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MACHINE LEARNING FOR FLUID MECHANICS APPLICATIONS 

 

SUMMARY 

In Fluid Mechanics, large amounts of data were collected from experiments, field 

measurements and large-scale numerical simulations. The combination of Machine 

Learning algorithms suitable for fluid mechanics problems and large databases 

obtained in the field of fluid mechanics can be used to understand, predict, optimize 

and control flows. In this study, detailed information about Machine Learning (ML), 

Neural Networks, Feed-Forward Neural Networks (FNNs),Recurrent Neural 

Networks (RNNs) and Long-Short Term Memory (LSTM) will be explained. 

Basically, Neural Network Algorith is a subset of Supervised Machine Learning, 

which is the machine learning task of learning a function that maps an input to an 

output based on example input-output pairs. FNNs and RNNs are two basic 

categories of Neural Networks. RNNs are used for sequential data that the order 

matters while the order of the data is not important for FNNs. LSTM Network is an 

algorithm which is the form of RNN with some additional features that solves the 

vanishig/exploiding gradient problem. In last two sections of the study, time series 

datasets of Flat Plate Wing Transient Gust Experiment and the experiment’s features 

will be introduced. On the following pages, converting time-series data to supervised 

learning data will be shown. With this prepared data, a LSTM model will be set and 

trained. After that, predictions will be made and errors of these predictions will be 

discussed. Tests firstly show that the mean percentage error (MPE) descreases as the 

input sequence lengt increases and MPE also descreases when more data is used. 

Although MPE decreases as the number of data increases, estimated time 

requirement increases. With enough amount of data for any input sequence length, 

MPE decreases to same levels. However, to get MPE down to those levels, the model 

with longer input sequence length needs less data. Also Estimated time requirement 

increas as the length of the input sequence and the amount of data increases. 
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AKIŞKANLAR MEKANİĞİ UYGULAMALARI İÇİN MAKİNE 

ÖĞRENMESİ 

 

ÖZET 

Akışkanlar Mekaniğinde, deneylerden, saha ölçümlerinden ve büyük ölçekli sayısal 

simülasyonlardan büyük miktarlarda veri toplanmıştır. Akışkanlar mekaniği 

problemleri için uygun Makine Öğrenimi algoritmaları ve akışkanlar mekaniği 

alanında elde edilen büyük veritabanlarının kombinasyonu, akışları anlamak, tahmin 

etmek, optimize etmek ve kontrol etmek için kullanılabilir. Bu çalışmada Makine 

Öğrenmesi, Yapay Sinir Ağları, İleri Beslemeli Yapay Sinir Ağları, Tekrarlayan 

Sinir Ağları ve Uzun Kısa Süreli Bellek hakkında detaylı bilgiler açıklanacaktır. 

Temel olarak, Yapay Sinir Ağları Algoritması, bir girdiyi örnek girdi-çıktı çiftlerine 

dayalı olarak bir çıktıyla eşleyen bir işlevi öğrenmenin makine öğrenme görevi olan 

Denetimli Makine Öğreniminin bir alt kümesidir. İleri Beslemeli Yapay Sinir Ağları 

ve Tekrarlayan Sinir Ağları, Yapay Sinir Ağlarının iki temel kategorisidir. 

Tekrarlayan Sinir Ağları, sıranın önemli olduğu sıralı diziler için kullanılırken, 

verilerin sırası İleri Beslemeli Yapay Sinir Ağları için önemli değildir. Uzun Kısa 

Süreli Bellek Ağı, küçülen/patlayan degrade problemini çözen bazı ek özelliklere 

sahip Tekrarlayan Sinir Ağları formundaki bir algoritmadır. Son iki bölümde, Düz 

Levha Kanat için süreksiz akış deneyinin zamana bağlı veri setleri ve deneyin 

özellikleri tanıtılacaktır. İlerleyen sayfalarda, zamana bağlı verilerin denetimli 

öğrenme verilerine dönüştürülmesi gösterilecektir. Bu hazırlanan verilerle bir Uzun 

Kısa Süreli Bellek Ağı oluşturulacak ve eğitilecektir. Bundan sonra tahminler 

yapılacak ve bu tahminlerin hatası tartışılacaktır. Testler ilk olarak girdi dizisi 

uzunluğu arttıkça ortalama yüzde hatasının azaldığını ve daha fazla veri 

kullanıldığında ortalama yüzde hatasının yine azaldığını gösterir. Veri sayısı arttıkça 

ortalama yüzde hatası azalsa da, gereken tahmini süre artar. Herhangi bir giriş sırası 

uzunluğu için yeterli miktarda veri ile ortalama yüzde hatası aynı seviyelere düşer. 

