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Abstract

Adaptive cruise control (ACC) systems are designed to provide longitudinal
assistance to enhance safety and driving comfort by adjusting vehicle velocity to maintain a
safe distance between the host vehicle and the preceding vehicle. Generally, using model
predictive control (MPC) in ACC systems provides high responsiveness and lower
discomfort by solving real-time constrained optimization problems but results in
computational load. This paper presents an architecture of deep learning based on model
predictive control in ACC systems to avoid real-time optimization problems required by
MPC, which in turn, reduces computational load. The learning dataset is acquired from the
simulation data of the input/output of the MPC controller. We designed the proposed deep
learning controller using long short-term memory networks (LSTMs) and simulated it in
MATLAB/Simulink using the vehicle's characteristics from the advanced vehicle simulator
(ADVISOR). Finally, the safety and driving comfort are compared with the PID-based
control to demonstrate the performance of the proposed deep-learning architecture.
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I INTRODUCTION

Every year, around 20 to 50 million people suffer from injury and disability from road traffic crashes and
approximately 1.35 million deaths [1]. The most common type of road traffic crash is rear-ended collision. It occurs
when a vehicle crashes into another vehicle in the front. Rear-ended collision accounts for 29% of all crashes and has
7.2% of fatality [2, 3], and most of them occur due to human error. Advanced driver-assistance systems (ADAS) are
automated systems developed to enhance safety and driving comfort by alerting, warning, assisting, or taking control
of the vehicle if necessary. ADAS vehicles are integrated with modern technology, such as sensors and cameras to
detect anomalies or obstacles and respond accordingly or alert drivers through a human-machine interface [4].

One of the most important features of ADAS is adaptive cruise control (ACC). ACC is a longitudinal control
system that can automatically adjust vehicle velocity to maintain a safe distance between the host and the preceding
vehicle. The behavior of the system can separate into two modes — cruise mode and following mode. In cruise mode,
in the absence of the preceding vehicle, it acts like conventional cruise control by maintaining the driver’s desired
constant velocity. However, when its sensors, either radar, lidar, or even camera, detect a preceding vehicle that moves
slower than its cruise velocity, it will enter the following mode by braking or accelerating to adjust its speed to maintain
a safe distance.

In the ACC systems, there is an essential part called the spacing policy, it refers to the desired spacing distance
between the host and preceding vehicle during vehicle following. The spacing policy of an ACC system is the key to
satisfy not just the safe distance but also various aspects such as traffic capacity, energy consumption, driving comfort,
and safety [5, 6]. To achieve these goals, many approaches have been done to improve the spacing policy [7, 8, 9].
However, the current policies cannot satisfy stability, safety, and comfort at the same time, so some trade-off must be
made [10]. To ensure that specification is met, an appropriate controller is needed.

In general, the ACC system consists of at least two levels of controller [11] — a lower-level controller and an upper-
level controller. The lower-level controller determines throttle and brake commands from vehicle dynamics and
driveline dynamics data to track the desired acceleration. And the upper-level controller determines the desired
acceleration to ensure that the spacing stability as mentioned is met. There is plenty of research on ACC that has been
done by applying a different control approach, PID-based control [12, 13, 14] is the most commonly used. Besides
PID, there are also fuzzy logic controls [15, 16], model predictive control (MPC) [17, 18], and even neural networks
(NN) [19, 20, 21] that have been proposed in recent literature.

The MPC controller has been used in the industrial process since the 1980s, as the name suggests, is a feedback
control method that relies on a model of complex dynamical systems and a real-time optimization solver. Until now,
there is much research related to longitudinal control using MPC — stop and go [22], energy-optimal [23], safety
guarantee [24], and multi-objective [25, 26, 27]. The advantages of using MPC in the ACC systems are — it is easy to
achieve precise and optimal control, capable of real-time multi-objective optimal control, and even provides high
responsiveness during traffic jams [28, 29]. This is due to its capability of optimizing a finite time horizon, handling
multiple input/output (MIMO), and constraints in a receding horizon.

In recent years, deep learning has been in the spotlight of a wide range of systems and applications. Deep learning
is a part of machine learning (ML) methods based on artificial neural networks (ANN) with representation learning
[30]. The word “deep” in deep learning refers to the use of multiple layers and neurons between the input and output
layers of the network, which significantly improve learning performance and accuracy. With that, Deep learning can
resolve various large complex applications, features, or problems such as speech recognition [31], handwriting
recognition [32], and even forecasting [33] et cetera. This has led to the increasing research on deep learning in the
ACC systems [34, 35, 36].

