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 Here, we proposed new adaptive leaning rate algorithm to increase the convergence 

speed of Back propagation learning to design the airfoil.  The aerodynamic force 

coefficients corresponding to series of airfoil are stored in a database along with the 
airfoil coordinates. A feed forward neural network is created with aerodynamic 

coefficient as input to produce the airfoil coordinates as output. In the proposed 

algorithm, adaptive learning rate for output layer determined by   differential of output 
value and for the hidden layer, we calculated the adaptive learning rate by calculating 

differential of linear and non linear errors. Results indicate that this approach greatly 

enhances the training of artificial neural network and may accurately predict airfoil 
profile 
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INTRODUCTION 

  

 The aim of this paper is to generate geometry 

for airfoil using inverse design method with high 

convergence speed and with minimal error. There 

are many inverse techniques in use, for example, 

hodo-graph methods for two-dimensional flows 

(Hoist et al,1982). The inverse design of back 

propagation takes long time to converge. Some 

focused on better function and suitable learning rate 

and momentum (R. A. Jacobs et al, 1988). To design 

fast algorithm, Abid et al. proposed a new algorithm 

by minimizing sum of squares of linear and 

nonlinear errors for all output (S. Abid et al,1991). 

Jeong et al. proposed learning algorithm based on 

first and second order derivatives of neural activation 

at hidden layers (Jeong  S.Y et al ,2000). Usually 

two parameters called learning rate and momentum 

factor are used for controlling the weight adjustment 

along the descent direction. 

 If the learning rate is very large, then the 

learning may become unstable. If it is small, then 

often is very slow for practical applications which 

leads to finding of fast learning algorithms (Sha D  et 

al,1999).One of the issues when designing a 

particular neural network is to calculate proper 

weight for neural activities. These are obtained from 

the training process of neural network.  Specifically, 

the process of obtaining appropriate weight in a 

neural network design utilizes two set of equations. 

First, the feed forward equation is used to calculate 

the error function.  The feedback equation is next 

used to calculate the gradient vector.  This gradient 

vector is used for defining search directions in order 

to calculate weight change. The linear and nonlinear 

error introduces certain modification in directions in 

order to speed up the convergence.   But searching 

for global minimum may be trapped at local minima 

during gradient descent, so fast convergence may not 

be guaranteed. To solve these problems adaptive 

learning algorithms have been developed. Jeong and 

Lee(2009) have proposed an adaptive algorithm 

based on first and second order derivatives of neural 

activation at hidden layers. Zhihong Man(2006) have 

proposed variable learning rate algorithm using 

Lyapunov method. Iranmanesh and Mahdavi(2009) 

have proposed a learning method using differential 

adaptive learning rate. In each iteration, the learning 

rate of the output layer computed by differentiating 

the error of the output layer. S.Jeyaseeli (2011) 

describes an adaptive learning rate algorithm based 

on differential linear and non linear errors to speed 

up the learning process of the neural network. 

 We proposed a new adaptive learning rate in 

which derivatives of the corresponding neuron’s 

activation function are added and then divided by 

total number of output neurons to get the adaptive 

learning rate for the output layer. Linear and 

nonlinear error of each hidden neuron is multiplied 

with its corresponding output layer weights 
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separately and then added. Then the value is divided 

by number of hidden neurons. The differentiation of 

the sigmoidal function of this value is used as a 

learning rate for the hidden layer. The efficiency of 

the proposed algorithm in terms of time and epochs 

is shown by simulating the problems.  And proved 

that the efficiency is highly improved using this 

adaptive learning rate method. 

 

2. Neural Network Training method: 

 An ANN consists of a large number of highly 

interconnected neurons.  Neural networks offer a 

very powerful and general framework for 

representing nonlinear mappings from several input 

variables to several output variables. The general 

architecture of a two layer neural network with feed-

forward connections and one hidden layer is shown 

in Figure 1. The weighted sum of the inputs must 

reach the threshold value for the neuron to generate 

the output. It is normally very difficult to interpret 

the values of the connecting weights wij in terms of 

the task being implemented. 