Bununla birlikte, ortalama yüzde hatasını bu seviyelere indirmek için, daha uzun 

giriş sırası uzunluğuna sahip modelin daha az veriye ihtiyacı vardır. Ayrıca, giriş 

sırasının uzunluğu ve veri miktarı arttıkça tahmini süre gereksinimi artar.
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1. INTRODUCTION 

 

Applications and researches of fluids have a history that goes back to BC, and after 

the 16th century these studies gained speed and professional studies occured. The 

simple reason of this is that fluids have a field of application in power systems, 

systems of land vehicles and basic principles of aircrafts and watercrafts [1]. Massive 

amounts of data from experiments, field measurements, and large-scale numerical 

simulations has been collected in the field of Fluid Mechanics. In fact, in the past few 

decades, big data have been a reality in fluid mechanics research because of high-

performance computing architectures and advances in experimental measurement 

capabilities [2]. To handle such data ranging from advanced algorithms for data 

processing and compression to fluid mechanics databases, many methods were 

developed. However, on a large scale, the analysis of fluid mechanics data is based  

on domain expertise, statistical analysis, and heuristic algorithms [3]. 

Machine learning (ML) is seen as a subset of artificial intelligence. ML algorithms 

build a mathematical model based on sample data, known as "training data", in order 

to make predictions or decisions without being explicitly programmed to do so. ML 

algorithms are used in a wide variety of applications, such as email 

filtering and computer vision, where it is difficult or infeasible to develop 

conventional algorithms to perform the needed tasks [4].  

The types of ML algorithms differ in their approach, the type of input and output 

data, and the type of task or problem that they are intended to solve. Combination of 

proper ML algorithms for determined fluid mechanics problems and large databases 

obtained in the field of fluid mechanics can be used to understand, predict, optimize, 

and control flows. Currently, ML capabilities are advancing at an incredible rate, and 

fluid mechanics is beginning to tap into the full potential of these powerful methods 

and many tasks in fluid mechanics, such as reduced-order modeling, shape 

optimization, and feedback control, may be posed as optimization and regression 

tasks. ML can dramatically improve optimization performance and reduce 

convergence time. ML is also used for dimensionality reduction and identifying low-

dimensional manifolds and discrete flow regimes, which benefit understanding [5]. 

 

https://en.wikipedia.org/wiki/Artificial_intelligence
https://en.wikipedia.org/wiki/Mathematical_model
https://en.wikipedia.org/wiki/Training_data
https://en.wikipedia.org/wiki/Email_filtering
https://en.wikipedia.org/wiki/Email_filtering
https://en.wikipedia.org/wiki/Computer_vision
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1.1 Purpose of Thesis 

 

The aerodyamic force data obtained from experiments and to forecast future force 

values of a profile with using time-dependent aerodynamic force data on the recent 

past. Long Short-Term Memory (LSTM) is used as the ML algorithm. In the content 

of this study, firstly, studies on fluid mechanics and ML will be adverted. In the next 

section, detailed information about Machine Learning (ML), Recurrent Neural 

Networks (RNNs) and LSTM will be given. In the other section, time dependent 

aerodynamic force datasets used for the study will be explained and information 

about the architecture of the experiment and its paramaters will be given. Lastly, 

details of the ML model created and its errors will be included.objective of this study 

is to create and train a Machine Learning (ML) model with  

 

1.2 Literature Review 

 

The purpose of this literature review is to research machine learning implementation, 

especially LSTM applications, in the fields of fluid mechanics and aerodynamics. 

Srinivasan et al. assessed the capabilities of neural networks to predict temporally 

evolving turbelent flows. They tested a number of neural network architectures by 

varying the number of layers, number of units per layer, dimension of the input, and 

weight initialization and activation functions in order to obtain the best 

configurations for flow prediction. They claimed that because of its ability to exploit 

the sequential nature of the data, the LSTM network outperformed Multilater 

Perceptron which is a class of feedforward artificial neural network (ANN) and they 

also claimed that The LSTM led to excellent predictions of turbulence statistics (with 

relative errors of  0.45 %  and  2.49 %  in mean and fluctuating quantities, 

respectively). Their results also suggest that using more sophisticated loss functions, 

including not only the instantaneous predictions but also the averaged behavior of the 

flow, may lead to much faster neural network training [6].  

The paper of ElSaid et al. examines building viable Recurrent Neural Networks 

(RNN) using Long Short Term Memory (LSTM) neurons to predict aircraft engine 

vibrations. The model is trained on a large database of flight data records obtained 

from an airline containing flights that suffered from excessive vibration. They claim 

that RNNs can provide a more generalizable and robust method for prediction over 
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analytical calculations of engine vibration, as analytical calculations must be solved 

iteratively based on specific empirical engine parameters, and this database contains 

multiple types of engines. Further, LSTM RNNs provide a “memory” of the 

contribution of previous time series data which can further improve predictions of 

future vibration values. The study managed to predict vibration values for 5, 10 and 

20 seconds in the future, with 3.3%, 5.51% and 10.19% mean absolute error, 

respectively. These neural networks provide a promising means for the future 

development of warning systems so that suitable actions can be taken before the 

occurrence of excess vibration to avoid unfavorable situations during flight [7]. 

