Learning Model From Running Data

Yangge Li
li213@illinois.edu

Abstract

In this project, I going to show that neural network can be used to approximate dynamics
of system. I am going to approximate the dynamics of a vehicle through example running and
evaluate the performance of the model I obtained.

1 Introduction

System dynamic, the mathematical model of physical system, is a basic but essential element in
verification and control. Constructing such a mathematical model is often the basis of performing
verification task or controller design. The accuracy of the model can therefore directly influence
the performance of controller or results from verification.

Although it is always possible to come up with models for systems through physics law, the pro-
cess for computing such models can always be time consuming and the calculated models may
not be accurate.

Motivated by the requirements for models, I plan to use a multi-layer deep artificial neural net-
work to solve the system identification problem. Since artificial neural network is able to approx-
imate highly nonlinear function that describes the relationship between input data and labels, it
can be a perfect candidate for solving the system identification problem.

In this project, I am using neural network to approximate dynamics of a vehicle. The neural net-
work is trained from example running data and can approximate the real dynamics of the vehicle
even with situation that is not presented in the training data. In addition, the neural network
should have a relatively simple structure with fewer hidden layer and hidden neuron in each hid-
den layer so that it is possible to further interpret the model.

In conclusion, the contributions of this project are the following

1. Show that neural network is able to approximate the dynamics of vehicle from example
running data.

2. Show that the model based on neural network is general enough so that it can handle situa-
tion that is not encountered during training.

3. Reduce the complexity of network such that it is possible to further interperate the model.


mailto:li213@illinois.edu

2 Related work

There exist some interesting works about using machine learning to approximate system dynam-
ics. In works from [1], an attempt had been made to try to control an autonomous helicopter to
perform wide range of maneuvers that only exceptional human pilots can perform. The result
from this work shows that the difficulty of modeling the dynamics of systems does not come from
stochasticity of the system or unconstructed noise since the system dynamics is preserved while
repeating the same maneuver. Instead, unobserved states or unknown parameters is making the
system model inaccurate.

Based on this observation, an attempt to use a Rectifies Linear Unit (ReLU) network model to rep-
resent the dynamics of a helicopter is presented in [5]. In this work, the ReLU network model is
compared with three base line models and the results show that the ReLU Network Model have
great improvements compared with prior state-of-the-art methods.

In works presented in [2], a Linear Quadratic Regulator (LQR) is designed based on a model for
quadrotor represented by a ReLU network with 1 hidden layer and 101 hidden neuron to control
the quadrotor to follow given trajectories. The result from this work shows that a neural network
based dynamic model can be used to synthesis controller for trajectories that is not presented in
the training set.

Inspired by the previous works, I believe it is possible to use neural network to approximate the
dynamics of vehicles with enough accuracy.

3 Problem Formulation and Method

In this section, I will talk about how the system identification problem is formulated and the
approach I am using to solve the system identification problem. Consider a system with state
variable s and input u, the dynamics of the system can always be written as

*é:f(sau) (1)

The system identification task is to find a function f such that given state variable s and input u,
the prediction error should be minimized.
However, since in reality, the data we collected is always discrete, the differential equation men-
tioned above can be changed to difference equation in following format with state variable s and
input u

st + 1] = s[t] + f(s[t], u[t]) = At (2)
In this case, the goal for the system identification task is to find a function f(st], u[t]) such that

given the current state information and current input, it can approximate the actual difference
f(s[t], u[t]) * At between current state and next state and therefore estimate next state §[t + 1]

8t +1] = s[t] + f(s[t], ult]) * At (3)

such that the difference between actual next state s[t + 1] and estimated next state §[¢t + 1] is mini-
mized. In this project, the function f(s[t], u[t]) will be represented by an artificial neural network.
The exact structure of the artificial neural network will be mentioned in the following sections.