 

 
 

Fig. 1: The Neural-Network structure trained to predict surface Y-coordinates and CL, CD and X Coordinates 

are the inputs. 

 

 Figure 2 illustrates an airfoil profile which is 

defined by a set of x- and y-coordinates. The 

aerodynamic force coefficients corresponding to 

series of airfoil are stored in a database along with 

the airfoil coordinates. A feed forward neural 

network is created with the inputs - aerodynamic 

coefficients CL, CD and X Coordinates to produce 

the outputs - the airfoil Y coordinates.  

 

 
Fig. 2: Flow field and airfoil data. 

 

 Training generally involves minimization of 

error with respect to the training set. Learning 

algorithms such as the back-propagation algorithm 

for feed-forward multilayer networks [5] help us to 

find set of weights by successive improvement from 

an arbitrary starting point. 

 

 The below sigmoidal activation function is used 

to generate the output. 

                       (1) 

 Abid et al. defines the linear output for a neuron 

j at output layer L as 

                                    (2) 

 Where wji is the weight connection between the 

output neuron j and hidden neuron i. And  is the 

output of neuron i at hidden layer H. 

And Abid et al. defines the non linear output as 

                                (3) 

 The non linear error is given by 

                        (4) 

 Where  and  respectively is desired and 

current output for jth unit in the Lth layer. The linear 

error is given by 

                           (5) 

Where  is defined as below 

  (Inversing the output layer)  

 The learning function depends on the 

instantaneous value of the total error.  As per the 

modified back propagation by Abid et al, the new 

cost term to increase the convergence speed is 

defined as 

                         (6) 

Where  is Weighting coefficient 

Now, this new cost term can be interpreted as below 

Ep = (nonlinear error + Linear error) 

 

Learning of the Output Layer: 

 Now, the weight update rule is derived by 
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applying the gradient descent method to Ep. 

 Hence we get weight update rule for output 

Layer L as 

                     (7) 

Where   is the network learning parameter 

 Differentiating equation (6) based on equation 

(4) & (5) and applying it in equation (7), we get, 

 

 
                          (8) 

 

Learning of the hidden Layer: 

 And we get the weight update rule for the 

hidden layer H as 

 

Where   is the network learning parameter 

 Differentiating  and applying it in the above 

equation, we get 

 

            (9) 

 Where is the output of neuron i at layer F 

which is previous to hidden layer H. 

                  

 

 
 The network learning parameter µ is calculated, 

which plays an important role in minimizing the 

error. Then the network is trained with 

corresponding change of weight for both hidden and 

output layer.  And the weight is determined by 

calculating linear, nonlinear error and adaptive 

learning rate.  

 

Modified Back Propagation: 

 In the proposed technique the added derivative 

of the corresponding neuron’s activation function is 

considered.         

 
 Now the result will be divided by the number of 

output neurons and it is known as (new learning 

rate) 

 

                                                (10) 

 Hence applying the above learning parameter  

in equation (8), we get 

                      (11) 

 Similarly for the hidden layer we have to 

calculate the adaptive learning rate . First 

nonlinear errors and linear error   of all hidden 

neurons are multiplied with weight of the output 

layer as below 

 

 
 Now  is divided by the total number of hidden 

neurons n and the result is known as  

 
And then  is computed as follows 

=  (                          (12) 

Where f is sigmoidal activation functions. Then the 

change of weight is calculated using the following 

equation. 

                (13) 

 Hence the above calculated weights from 

equation (13) and (11) for both hidden and output 

layer respectively are considered in the proposed 

algorithm. 

 

Proposed algorithm: 

 In the Proposed Algorithm the network learning 

parameter  is first initialized to some random value 

and then it is calculated using equation (10) and (12). 