In 1997, Lee et al. could present a successful application of a neural network to 

turbulence control for drag reduction. First they were able to construct and train a 

neural network off-line to find a correlation between the wall-shear stress and the 

desired wall actuations. Based on the optimal network structure from the off-line 

training, they successfully implemented an on-line inverse model controller in 

numerical experiments of a turbulent channel flow, resulting in about 20% drag 

reduction [8]. 

Ding, Lam and Feng recomended another assessment index by using Computational 

Fluid Dynamics (CFD) results and Artificial Neural Network (ANN) based 

regression and researched the correlation between the indoor and outdoor 

ventilations. For the ANN model training, A total of 3840 CFD simulation results 

with six input parameters are utilized. The predictions of the ANN are examined 

resulting in a mean absolute percentage error of 0.1667 which is considered 

reasonable for early design purpose [9]. 

Farhat et al. presented a  simple method for predicting the ratio of lift over drag by 

using ML algorithms and ANN on a set of data that has been collected using the 

CFD tool, AeroF. They claimed that the predicted  results were in good agreement 

with the results that have been collected using AeroF [10]. 

The study of Peng et al. takes a rocket as an example, and discussed the construction 

method of the aerodynamic surrogate model based on Learning Machine. The 

prediction error of the surrogate model generated in their paper can satisfy the 

precision requirements well, and is very suitable for the design of rocket. Moreover, 

they recommend that this method can also be extended to the multidisciplinary 

design optimization of aircraft or the other computations in comprehensive flight 

performance simulation [11]. 
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2. MACHINE LEARNING MODELS 

 

Machine learning is a part of Artificial Intelligence (AI) that targets enabling 

machines to perform their jobs skillfully by utilizing intelligent software. The 

statistical learning methods constitute the backbone of intelligent software that is 

used to develop machine intelligence. Because machine learning algorithms require 

data to learn, the discipline must have connection with the discipline of database 

[12].  

In a 2006 article entitled “The Discipline of Machine Learning,” Professor Tom 

Mitchell [13] defined the discipline of machine learning in these words: 

 

“Machine Learning is a natural outgrowth of the intersection of Computer Science 

and Statistics. We might say the defining question of Computer Science is ‘How can 

we build machines that solve problems, and which problems are inherently 

tractable/intractable?’ The question that largely defines Statistics is ‘What can be 

inferred from data plus a set of modeling assumptions, with what reliability?’ The 

defining question for Machine Learning builds on both, but it is a distinct question. 

Whereas Computer Science has focused primarily on how to manually program 

computers, Machine Learning focuses on the question of how to get computers to 

program themselves (from experience plus some initial structure). Whereas Statistics 

has focused primarily on what conclusions can be inferred from data, Machine 

Learning incorporates additional questions about what computational architectures 

and algorithms can be used to most effectively capture, store, index, retrieve and 

merge these data, how multiple learning subtasks can be orchestrated in a larger 

system, and questions of computational tractability.” 

 

Computer programs make machines learn and enable them to perform tasks, such as 

prediction. The purpose of learning is to constuct a model that takes the input and 

produces the desired result. It is possible that we obtain errors for some input, but 

most of the time, the model provides correct answers. Hence, another measure of 

performance (besides performance of metrics of speed and memory usage) of a 

machine learning algorithm will be the accuracy of results.  
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It seems appropriate here to quote the famous statement about learning of computer 

program from Professor Tom Mitchell from Carnegie Mellon University [13]. 

 

“A computer program is said to learn from experience E with respect to some class 

of tasks T and performance measure P, if its performance at tasks in T, as measured 

by P, improves with experience E.” 

There are many types of ML algorithms, as shown in Fig. 2.1. One of the most 

widely used categorizations separates them into three classes: supervised, 

unsupervised, and reinforcement learning [14]. 

 

Figure 2. 1 Types of Machine Learning Algorithms 

 

In supervised learning, the target is to infer a function or mapping from training data 

that is labeled. Supervised learning searches for the relationship between a set of 

features (input variables) and one or more known outcomes (output classes or labels) 

and then derives a function that predicts the output value for a set of unlabeled input 

values based on an acceptable degree of fidelity. For supervised learning to work, the 
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training data should have the correct input-output pairs, which should be labeled by 

experts. Supervised learning includes both classification, where the task is to predict 

the group or class to which a new sample should be assigned (hence the output is a 

discrete variable), and regression, where the value of a continuous variable for a new 

sample must be estimated [14].  

 

In unsupervised learning, we lack supervisors or training data. In other words, all 

what we have is unlabeled data. The idea is to find a hidden structure in this data. 