4 System to be Identified

In this project, I plan to demonstrate the method I mentioned above by approximating the dynam-
ics of a vehicle from example running. To simplify the procedure of collecting data and verifying
result, I choose to use simulated data instead of running a real vehicle. The model I choose to sim-
ulate is the kinetic bicycle model from [4]. The dynamics of the dynamics bicycle model is given

by

& = vcos(Y + ) (4a)

y = vsin(+p) (4b)

% = sin(8) (40)

v=a (4d)
L

B = arctan(lf T tan(dy)) (4e)

The model have 4 state variables x, y, ¥, v. 2 and y are the coordinate of the center of mass of
the vehicle with respect to the world frame. 1 is the orientation of the vehicle with respect to the
world frame. v is the longitudinal speed of the vehicle. [, is the distance between the front wheel
of the center of mass of vehicle and similarly /, is the distance between rear wheel and vehicle
center of mass. [ is the angle between current velocity of the center of mass of the vehicle and
lognitudinal axis of the car. In the experiment, [, = 5and [y = 3

The model have 2 control inputs 6 and a. ¢ is the front wheel steering angle and a is the accelera-
tion of the vehicle. The turning angle ¢ is restricted such that —30 < 6y < 30. To slightly simplify
the project, we fixed initial velocity vy = 3 and set the acceleration of the vehicle to be 0 such that
the velocity of the vehicle v will always be 3.

5 Neural Network Structure

According to the method mentioned in previous sections, I am planning to use Neural Network
to approximate the dynamics of this model. The Neural Network I am using have 1 hidden layer
and 20 hidden neuron. Therefore, assume f is the input to the neural network, the function ap-
proximated by the neural network can be written down algebraically as following;:

f(B) = W5 ¢(W{ B+ Bi) + By )

Where W; and W is the weight for the first layer and second. B; and B is the bias vector for
the first and second layer. Function ¢(.) is the activation function. For this project, I have tried
using both ReLU and sigmoid function as the activation function and according to experiment
result, the ReLU function have better performance. Detailed explanation about the two activation
function and the comparison of effect of different activation function in this project in shown in 8.
In this project, the function f(3) represent function f(s[t], u[t]) that approximate function f(s|t], u[t]),
which is the difference between current state and next state given by
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The input to the Neural Network is a vector 8 = [s[t], u[y]] that contains the following value v, v,
a, dy. The position of the vehicle z, y is not included in the input to the Neural Network under
the assumption that the difference between current state and next state is not depending on the
position of the vehicle.

To improve the performance of the Neural Network, I choose to have separated network for each
state variable to be predicted. Since the system have 4 state variables z, y, 1, v, I trained 4 Neural
Network for each state variable to be predicted.

6 Training the Neural Network

6.1 Training data and label

The training data is obtained by running the model with fixed turning angle at 30, 20, 10, 0, -10,
-20, -30 degree for 120 seconds with the time step of 0.01s. The initial state for these trajectories
are g = 0, yo = 0, ¢p = 30°, and vy = 3. Some example training trajectories are shown in figure 1.
The training label [ is obtained by computing the difference between current state and next state
over the specified time step as shown below

_s[t+ 1] — s|t]

= 0.01 @

The procedure above gives me 83993 pair of training data and label.

6.2 Training configuration

All 4 Neural Networks for 4 state variables are trained with same settings. Training is per-
formed using optimization algorithm ADAM [3] with learning rate [r = le — 2 and weight_decay
weight_decay = le —5. In addition, a dynamic learning rate is implemented so that after every 100
training epoch, the learning rate will decay by factor of gamma = 0.995. The loss of each training
epoch is computed by calculating the total mean square error (MSE) between label and predicted
result.

The training process is performed for each neural network with whole training data set as input
for total of 40000 epochs. To achieve better performance, the 40000 epochs are divided into two
20000 epoch training sessions with the learning rate reset back to ir = le — 2 between two ses-
sions. The total amount of time for train the 4 neural network is 502.1 s. The configuration of the
machine performing training can be found at 8.

7 Experimental Results

7.1 Testing with Possible State and Input

To evaluate the performance of the neural network model I trained, I generate a wide range of pos-
sible state and input pairs and evaluate the value of function f(s[t], u[t]). I also evaluate the actual
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Figure 1: Example training trajectories

value of function f(s[t],u[t]). Then I calculate the difference between f(s[t], u[t]) and f(s[t], u[t]).



In all the 3 figures 2, 3, 4, I generate a grid for orientation 1) between 0° and 360° with 0.1° step

Error for all state variable estimation

| -
o
o
0.5
c 0.4
0 4--9
]
— 0.3
0.3 -8
02 5 0.2
0.1 _fE
45' 0.1
[t

Figure 2: Difference between predicted state variable difference and actual state variable difference

for different state and input pair
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Error for psi estimation
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Figure 4: Difference between predicted 1 difference and actual ¢ difference for different state and
input pair

and turning angle ¢ between —30° and 30° with 0.01° step. I calculated the value of F(s[t], ult]) at
each of the grid point with v = 3 and ¢ = 0 and also perform simulation at same grid point with
same velocity and acceleration to obtain the actual value of f(s[t], u[t]).