With the advantage and robustness of MPC in the ACC system and the upcoming development of deep learning,
this research aims to investigate the performance of deep-learning model predictive control (DMPC) for ACC systems.
Several pieces of research have implemented deep learning from MPC and point out that DMPC can reduce
computational load, maintain robustness, and compute faster in a dynamical real-time environment [37, 38, 39]. We
designed and simulated the proposed model in the MATLAB/Simulink environment. For a better simulation result,
the vehicle dynamics model needs to be as realistic as possible. To reduce the complication of designing vehicle
dynamics models, we used the vehicle models from advanced vehicle simulators (ADVISOR) and integrated them
with a constant time-headway (CTH) policy to create the ACC systems. Then, we designed the MPC controller that
is capable of achieving optimal control performance. After that, we trained the deep learning model via supervised
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learning from MPC’s simulated input and output data. Finally, we demonstrated the comparison of the PID and
DMPC-controlled ACC systems is shown to demonstrate the performance of the proposed controller.

IL. MODEL PREDICTIVE CONTROL DESIGN

A. State-space model for ACC system
The vehicle dynamics model is needed when designing, analyzing, and simulating an MPC controller. In fact, the
dynamics of vehicles are nonlinear. The characteristics such as engine, transmission, brake, and drag force are all
nonlinear. The dynamics between input — desire acceleration a4, and output — actual acceleration a can be described
as an ordinary differential equation [17]:
Ky
= sy Yes: ®
where K is the system steady-state gain and T, is the time constant of acceleration using the engine. For ACC systems,
the inter-vehicle dynamics state variables are defined as — inter-velocity error Av and inter-distance error Ad:
AV = Vigga = Vfoliow- (2)
Ad = dye; — dggfe- (3)
where Vjpqq and Vgey 0, are velocity of the lead and follow vehicle respectively. The d,..; and dgqf, are inter-vehicle
relative distance and inter-vehicle safe distance given by:

dyer = f Av(t)dt. 4)

dsafe = Vrouowtn + dinin- (5)
where t;, is the constant time-headway and d,;, is the minimum stopping distance at zero velocity. With the
formulation of (1), (2), and (3), the continuous-time state-space model of ACC systems can be formulated as [29]:

x = Ax + Bu+ Gv + Hw. (6a)

y=Cx+Jw. (6b)
where

A=01—-1t,00 100_1]3—[00KL]G—[OlO]H—[thlo]C—l —[001] (7a)
- h TLI - TLJ - ’ _mm )’ _3X3']_ m! a

x=[AdAvalu = ages, V = Qreaas W = Traver, Yy = [Ad Av a ] (7b)
where x represents state variable of the control system which include Ad, Av and a, u represents control input @z,
v represents disturbance of the system which is acceleration of lead vehicle aj.qq, W represents unmeasured
disturbance which is travel resistance 7;,.4,¢; and y represents output variable Ad, Av and a.

B. Model predictive control

Most of the MPC algorithms are usually designed and implemented in the discrete-time domain. So, the state-
space model in equation (6) needed to be transformed into discrete-time state space model, yielding

x(k + 1) = Ax(k) + Bu(k) + Gv(k) + Hw(k). (8a)

y(k) = Cx(k) + Jw(k). (8b)

MPC solves an optimization problem — specifically, a quadratic program (QP) at each control interval. The solution

determines the control input u to be used in the plant until the next control interval. This research uses MPC

architecture from MATLAB’s Model Predictive Control toolbox [40]. The control input u can be calculated by solving

the constrained optimization problem below in every time step:

p-1
J(z) = Z{[e§ (k +D)Qey(k + D] + [ef (k + DRy e, (k + D] + [Au” (k + DRy dulk + D}+pec?.  (9)
i=0

Subject to:
Ymin < Yj(k + llk) < Ymax (10a)
Uin S Uk +i—11k) < Upax (10b)
Ay < Au(k +i—1|k) < Aupgy (10¢)

where z, is QP decision of control input given by:
zl = [ulkl)T ulk + 1|1k)T - uk+p—11k)T g 1. (11)
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where p is the prediction horizon, k is the current control interval. Q, R,,, and R,,, are positive-semi definite weight
matrices for the following error. e,,, e, and Au is error tracking of output, control input, and control input rate, which
can be described as:

ey(k+10) =S, [r(k +i+11k) — y(k + i + 1]k)]. (12a)
ey (k + 1) = S; [uearger (k + ilk) — u(k + i[K)]. (12b)
Aulk +10) = S ulk + ilk) —ulk + i — 1]k)]. (12¢)

where S, and S, are the scaling factor in the engineering unit of output and input respectively, 7 is the reference value
of plant output, ¥ is plant output and Ugrge; is the target value of control input. The term pe&t in (9) is for constraint

softening in case of an unavoidable constraint violation, where p, is constraint violation penalty weight and & is a
slack variable.

