�,,f × ⋯ × XV,,g, where 1 ≤ cY ≤ h, and 1 ≤ c ≤ d 

i,f,,j,⋯,,g(P) = k1, �l P ∈ e�,,f × ⋯ × XV,,g0, nopn                                q 



A patchy neural network is a neural network with one hidden layer and basis vector 
that consists of patch functions with output  r = ∑ ⋯Zf,f\� ∑ t,f,⋯,,gi,f,⋯,,g(P)Zg,g\� = uvw(P), 
where  u = [t�,⋯,�, ⋯ , tZf,⋯,Zg]v   ∈ ℝyf×⋯×yg 
and  w(P) = [i�,⋯,�, ⋯ , iZf,⋯,Zg]v 
The network’s weights are updated 
algebraically with the use of the equation tz,f,⋯,,g

Y (<) =
{1 − i,f,⋯,,gBP(<)C| tz,f,⋯,,g

Y (<^) +
i,f,⋯,,gBP(<)C;(<) 
or equivalently 

tz,f,⋯,,g
Y (<) = }tz,f,⋯,,g

Y (<^),   c~ i,f,⋯,,gBP(<)C = 0
;Y(<),   c~ i,f,⋯,,gBP(<)C = 1           q 

 
where ̀ = 1,2, … , d with initial values tz,f,⋯,,g

Y (0) = 0  for 1 ≤ c� ≤ h�, … ,1 ≤cV ≤ hV and 1 ≤ ` ≤ d. The vector u� vw(P) with   u� ∶= [u�� ⋯ u�V], with  u�, = [tz�,⋯,�, , ⋯ , tzZf,⋯Zg, ]� can be used to estimate ~(P). 
Specifically, the figure of the equation to be estimated is given. !, corresponds to 
the c axis, which consists of h, portions e,,Y. Each portion is an area [+,,Y^�, +,,Y] 
with a length. Each patch has such a portion and the union of these portions � X,,YZ[Y\� = � [+,,Y^�, +,,Y]Z[Y\�  is !,. If there is a point of P in that portion on the 

figure, then i equals 1, else is zero.  
For the weight update, the value 
of i is being used. If i = 0, then 
the weight remains the same as it 
was for the previous moment for 
that patch, else it takes the value 
of the observer in that moment.  
For this paper, it is assumed that 
each axis will be from lowest 
value to the highest value that 
exists in the axis. Each axis will 
be split into the same number of 
patches, h, = hY, but they will 

have different value for a, which depends on the length of the axis. As such, a for 
each axis is calculated 

a�",� = max(axis) − min(+Pcp)h�",�  

Figure 6 Structure of Patchy Neural 
Network (PNN) 

Figure 7 Patches over the phase plane for 
α=25⁰ 



 

Figure 9 Function �(�, �� ) for 
α=25⁰ 

 
For the construction of the neural network, Q�  is the input in the observer. The 
figure used is the phase plane given from the simulation of the movement during 
wing rock. 
 

5. Conclusions 
 The strength of the vortices depends on the angle of attack and the angle of sweep 
of the wing. For a given angle of attack, the strength of the vortex reduces by 
increasing the angle of sweep of the wing. The “wing rock” phenomenon can be 
eliminated with the use of the flaps of the aircraft or by reducing the angle of 
attack. 
For angle of attack smaller than 20⁰, the oscillation occurring during wing rock 
fades out with time. But, in higher angles the oscillation starts with relatively small 
amplitude until it reaches maximum amplitude and continues “rocking” at that. The 
amplitude and the frequency of the oscillation in the final state do not depend on 
initial values, but on the angle of attack. 
Creating the observer needs the use of the values of Q and Q�  obtained in the 
phenomenon’s simulation. RISE observer is very fast in estimating the targeted 
function and is superior to other observers as it can estimate states with 25% 
accuracy with rising noise levels, increases the robustness of the observer and at 
the same time the effectiveness of error tracing. It also offers an area of asymptotic 
stability for state estimation.  
Patchy Neural Network is easy and simple to its learning. PNN is capable of 
approximating generalized non linear function. It gives some advantages over other 
networks; the network is capable of learning the unknown nonlinearity in some 
region of the state space from a single visit of the state trajectories to the patches of 
the region. PNN has weight update laws of algebraic form, not given in the form of 
differential equations; this results in the significant reduction of the computational 
cost for learning since only n ODEs are solved form the observer, in contrast to �� × ⋯ × hV ODEs needed to train the weights of a neural network of �� × ⋯ ×hVnodes. 
The MATLAB code developed in [12] makes possible the simulation of the “wing 
rock” phenomenon, leading to the creation of the RISE observer and the 
construction of the Patchy Neural Network for the identification of the 

 

Figure 8 PNN approximation for 
α=25⁰ 



phenomenon. So, this paper concludes that  the identification of wing rock, with 
the use of PNN and the aid from RISE observer is feasible, easily implemented 
with the use of MATLAB code.  
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