There can be a number of reasons for the data not having a label. It can be due to 

unavailability of funds to pay for manual labeling or the inherent nature of the data 

itself. With numerous data collection devices, now data is collected at an 

unprecedented rate. The variety, velocity, and the volume are the dimensions in 

which Big Data is seen and judged. To get something from this data without the 

supervisor is important. This is the challenge for today’s machine learning 

practitioner [12]. 

Reinforcement learning is an area of ML that is based on behavioral psychology, 

namely, how software agents take actions in a particular environment to maximize 

the cumulative reward [14]. The best example is game theory and the above-

mentioned AlphaGo, which places a stone at a specific position on the board at a 

certain point in the game to maximize the winning rate [15]. Since data used for this 

study is time-dependent sequencial and task of the model is forecasting which is a 

part of supervised learning, neural networks algorithms that impelement regression 

algorithms are considered to use. In the following part, fundamental types of neural 

networks are discussed. 

 

2.1 Neural Networks 

 

Typically, models of neural networks are divided into two categories in terms of 

signal transmission manner: feed-forward neural networks and recurrent neural 

networks. They are built up using different frameworks, which give rise to different 

fields of applications [16]. 

 



7 

 

2.1.1 Feed-Forward Neural Networks (FNNs) 

 

Feed-forward neural network (FNN) features a supervised training with a highly 

popular algorithm known as the error back-propagation algorithm. In the standard 

back-propagation (SBP) algorithm, the learning of a FNN is composed of two passes: 

in the forward pass, the input signal propagates through the network in a forward 

direction, on a layer-by-layer basis with the weights fixed; in the backward pass, the 

error signal is propagated in a backward manner. The weights are adjusted based on 

an error-correction rule [16]. 

In FNN ,  a single neuron that can receive multiple inputs and produces a single 

output is called a perceptron (Fig. 2.2). 

 

 

Figure 2. 2 A perceptron with m input features [12] 

   

 

 

In a perceptron model, the weighted sum ,shown in the Eq. 2.1, is evaluated and 

passed to an activation function.  

  (2.1) 

 

There are many kinds of activation functions that can be used with the perceptron. 

Step,sign, linear and sigmoid functions are the most popular ones (Fig. 2.3). 
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Figure 2. 3 Activations functions: (a) step activation function, (b) sign activation 

function, (c) linear activation function, and (d) sigmoid activation function [12] 

 

The perceptron can have an additional input called bias. The role of the bias b is to 

move the activations function to the left or right. Changing the value of the bias b 

does not change the shape of the activation functions, but together with the other 

weights, it determines when the perceptron works. It is worthy to note that the input 

associated with the bias is always one (Fig. 2.4). 

  

 

Figure 2. 4 A perceptron with m inputs and a bias [12] 
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Training the perceptron aims at determining the optimal weights and bias value at 

which the perceptron works. In a given N number of data (xj , yj), j = 1,....,N, each 

feature vector xj has m features (aj1,...,ajm) and for each training input vector xj = 

(aj1,...,ajm), there is a given output data yj.  

The first thing a perceptron does is generating random values for the (m+1) 

dimensional vector w and set the input vector xj as shown on the below. 

 

 

 

It can be noticed that product of the transpose of w and xj is the weighted sum (Eq. 

2.2) 

 

  (2.2) 

 

An error function (Eq.2.3) is defined for a perceptron with an activation function f. 

Error functions are used to adjust the weights. 

 

    (2.3) 

 

To readjust the weight, a learning rate parameter α ϵ (0,1). This parameter determines 

how fast the weights are changed, and hence, how fast the perceptron learns during 

the training phase. Given the learning rate α, the correction in the weight is given in 

the Eq. 2.4 and the new weight is shown in the Eq. 2.5 

 

     (2.4) 

   (2.5) 

 

Applying the round of constructing the weighted sum, evaluating the error, and 

adjusting the weight vector to all the instances in the training set is called an epoch. 

The perceptron learning process shall consist of an optimal number of epochs. 
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2.1.1.1 Multilayer Perceptron Networks 

 

In a multilayer perceptron neural network, each perceptron receives a set of inputs 

from other perceptrons. As in a single perceptron network, the bias in addition to the 

weights are adjusted during the training phase (Figure 2.5). To learn a neural 

network, random weights and biases are generated. Then, a training instance is 

passed to the neural network, where the output of each layer is passed to the next 

layer until computing the predicted output at the output layer, according to the initial 

weights. The error at the output layer is computed as the difference between the 

actual and predicted outputs. According to the error, the weights between the output 

layer and the hidden layers are corrected, and then the weights between the hidden 

layer and the input layer are adjusted in a backward fashion. Another training 

instance is passed to the neural network and to the process of evaluating the error at 

the output layer, thereby correcting the weights between the different layers from the 

output layer to the input layer. Repeating this process for as many epochs will help in 

learning the neural network [12]. 