III. DEEP-LEARNING ARCHITECTURE

A. Long short-term memory (LSTM) layer

Long short-term memory networks (LSTMs) are a special kind of recurrent neural network (RNN) which is one
of the deep-learning architectures. It was introduced in 1997 by Sepp Hochreiter and Jiirgen Schmidhuber. It was
designed to handle long-term dependencies between input and output.

The LSTM unit is composed of a memory cell illustrated in Figure. 1 which contains three gates — forget gate,
input gate, and output gate that control the flow of information into or out of the cell.
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Figure 1: LSTMs cell adapted from [37]
The forget gate’s activation, f, € R", determine how much information is allowed to pass through the next cell
state C;. Forget gate’s activation can be described as:
fi = o(Wpx, + Rehy_q + by). (13)
where o is the gate activation function of the sigmoid function, x, € R% is the cell input vector, h,_; is the past hidden
state, W € R"*@ and R € R™*" are input and recurrent weights matrices respectively and b € R" is the bias vector.
The superscripts h and d refer to the number of hidden units and number of input features respectively.
The input gate’s activation or update gate, i, € R", determine which new information will be updated with cell
candidate g, € R". Input gate’s activation and cell candidate can be described as:
ir = o(Wix; + Rihi_, + by). (14a)
g: =tanh tanh(ngt + Rghiq + bg). (14b)
where tanh is the state activation function of the hyperbolic tangent function.
The old cell state, C,_;, can now be updated into a new cell state, C, € R", by using information from forget gate
and input gate as shown in the equation below:
Cr = ftCroq + 1e gt (15)
The output gate’s activation vector, o, € R", determines how much information will be passed to the next layer
via the output vector, h, € R", also known as the hidden state. The output gate’s activation and hidden state can be
described as:
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Ot = O-(VVoxt + Roht—l + bO)' (1661)
h; =tanh o, tanh(C,) . (16b)

B. Regression layer

A regression layer computes the half-mean-squared error loss for regression tasks. For a single observation, the
mean-squared-error is given by:

R 2
MSE = Z % (17)

where R is the number of responses, t; is the target output, and y; is the network’s prediction for response i.
For sequence-to-sequence regression networks, the loss function of the regression layer is the half-mean-squared-
error of the predicted responses for each time step, not normalized by R:

S R
1 2

i=1j=1
where S is the sequence length.

Iv. METHOD&SIMULATION

This section demonstrates the research approach and simulation results of the MPC and DMPC. We designed and
simulated them in the MATLAB/Simulink environment. The simulation is performed with five vehicles. We
implemented the vehicle’s characteristics from ADVISOR, all vehicles are initially stopped and the initial inter-
vehicle distance is 5 m. Then, the preceding vehicle accelerates following the driving cycle EUDC (extra-urban driving
cycle).

Since deep learning is a learning-based architecture, training data is needed. In this study, we chose the MPC as a
teaching model of the ACC system to create the training data for the deep learning model to learn. We first designed
an MPC controller using the MPC controller block provided by the MPC toolbox. We used Equation (7) as the internal
plant model of the MPC. Table 1 shows the parameters of the MPC and vehicle dynamics.

Table 1 The parameters of system model

Parameter Value Parameter Value
K, 0.46 Q [10.11]
T, 0.732 R, 0
t, 1.35 Ry 0

dmin 1 Ymin ['1 -5 '3]
Ts 0.1 Ymax [1 5 amax]
p 10 Unin -3
c 1 umax amax
S, [2 10 8] Auyin -1.5
Su [881] Mty L5

Using the above parameters, we designed and simulated the MPC-controlled ACC system. Figure 2 shows the
results of the simulated MPC controller. The figures show the result during the first 150s of the EUDC. Each figure
shows, from left to right, (a) the velocity of each vehicle, (b) the acceleration of each vehicle, and (c) the inter-vehicle
following distance error. It is illustrated that the designed MPC controller is capable of controlling the ACC systems
as the system output converges to zero and constraints are satisfied. Then, we collected the manipulated variable
against the input disturbance and output variables and recorded it for the deep learning training.
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Figure 2: The simulation results of MPC. (a) velocity of each vehicle, (b) acceleration of each vehicle and (c) inter-
vehicle following distance error.