Here, the change of weight for output layer and 

hidden layer is determined using new calculated 

learning rate.  Its mean square error is calculated and 

compared with threshold value.  Based on the 

comparison, the network is declared as trained.  Now 

the test data is passed to the trained network to get 

the desired output. 

Step1: Initialize the parameter  to some random 

values 

Step2: Assign Threshold value to a fixed value based 

on the sigmoid function. 

Step3: Calculate linear output using equation (2) 

Step4: Calculate Non-Linear output using sigmoid 

function as in the equation (3) 

Step5: Calculate the below values for output layer 

(i) Calculate the learning rate for output layer using 

equation (10) 

(ii) Calculate weight change for output layer using 

the equation (11)  

Step6: Calculate the below values for hidden layer 

(i) Calculate the learning rate for hidden layer 

using equation (12) 

(ii) Calculate the weight change for hidden layer 

using the equation (13)  

Step7: Calculate the mean square error (mse) using 

below formula 
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Step8: The above calculated mean square error value 

is compared with threshold value.   

Step9: If the mean square error value is greater than 

threshold value, then the above steps from 3 to 7 is 

repeated. That is, linear and non-linear outputs are 

calculated again using the newly calculated learning 

rate & weight change from step 5 and step 6. 

Step10: If the mean square error value is less than 

threshold value, then declare that the network is 

trained 

Step11: Now the test data is passed to trained 

network to produce the desired airfoil profile 

 

RESULTS AND DISCUSSION 

 

 In our investigation of neural network models 

for inverse design of airfoil sections, we found that 

satisfactory results were obtained by adaptive 

learning rate.In our case, we considered ANN with 

twenty hidden neurons.  We have a database 

comprised of 26 upper and lower-surface x and y 

coordinates, together with the corresponding 

coefficient of lift (CL) and the coefficient of drag 

(CD). There were 78 patterns in total. A pattern is 

nothing but the coordinates used to draw an airfoil 

profile.  We are going to calculate the y coordinates 

using the proposed algorithm for given x coordinates 

and CL & CD.  The calculated y coordinates should 

match with the y coordinates stored in the database.  

Hence we can say that the main goal is to determine 

the y coordinates of airfoil profile for given x 

coordinates and CL & CD.  

 The network was trained with 60 patterns to 

minimize error.  Then network was tested with a test 

set comprising 18 patterns which was not used in the 

training process. In Table I, we have given the values 

of stored y coordinates, the values of calculated y 

coordinates for a pattern and also the difference 

between these values.  Just for sample, we have 

given 8 coordinates out of 26 coordinates for a 

pattern.  From this table, we can say that the 

computed profiles generated during the test process 

show good agreement with the actual profiles. 

 

Table I: Profile comparison between calculated & stored Y coordinates. 

Y coordinate in database Y coordinate calculated using proposed 
algorithm in test phase 

Difference 

0.00301 0.00303 -0.00002 

0.00800 0.00935 -0.00135 

0.01560 0.01690 -0.00130 

0.02492 0.02720 -0.00228 

0.03497 0.03665 -0.00168 

0.04470 0.04788 -0.00318 

0.05294 0.05358 -0.00064 

 

  We can say that the computed profiles 

generated during the test process show good 

agreement with the stored database profiles .Now the 

airfoil profile generated by proposed algorithm and 

the profile stored in database are compared for 

Coefficient of Lift (CL) and Coefficient of Drag 

(CD).  A tool called XFoil is used to compare CL 

and CD.  This tool will produce the airfoil with CL 

and CD by taking the airfoil profile as input.  Figure 

3 contains the airfoils with corresponding CL and 

CD for the profiles naca0012, naca1012 and 

naca2012 which are generated by proposed 

algorithm in test phase. Thus we observe that the 

adaptive learning rate approach generated 

comparatively the correct airfoil profiles. 