 

Figure 2. 5 A multilayer perceptron neural network. 
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2.1.1.2 Backpropogation Algorithm 

 

In a neural network, updating and correcting in the network is the 

most importan part. To do this in an efficient way, there is an algorith called as 

“Backpropogation Algoritm” [12]. 

  The backpropagation algorithm consists of two stages. The first step is called 

the feed-forward stage; and at this stage the inputs are fed to the network and the 

output is computed both the hidden and output layers. This stage is the same 

impemantation to make a prediction in the model. 

The second is the backpropagation part and during this stage, the prediction error is 

computed at the output layer, and this error is propagated backward to adjust the 

weigts. The backpropagation algorithm uses deterministic optimization to minimize 

the squared error sum using the gradient decent method. The gradient decent method 

requires computing the partial derivatives of the activation function with respect to 

the weights of the inputs. 

Weights in the neural network are updated by these two stages following one 

another. In a given N number of data (xj , yj), j = 1,....,N, each feature vector xj has m 

features (aj1,...,ajm). Let pj be the predicted output by the neural network, when 

presenting a feature vector xj. Then, the squared error is given in Eq. 2.6. 

 

   (2.6) 

 

The backpropagation algorithm works to find a local minimum of the error function, 

where the optimization process runs over the weights and biases of the neural 

network. It is noteworthy to remember that the biases are embedded in weights. If the 

neural network consists of a total of L weights, then the gradient of the error function 

with respect to the network weights is 

 

  (2.7) 
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In the gradient decent method, the update in the weights vector is proportional to 

negative of the gradient. That is, 

 

  (2.8) 

 

where, α  > 0 is a constant, representing the learning rate. We will assume that the 

activation function S1 (x) is used throughout the network. Then, at a unit i , that 

receives inputs (z1,…,zm ) with weights (wi1,…,wim ) gives an output oi, where: 

 

   (2.9) 

 

If the target output of unit i is ui , then by using the chain rule, we get: 

 

  (2.10) 

 

Therefore, the correction on the weight wij is given as follows: 

 

  (2.11) 

 

The weights are first adjusted at the output layer (weights from the hidden layer to 

the output layer) and then adjusted at the hidden layer (from the input layer to the 

hidden layer), assuming that the network has one hidden layer. 

 

2.1.2 Recurrent Neural Networks (RNNs) 

 

FNNs usually take an independent variable X (or a set of independent variables ) and 

a dependent variable y then it learns the mapping between X and y, which is called 

training. Once training is done , a new independent variable is given to predict the 

dependent variable. When the order of data matters, FNN algoritm is not a sufficient 

way to detect it because it doesn’t follow the order; so, Recurrent Neural Networks 

(RNNs) are prefered for such data called as sequential data such as natural language 

data, speech data, time series data, video/music sequences data and stock markets 
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data etc. Basically, an RNN cell contains a set of feed forward neural networks cause 

there are time steps. RNN has sequential input, sequential output, multiple timesteps, 

and multiple hidden layers. Unlike FNN , in RNNs hidden layer values  are 

calculated not only from input values but also from previous time step values and 

weights at hidden layers [17]. 

The key feature of RNN is the network delay recursion, which enables it to describe 

the dynamic performance of systems. The signal delay recursion makes the output of 

the network at time t associate not only with the input at time t but also with 

recursive signals before time t, as shown in Figure 2.6 [18]. 

 

 

Figure 2. 6 Processing of time sequence in RNN 

 

 

The simple and common used form of RNN’s architecture is shown in Figure 2.7. In 

the architecture, the output of the neuron at time t-1 will be passed to the input at 

time t and add the data of itself at time t to generate the output at time t. 

 

 

Figure 2. 7 RNN architecture [17] 
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The recursive formulas of RNN are shown in equations 2.12 and 2.13. 

 

  (2.12) 

    (2.13) 

 

2.1.2.1 Vanishing/Exploding Gradient Problem 

 

In RNNs, as going back adjusting the weights, the signal gets either too weak or too 

strong which cause either vanishing or exploding problem. The exploding gradients 

problem refers to the large increase in the norm of the gradient during training. Such 

events are due to the explosion of the long term components, which can grow 

exponentially more than short term ones. The vanishing gradients problem refers to 

the opposite behaviour, when long term components go exponentially fast to norm 0, 

making it impossible for the model to learn correlation between temporally distant 

events [19]. To avoid this, Long Short-Term Memory (LSTM) networks are used to 

improve this method [17]. 