In the first plot 2, the vertical axis represent the L2 norm of the difference between actual value
and predicted value, more specifically || f(s[t],u[t]) — f(s[t], u[t])||2. In the picture we can notice
that the maximum difference between the estimated value and actual value is 0.586 at 1) = 359.9°
and ¢y = 29.99° and the average difference between the estimated value and actual value is only
0.0744. Therefore, we can see that for all possible state and input combination, the neural network
I trained can provide a relatively accurate prediction of the difference between current state and
next state.

In the second plot 3, the vertical axis represent 12 norm of the difference between predicted differ-
ence between next position and current position and actual difference between next position and
current position. The maximum value in this case is 0.585 at ) = 359.9° and §; = 29.99° and the
average is 0.0628.

In the third plot 4, the vertical axis represent the absolute value of difference between predicted
orientation difference Ad; and actual orientation difference At. The maximum difference is 0.178
at ¢ = 4.5 and 0y = 0.6 and the average value is 0.0299. One thing interesting to notice is that
the difference value is generally low all over the grid except when 6; = 0. In addition, the error
at ¢y = 30° and d; = Oo is relatively small and the error increase while ¢) deviate from 30°. The
reason for this observation is that in the training data set, when ¢ = 0°, there are only data points
with ¢ = 30°. Therefore, the trained model will not perform as good as when 1) = 30° and 6y = 0°
when 6y = 0° and v # 30° .

Another observations I have about the plots happen when §; — 30° and ¢» — 360°. When
dy — 30° and ¢ — 360°, the difference between predicted result and actual result increase. How-



ever, since in this case, the turning angle is not equal to 0, the orientation of the vehicle will keep
changing and therefore this error will not significantly influence the overall result predicted by
the neural network model.

7.2 Testing with Trajectories

To further test the performance of the neural network model I obtained. I compute trajectories
inductively using my model with random initial state and time varying input (turning angle)
between —30° and 30°.

Reference trajectories are obtained by performing simulation with same initial state and same
input sequence and is compared with the trajectory predicted by the neural network model.

Two example trajectories are demonstrated in this section and their results are analyzed. Both
trajectories are executed for 30s with time step of 0.01s. The initial state of the two trajectories and
their input sequence are shown below.

1. Trajectory 1
Initial state: g =0, yog = 0, g = 0°, vg = 3
Input values:

a=20 (8)
(28 fort <5
—15 fort>5andt < 10

0 =<¢16 fort>10andt < 15 9)

—27 fort>15andt < 20
16 fort > 20

2. Trajectory 2
Initial state: x¢g = 123, yo = 456, 19 = 201°, vg = 3
Input values:

a=20 (10a)

—20 fort <5

10 fort>5and ¢ < 10

23 fort >10and t < 15

5 = ort=-van (10b)
—17 fort>15andt < 20

0 fort >20and t < 25

—-30 fort > 25

Note that both of the above trajectories are not appeared in the training data set. In addition, some
of the input angle values are not presented in the training data set.

Figure 5 and 6 shows the position of the actual vehicle and the predicted vehicle. The blue
trajectory shows the position of the actual vehicle and the red trajectory shows the position of the
predicted vehicle. From the plot we can already see that the trajectory of the predicted vehicle
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Figure 5: Position of actual vehicle and predicted vehicle for trajectory 1
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Figure 6: Position of actual vehicle and predicted vehicle for trajectory 2

closely aligned with the trajectory of the actual vehicle. The neural network model I come up with
properly approximated the dynamics of actual vehicle.

Plot 7 and 8 shows the euclidean distance between the predicted position and the actual position
at each time step, which can be algebraically written down as

dist[t] = /(«[t] — 2[t])? + (y[t] - 9lt])? (11)

We can observe that the difference between predicted position and actual position of vehicle is
increasing over time. The reason for this observation to happen is that the predicted result is com-
puted inductively, i.e. the next predicted state is obtained from previous predicted state. There-
fore, the prediction error at each prediction will accumulate.