 Next we compare the convergence rate at 

training phase between fixed learning rate approach 

and adaptive learning rate approach.  To do this, we 

noted down the RMS error at each epoch and plotted 

it in the graph in Figure 4 for both approach.  The 

blue line indicates the error in Fixed Learning rate 

and the red line indicates that of adaptive learning 

rate approach.  Figure 4 shows how the training 

decreases root mean square (RMS) errors with the 

epoch.  From this figure 4, it is obvious that adaptive 

learning rate approach converges quickly and in this 

approach the error is less at the converging stage.  

 Now we consider another attribute – the 

accuracy for our study.  A measure of the accuracy 

of the results obtained can be inferred from 

examination of error which is defined as 

 

 Where  is the actual y-coordinate of the 

section at location i,  is the computed y-

coordinate. Table-II shows the maximum error in 

percentage for the airfoil profiles naca0012, 

naca1012, naca2012, naca3012 and naca3012 which 

are generated by proposed algorithm in test phase.  

From this table, we can conclude that the adaptive 

learning rate approach predicated comparatively the 

correct airfoil profiles. 

 Next the time taken and error in each epoch 

obtained from Fixed Learning rate and Adaptive 

learning rate approach are compared and tabulated in 

Table-III. From this table, it is clear that at epoch 14, 

the adaptive learning rate predicted approximately 

correct airfoil.  But the fixed learning rate takes 22 

epochs to predict approximately correct airfoil.  The 

adaptive learning rate takes 515 clock ticks to predict 

correct airfoil, but the fixed learning rate takes 780 
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clock ticks to predict the correct airfoil.  This proves 

that the proposed approach results in less error and 

takes less time to predict the airfoil for the given CL 

& CD.  The time is denoted by number of clock tick. 

 
Table II: Maximum error for airfoil profiles generated by proposed algorithm. 

Airfoil Maximum error (%) 

NACA0012 0.001799 

NACA1012 0.001493 

NACA2012 0.003778 

NACA3012 0.006585 

NACA4012 0.013208 

 

 
Fig. 3: Proposed Alg. generated Airfoils. 

 

 
 

Fig. 4: Convergence comparison. 
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Table III: Comparison Table. 

Epoch * 1000 Fixed Learning rate Adaptive  Learning rate 

Error clock ticks Error clock ticks 

0 3.406344 0 4.493385 0 

2 0.000124 78 0.000126 94 

4 0.001202 141 0.000321 156 

6 0.001922 219 0.000356 234 

8 0.000038 281 0.000046 297 

10 0.000089 359 0.000031 375 

12 0.000275 421 0.000079 453 

14 0.000105 499 0.00003 515 

16 0.000045 562 - - 

18 0.000132 640 - - 

20 0.000078 702 - - 

22 0.000032 780 - - 

 

4. Conclusions: 

 In this paper, we have used an inverse design 

methodology in artificial neural networks for the 

design of airfoil. Here to get the adaptive learning 

rate for hidden layer, linear and nonlinear errors of 

hidden layer is multiplied with it corresponding 

output layer weights separately and then added. Then 

the value is divided by number of hidden neuron. 

And to get Adaptive learning rate for the output 

layer, the derivatives of the corresponding neuron’s 

activation function are added then divided by total 

number of output neurons.  The most advantage of 

this approach is that the time required to fix the 

learning rate by trial and error is saved.  The results 

indicate that our adaptive learning rate approach in 

modified backpropagation algorithm will converge at 

comparatively high speed with fewer errors. We 

used several approaches which are discussed in the 

section “Results and Discussion” to prove this. 

Results indicate that optimally trained artificial 

neural networks using proposed algorithm may 

accurately predict airfoil profile at a faster pace. 

 

Annexure: 

 The surface direction accurately estimated using 

Partial derivatives.  

 is defined as below, 

 
 To find the accurate direction we need the 

partial derivatives of above function f.   

Differentiating the above function f, we get 

 

 This is used in the equation (8) & (9) and the 

weight change is derived using it. 
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