 

2.1.2.2 LSTM Networks 

 

LSTM ( Long Short Term Memory ) Network is an algorithm which is the form of 

RNN with some additional features. The difference between LSTM and traditional 

RNN neural networks is that each neuron in LSTM is a memory cell. The LSTM 

links the previous data information to the current neurons. Each neuron contains 

three gates: input gate, forget gate, and output gate. Using the internal gate, the 

LSTM can solve the problem of long-term dependence of the data [17]. In figure 2.8, 

the diagram of LSTM cell at time step t is shown. 
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Figure 2. 8 LSTM cell, where ft, it, ot are forget, input and output gate respectively 

[18] 

 

The key in LSTM structure is the cell state (memory cell), which looks like a 

conveyor belt. It runs straight down the entire chain with the ability to add or remove 

information to the cell state, carefully regulated by structures called gates. The gates 

are ways for optional inlet of information. They are composed of a sigmoid neural 

net layer and a pointwise multiplication operation as depicted in Fig. 2.8. An input at 

time step t is (Xt), and the hidden state from the previous time step (St-1) that is 

introduced to LSTM block, and then the hidden state (St) is computed in a few steps 

[18]. 

 

 

 

The first step in LSTM is to decide what information is going to be thrown away 

from the cell state. This decision is made by the following forget gate (ft): 

 

    (2.14) 

 

The following step is to decide which new information is going to be stored in the 

cell state. This step has two folds: First, the input gate (it) layer decides which values 

to be updated. Second, a tanh layer that creates a vector of new candidate values . 

These two folds can be described as follows: 
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    (2.15) 

   (2.16) 

 

Then, update the old cell state, Ct-1 into the new cell state Ct, which can be given as: 

 

    (2.17) 

 

Finally, decide what is going to be produced as output. This output will be based on 

the cell state, but will be a filtered version. In this step, the output gate (ot) decides 

what parts of the cell state are going to be produced as output. Then, the cell state 

goes through tanh layer (to push the values to be between -1 and 1) and multiply it by 

the output gate as follows: 

 

    (2.18) 

    (2.19) 

 

From the previous six equations, the LSTM presents the following three groups of 

parameters: 

 Input weights: Uf , Ui , Uo , Uc 

 Recurrent weights: Wf , Wi , Wo , Wc 

 Bias: bf , bi, bo, bc  

  

In figure 2.9, the full diagram for LSTM for different time steps can be seen. 

 

 

Figure 2. 9 Full diagram of LSTM for different rime steps. 

 

As it is mentioned in previous pages, because data used for this study is time-

dependent sequencial and task of the model is forecasting which is a part of 



17 

 

supervised learning, neural networks algorithms that impelement regression 

algorithms are considered to use. Moreover, among those algorithms, LSTM, one of 

RNNs algorithm that solves vanishing gradient problem, is selected due to its 

performance for time-series sequential data. 

 

2.2 Machine Learning Tools 

 

In this study, keras machine learning machine learning library of Python 

programming language is used. Keras is a machine learning application 

programming interface written in Python, running on top of the machine learning 

platform TensorFlow. TensorFlow 2.0 is an end-to-end, open-source machine 

learning platform. [20]. For the problem in this project, TensorFlow platform has an 

open-source class [21]. 
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3. FLAT PLATE WING TRANSIENT GUST EXPERIMENT AND 

DATASETS 

 

Datasets used in this study are retrieved from Flat Plate Wing Transient Gust 

Experiment performed in Istanbul Technical University Trisonic Research 

Laboratory by Prof. Dr. Oksan N.L. Cetiner Yildirim and her crew. 

3.1 Experiment Architecture and Parameters 

 

In the experiment, there is a flat plate wing profile on which force measurements are 

made and there is another plate which causes a transient gust with rotating 180 

degrees around its center for 4 seconds. The flat wing’s chord length, thickness and 

depth are 100 mm, 5 mm and 200 mm respectively. The gust plate’s sizes are 100 

mm, 5 mm and 400 mm. The wing is places at a distance of 56.4 mm from the gust 

plate. Also, the velocity of the laminar flow is 0.1 m/s (Figure 3.1). 

 

 

Figure 3. 1 Flat Plate Wing Transient Gust Experiment Architecture 

  

Parameters of the experiment are Angle of Attack (AoA) and y-shift which is the 

distance between the gust plate center and the wing chord line at 0 degree AoA. The 

parameter AoA varies as 0,5,10,15,20,30 and 45 degrees. The parameter y-shift 

varies as 19,29 and 39 mm. For each combination, 5 runs are performed; so, in total 

there are 105 datasets. 
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3.2 Experiment Measurements and Datasets 

 

Normal force, axial force and side force on the flat wing are measured for 60 or 61 

seconds during the experiment and the results’ unit is Newton (N). Also, there are 

yaw moment, roll moment and pitch moment measurements; but, since only normal 

force values are used for this project, focus will be on them. Two dataset examples of 

the experiment can be seen in Figure 3.2 and Figure 3.3. 

 

 

Figure 3. 2 Normal Force Measurements (y_shift = 19 mm and AoA = 00 deg) 

 

 

Figure 3. 3 Normal Force Measurements (y_shift = 39 mm and AoA = 45 deg) 
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Since the data receving frequency is too high, which is 1000 Mhz, the graphs on 

Figure 3.2 and 3.3 looks noisy. Their smooth filtered versions can be seen in Figure 

3.4 and 3.5. 