Figure 9 and 10 shows the fraction between the euclidean distance between the predicted position
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Figure 7: Position difference between actual vehicle and predicted vehicle for trajectory 1
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Figure 8: Position difference between actual vehicle and predicted vehicle for trajectory 2

and the actual position at each time step over the total distance the vehicle traveled, which can be
algebraically written down as

prasisie) = A= HD"+ I = )7 12)

In the plots, we can observed that except for the few initial time steps, which the distance the
vehicle traveled is relatively small and even a small error can cause a large frdist, the fraction
between error and the total distance the vehicle traveled is really small (less than 0.05). Also,
we can see that although in figure 7 and 8, the difference between actual position and predicted
position of vehicle is increase as the distance the vehicle traveled increase, the fraction value in
tigure 9 and 10 is not really increasing. This result shows that the neural network model I obtained
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Figure 9: Fraction of position difference over total distance traveled for trajectory 1
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Figure 10: Fraction of position difference over total distance traveled for trajectory 2

is able to properly approximate the dynamics of the real system with insignificant error.

8 Conclusions

Traditional method for performing system identification can be time consuming and may not be
accurate enough. In this project, I am using artificial neural network to approximate the dynamics
of the system and the result shows that artificial neural network have the ability to accurately ap-
proximate the dynamics of systems through simple example running data. In addition, even the
simplest feed-forward network with 1 hidden layer and 20 hidden neurons is able to properly ap-
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proximate relatively complex system dynamics. The experiment result also shows that the neural
network model have ability to handle situation that is not presented in the training data set which
indicates that the neural network model is general enough.

Despite the positive result from this project, there still several possible improvements.

1. One improvement to this project is to test the neural network system identification approach
on more complex system to show that the approach can be further generalized. Possible
candidates for such system are vehicles or quadrotors from gazebo simulator environment
or F1/10th small car or the gem car.

2. Another possible direction to improve the project is to test the robustness of the neural net-
work model by injecting noise to the training data set collected.

The results of this project can also lead to several possible new research directions.

1. It is possible to incorporate this neural network method for system identification with ver-
ification. On approach to achieve this is having a system generate example running data.
Then the neural network can learn the dynamics of the system and pass the learned model
to some verification engine for verification results.

2. Another interesting direction is to use learned neural network model in path planning or
controller synthesis. A model with good accuracy is necessary for path planner or controller
synthesizer to have good performance. Therefore, it is possible to train neural network to
approximate dynamics of system and perform path planning or synthesis controller for the
system based on the learned model.
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Appendix A: Discussion about activation function

In this project, I have tried ReLU and sigmoid as activation function for the neural network. The
ReLU function is given by

f(z) = max(0,x) (13)
The sigmoid function is given by
eIE
f@) = 5 (14

I trained the neural network model with the same training data set with two types of activation
function. With the trained model, I generate a grid for orientation v between 0° and 360° with
1° step and turning angle ¢y between —30° and 30° with step of 0.1°. I calculated the value of
f(s[t],ult]) at each of the grid point with v = 3 and a = 0 and also perform simulation at same
grid point with same velocity and acceleration to obtain the actual value of f(s[t], u[t]).

Figure 11 shows the 12 norm of the difference between predicted position difference and actual
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Figure 11: Difference between predicted position difference and actual position difference for two

types of models

position difference. The model with ReLU as activation function have maximum error as 0.551
and average error as 0.0626. The model with sigmoid as activation function have maximum error
as 0.170 and average error as 0.0118. We can see that the model with sigmoid as activation function
have slightly better performance when predicting the position of the vehicle.

Figure 12 shows the absolute value difference between the predicted orientation change and
actual orientation change. The model with ReLU as activation function have maximum error as
0.164 and average error as 0.0299. The model with sigmoid as activation function have maximum
error as 1.981 and average error as 0.438. We can see that the model with ReLU as activation
function can properly predict the difference between current state and next state at all possible
state and input pair. However, the sigmoid function performs well when the input value ¢ have
values of —30°, —20°, —10°, 0°, 10°, 20°, 30°, which are the input values in the training data set.
In between these data input values, the prediction error increase tremendously. These prediction
error will influence the performance of the sigmoid model and make the model less accurate than
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Figure 12: Difference between predicted v difference and actual v difference for two types of
models

the ReL.U model.

Appendix B: Machine Configuration

The training of the neural network is completed on the computer with following comfiguration:

Neural Network Framework: Pytorch 1.3.0
Cuda version: V10.1.243

Operating System: Windows 10

Processor: Intel Core i7-7700K @4.20GHz
Memory: 32GB

GPU: NVIDIA GeForce GTX 1070
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