We designed the deep-learning model using a deep learning toolbox [41]. Figure 3 illustrates the architecture of
DMPC, which we designed to correspond to the architecture of the MPC. The model has two inputs and one output —
output variables, input disturbance, and manipulate variable respectively.

Figure 3: Network layers of deep model predictive control

Since the model has two inputs, LayerGraph is used to create the initial network. The input layers of the network
are designed using the feature input layer, namely - input disturbance and output variable. The input disturbance has
one feature and the output variable three features corresponding to ACC systems outputs — Ad, Av, and a. Then, each
input layer is connected with the LSTM layer with 200 hidden layers before summing into one element with the
addition layer. Then, merge into a single output by the fully connected layer. Finally, the network output is connected
with the regression layer named manipulated variable.

And finally, we trained the deep-learning model from the recorded data of the MPC, the driving cycle of WLTC-
Class 3 (Worldwide harmonized Light-duty vehicles Test Cycles). We used an Adam optimizer with 20 epochs for
the training. The RMSE and loss at the end of the iteration are 0.0123 and 0.0001, respectively.

Then, we deployed the DMPC controller for the ACC systems. Figure 4 illustrated the simulation results during
the first 150s. Each figure shows, from left to right, (a) the velocity of each vehicle, (b) the acceleration of each vehicle,
and (c) the inter-vehicle following distance error. It can be seen that the DMPC controller can successfully learn the
necessary control action from the MPC. Furthermore, the vehicle that uses the DMPC controller has smoother
acceleration, especially during the transition from the initial condition.

150
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Figure 4: The simulation result of DMPC. (a) velocity of each vehicle, (b) acceleration of each vehicle and (c) inter-
vehicle following distance error.
V. RESULT&DISCUSSION
This section demonstrates the performance of the DMPC controller compared with the PID-based controllers in
the aspects of safety and comfort [36]. For the evaluation of the performance of the proposed controller, we simulated
each controller with the driving cycle of the federal test procedure (FTP-75). Figure 5 and Figure 6 show the result in
terms of safety and comfort index, and Table 2 shows the root means square (RMS) of the performance.
Figure 5: Comparison of safety index.
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Figure 6: Comparison of comfort index.
Table 2: RMS of control performance.
Control scheme | o tune-PID PSO-PID GWO-PID DMPC
Performance index
Safety 0.0335 0.0035 0.0037 0.0009
Comfort 4.2689 0.9316 0.9025 0.7751
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The safety index is a ratio between relative distance and safe distance. Hence, in Figure 5, the safety index is

relatively high when the lead vehicle suddenly accelerates and causes a sudden change in the relative distance while
the safe distance remains the same, especially when the lead vehicle accelerates from stationary.

The comfort index is a function of distance error, time-to-collision, and acceleration. Unlike the safety index, the

starting position of the vehicles can cause the comfort index to be higher since the initial distance error is high.
Furthermore, both acceleration and deceleration also affect the change in comfort index.

From the results, it shows that the overall performance of the proposed DMPC controller outperformed other

controllers in safety and comfort whether during the acceleration or deceleration. The DMPC controller provides a
smoother and more efficient control response, which results in better acceleration, velocity, and distance error. Hence,
better safety and comfort.

Note that the above figures show that the performance of the PSO/GWO PID controller is close to the DMPC.

However, the PID-based controller has poor performance during the transition from stationary in the initial condition,
which causes the vehicle to accelerate at maximum and unstable acceleration, resulting in a higher comfort index.

Since the DMPC learned the control behavior from the MPC, it guaranteed that each control action on every

sampling time is optimal. However, instead of optimizing each control action in real-time like MPC, DMPC selected
the optimal response from the relation between input data. Hence, the DMPC provides the optimal control action
without solving real-time optimization, which makes it more powerful than the MPC.

VL. CONCLUSION

In this paper, we designed the deep learning controller based on model predictive control to explore the capability

of the deep learning controller in ACC systems. We trained the controller via supervised learning from generated data
of MPC. The simulation shows that the proposed DMPC controller can successfully learn all of the control responses
and behavior from the MPC. By this, the DMPC can provide the control behavior of the MPC but without the need to
solve real-time optimization, which greatly reduces the computational load and provides smoother responses. To
further investigate the control performance of the DMPC for ACC systems, we compared the DMPC to various types
of optimized PID-based controllers. It shows that the DMPC controller yields better performance in both safety and
comfort. It increases safety and comfort by 97% and 81% compared to autotune-PID and 75% and 14% compared to
GWO-PID.

As for future tasks, the DMPC controller should achieve a higher level of automation by considering cooperation

with a lateral control system and verifying the control performance with real-world experiments.
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