 

 

Figure 3. 4 Normal Force Filtered Measurements (y_shift = 19 mm and AoA = 00 

deg) 

 

 

Figure 3. 5 Normal Force Filtered Measurements (y_shift = 39 mm and AoA = 45 

deg) 

 

The effect of the transient gust caused by the gust plate rotating between 5th and 9th 

seconds can be noticed in the graphs. This provides a machine learning model with 

being trained more well since it learns different cases. 
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4. TRAINING AND TESTING THE MODEL 

In this section, data preparation for the LSTM model is explained. Firstly, the Time 

Series data of the experiment expressed in Section 3 must be converted to a 

supervised learning data. Then, with this prepared data, the model is trained. Finally, 

with a test dataset predictions and tests can be implemented. 

4.1 Preparing Data and Tuning the Model 

 

A time series data is a sequence of numbers that are ordered by a time index. This 

can be thought of as a list or column of ordered values. For Flat Plate Wing Transient 

Gust Experiment one Time Series dataset example for y-shift = 19 mm and AoA = 0 

degree is shown in the Table 4.1. 

 

Table 4. 1 Time Series Data Example 

Time 

(s) 

Normal Force 

(N) 

0,001 0,007 

0,002 0,01 

0,003 0,009 

0,004 0,016 

0,005 0,017 

... ... 

60,096 0,008 

60,097 0,006 

60,098 0,007 

60,099 0,008 

60,1 0,007 

[60100 rows x 1 columns] 

 

Since a supervised learning problem is comprised of input patterns (X) and output 

patterns (y), such that an algorithm can learn how to predict the output patterns from 

the input patterns, Time Series data must be converted to a supervised learning data. 

After this conversion, the model can be trained and predict. 
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4.1.1 Input and Output Sequences 

 

For LSTM models which is a subset of RNNs, there are input sequences and out 

sequences because the order of the data is important. The example of conversion 

from time-series data shown in Table 4.1 to  supervised learning data is shown in 

Table 4.2. 

Table 4. 2 Supervised Data Example 

Input Sequence 
Output 

Sequence  

var1(t-100) var1(t-99) var1(t-98) ... var1(t-2) var1(t-1) var1(t) 
Time Step of the 

output (s) 

0.007 0.010 0.009 ... 0.010 0.013 0.010 0,101 

0.010 0.009 0.016 ... 0.013 0.010 0.017 0,102 

0.009 0.016 0.017 ... 0.010 0.017 0.025 0,103 

0.016 0.017 0.017 ... 0.017 0.025 0.021 0,104 

0.017 0.017 0.021 ... 0.025 0.021 0.026 0,105 

... ... ... ... ... ... ... 
 

0.009 0.004 0.002 ... 0.006 0.007 0.008 60,096 

0.004 0.002 0.001 ... 0.007 0.008 0.006 60,097 

0.002 0.001 0.004 ... 0.008 0.006 0.007 60,098 

0.001 0.004 0.002 ... 0.006 0.007 0.008 60,099 

0.004 0.002 0.004 ... 0.007 0.008 0.007 60,1 

[60000 rows x 101 columns] 

 In the example in Table 4.2, the input sequence length is 100 and output sequence 

length is 1. Basically, the dataset is prepared to predict one instant from 100 last 

instants. Naturally, since there is no last 100 moments for first 100 data, the number 

of rows of the supervised learning data is 100 less than the number of rows of the 

time series data. As it can be seen in Table 4.2, each data row  is 1 time step shift of 

the previous data row since the output sequence length is 1. In this study, the input 

sequence length will vary as 100,200 and 500 but the batch size of the output 

sequence remains fixed as 1. Also, the number of datasets used for training varies as 

1,2,4,8,12 and 24. One dataset is one run of the experiment and each dataset has 60 

or 61 seconds data. 
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4.1.2 Training and Predicting 

 

First the prepared data is split into input dataset and output dataset and each line of 

data has its own output (Figure 4.1). When the used number of datasets is more than 

one, each dataset is prepared as explained in section 4.1.1 and then they are all 

combined. The features of combinations are shown in  Table 4.3. 

LSTM model is defined with 50 neurons in the first hidden layer and Mean Absolute 

Error loss function and the efficient Adam version of stochastic gradient descent will 

be used. After setting the model, it is fitted with the prepared data. Time required for 

fitting the model increases in proportion to the number of datasets used. 

Data Number Output Sequence (Length is 1)

1 0.007 0.010 0.009 ... 0.010 0.013 0.010

2 0.010 0.009 0.016 ... 0.013 0.010 0.017

3 0.009 0.016 0.017 ... 0.010 0.017 0.025

4 0.016 0.017 0.017 ... 0.017 0.025 0.021

5 0.017 0.017 0.021 ... 0.025 0.021 0.026

... ... ... ... ... ... ... ...

59996 0.009 0.004 0.002 ... 0.006 0.007 0.008

59997 0.004 0.002 0.001 ... 0.007 0.008 0.006

59998 0.002 0.001 0.004 ... 0.008 0.006 0.007

59999 0.001 0.004 0.002 ... 0.006 0.007 0.008

60000 0.004 0.002 0.004 ... 0.007 0.008 0.007

Input Sequence (Length is 100)

 

Figure 4. 1 Split Input and Output Datasets 

 

Table 4. 3 Features of datasets 

Number 

of 

Datasets 

Parameters Number 

of run 

for each 
y-shift (mm) AoA (degree) 

1 19 0 1 

2 19-29 0 1 

4 19-29 0-5 1 

8 19-29 0-5-10-15 1 

12 19-29 0-5-10-15-20-30 1 

24 19-29 0-5-10-15-20-30 2 

   

After fitting the model, it is ready to make predictions. As a test data, parameters are 

defined as 39 mm y-shift and 45 degree AoA. Any dataset with these parameters is 

never used for training the model. The test data is converted from time series for to a 
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supervised learning form. To make preditictions, only input sequences of the test 

data are used and the real values and predicted values are compared. In Figure 4.2 

and 4.3 predictions for the test dataset can be seen for a model trained with 1 dataset. 

For this example, mean percentage error based on the full range is 3,29% and 

estimated time required is 89 seconds. These criterias will be explained in next 

section. 

 

Figure 4. 2 A model trained with 1 dataset. Predicted and Real Values for y_shift = 

39 mm and AoA = 45 dgree 

 

 

Figure 4. 3 A model trained with 1 dataset. Predicted and Real Filtered Values for 

y_shift = 39 mm and AoA = 45 degree 
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4.2 Results and Errors: 

 

LSTM models are trained with different number of datasets and with different input 

sequences lenghts. The number of datasets varies as 1,2,4,8,12 and 24 as shown in 

Table 4.3 and input sequences lenght varies as 100,200 and 500. Since the values of 

the datasets are so small, for the mean percentage error (MPE), the dominator is 

taken as the difference between maximum and minimum values of the test data. It is 

shown in Equation 4.1 where n is the output sequence lenght 

 

 

 

As it can be seen in Figure 4.4, the mean percentage error descreases as the input 

sequence lengt increases for a model trained with 1 dataset. 

 

Figure 4. 4 MPE-Input Sequence Lenght Graph 

 

Figure 4.5 shows that when MPE descreases when more datasets are used. This 

graph is for a model with a 100 lenght of input sequence. 

 



26 

 

 

Figure 4. 5 MPE-Number of Datasets Graph 

  

 

 Although MPE decreases as the number of datasets increases, estimated time 

required increases (Figure 4.6). The code of the model is run in a computer with i7-

6700HQ CPU and 12 GB RAM. 

 

 

Figure 4. 6 Estimated Time Required – Nubmer of Datasets Graph 
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For any input sequence lenght, with enough number of datasets, MPE decreases to 

same levels. However, to get MPE down to those levels, the model with longer input 

sequence length needs less datasets (Figure 4.7). Also, Estimated time required for 

each input sequence length is shown in Figure 4.8. 

 

 

Figure 4. 7 Number of Datasets – MPE Graph for each Input Sequence Length 

 

 

Figure 4. 8 Number of Datasets – Estimated Time Required (seconds) Graph for 

each Input Sequence Length 
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5. COMMENTS 

 

Massive amounts of data from experiments, field measurements, and large-scale 

numerical simulations has been collected in the field of Fluid Mechanics. 

Combination of proper ML algorithms for determined fluid mechanics problems and 

large databases obtained in the field of fluid mechanics can be used to understand, 

predict, optimize, and control flows.  

As a result, with LSTM machine learning algorithms and experimental 

measurements of fluid mechanics, predictions with under 1 percent error can be 

achieved. The most important part of setting a machine learning model is to prepare 

the datasets. In this study, time series data could be converted to supervied learning 

data. Errors of the model trained with this prepared data shows that MPE descreases 

as the input sequence lengt increases and MPE also descreases when more data is 

used. Although MPE decreases as the number of data increases, estimated time 

requirement increases. With enough amount of data for any input sequence length, 

MPE decreases to same levels. However, to get MPE down to those levels, the model 

with longer input sequence length needs less data. Also Estimated time requirement 

increas as the length of the input sequence and the amount of data increases. 

This study shows that a machine learning algorithms trained with aerodynamic forces 

datasets can actually forecast the gust with low errors before it occurs. This feautere 

can be used in aircrafts to take precautions. Differently, with collected data in civil 

aviation, defects of aircrafts can be predicted in advance. With another field of 

machine learning, reinforcement learning, systems that learn even how to fly by itself 

can be developed. 
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