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Abstract: This paper presents control algorithms enabling autonomous heterogeneous trucks to1

drive in platoons. Heterogeneous trucks imply that the hardware information (e.g., truck length,2

break, accelerator, or engine) of a truck may be distinct from that of another truck. We define a3

platoon as a collection of trucks where a manually driven truck (leader truck) is followed by several4

automatically controlled following trucks. The proposed approach is to make every autonomous truck5

keep following the leader’s trajectory while maintaining a designated distance from its predecessor6

truck. As far as we know, this paper is unique in developing both lateral maneuver and speed control7

considering a platoon of heterogeneous trucks. The efficiency of the proposed approach is verified8

using simulations.9

Keywords: platoon of heterogeneous trucks; lateral maneuvers; longitudinal maneuvers; truck10

platoon; multi-agent systems; autonomous trucks;11

1. Introduction12

This paper is on developing technology that enables autonomous heterogeneous trucks to drive in13

platoons. We define a platoon as a collection of trucks where a manually driven truck (leader truck) is14

followed by several automatically controlled following trucks. It is well known that a truck platooning15

can reduce fuel consumption of a following truck considerably [1–3].16

In the literature on autonomous cars, many works have been done on tracking a curve (lane for17

autonomous cars) while avoiding collision assisted by various sensors [4–9]. Specifically, [4] proposed18

a lane detection algorithm based on Support Vector Machines (SVM) classifier, and splines based lane19

model combined with Kalman filters was used for the tracking algorithm. [5] presented a method of20

detecting and tracking the boundaries of drivable regions in a road without road-markings. Using21

vision sensors, an autonomous truck can follow a lane. However, vision sensors may not work in the22

case where a lane is not clearly visible. Moreover, there may be a case where a vision sensor on an23

autonomous car is disabled.24

This paper considers the scenario where the leader truck is driven by a trained truck driver. A25

trained driver has the ability to perform reliable driving in unstructured environments. For instance,26

a human driver can control a truck even in environments where there is no lane. Thus, this paper27

considers the scenario where the leader truck is driven by a trained truck driver. Then, all autonomous28

trucks follow the leader’s trajectory.29

In summary, driving in truck platoons has the following benefits: 1. fuel consumption decreases30

compared to the case where the trucks do not form a platoon. 2. the trained truck driver can lead the31

platoon even in unstructured environments.32

There are many papers on control of truck platoon [1–3,10–15]. [16] showed that limiting truck33

platoons on the special lane can higher the average speed of traffic flow and reduce the lane changing34

frequency.35
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An autonomous truck must change its speed to maintain a designated distance with its36

predecessor truck. Controlling the speed of a truck is called the longitudinal control of the truck.37

Many papers handled longitudinal control of truck platoon [1,11–15,17,18]. Longitudinal control38

was developed based on a distributed controller known as Cooperative Adaptive Cruise Control39

(CACC) [19]. [20] considered both communication and parasitic delays in the design of longitudinal40

control of truck platoon. Considering longitudinal control, the authors of [10,21] analyzed the string41

stability of platoons of Adaptive Cruise Control (ACC) trucks. [22] used consensus control strategy42

for longitudinal control of truck platoons. The consensus control is used to make the speed of every43

vehicle converge to the speed of the leader.44

In [23], the problem of longitudinal control of networked intelligent vehicles with external45

disturbance and network-induced disturbance was studied. [24] present a two-layered hierarchical46

framework for truck platoon speed control: a speed planning layer for en route speed profile calculation47

and a control layer for vehicle speed tracking. [25] handled the adaptive longitudinal control of 1-D48

platoon of non-identical (heterogeneous) vehicles.49

In practice, truck platoon must perform lateral maneuver as well as speed control. Suppose that50

the leader finds an obstacle ahead of it. In this case, the leader avoids the obstacle by changing its lane.51

Then, the following autonomous trucks need to change their lanes to avoid the obstacle. This implies52

that both lateral maneuver and speed control are crucial for truck platoon control. Thus, this paper53

integrate both lateral maneuver and speed control of truck platoon.54

In this paper, the following trucks follow waypoints along the trajectory of the leader. The yaw of55

an autonomous truck is controlled to make it visit the leader’s waypoints sequentially. As the leader56

changes its lane to avoid collision with an obstacle in front of it, every following truck changes its57

lane by following waypoints of the leader. Also, we control the speed of each truck so that every58

autonomous truck keeps following the waypoints while maintaining a designated distance from its59

predecessor truck.60

As far as we know, this paper is unique in handling both lateral maneuver and speed control61

considering heterogeneous trucks. Heterogeneous trucks imply that the hardware information (e.g.,62

truck length, break, accelerator, or engine) of a truck may be distinct from that of another truck. This63

is a feasible scenario, since the functionality of a truck’s hardware system (e.g., break, accelerator, or64

engine) gets worse as time goes on. Thus, we argue that no two trucks are identical in practice. Also,65

there may be a practical scenario where we need to use various trucks with distinct size.66

This paper presents both lateral maneuver and speed control considering heterogeneous trucks.67

The efficiency of the proposed approach is verified using simulations.68

This paper is organized as follows. Section 2 presents definitions and assumptions used in the69

paper. Section 3 presents the multi-vehicle control proposed in this paper. Section 4 presents MATLAB70

simulations to verify the effectiveness of our control laws. Section 5 provides Conclusions.71

2. Definitions and Assumptions72

Suppose that there are N heterogeneous trucks. pi denotes the i-th truck (i ∈ {1, 2, ..., N}). The73

predecessor of pi+1 is pi. p1 is the leader truck driven by a trained truck driver.74

We consider discrete-time systems. Let T denote the sampling interval. The subscript k denotes75

the time step k. Pi
k denotes the position of the i-th truck at time step k.76

We consider the global coordinate system to present the motion model of a truck. The global77

coordinate of a truck pi is given by Pi
k = [xi

k, yi
k]

T , while its orientation in the global frame is represented78

by ψi
k. In the body frame of pi, δi

k is the steering angle of the truck at time step k.79

The truck’s speed at time step k is si
k in the truck’s x-direction (body frame), and zero in the80

y-direction (body frame), since this paper assumes that the wheels cannot slip sideways [1].81
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If the front wheel is located at distance Li from the rear wheel along the orientation of the truck pi,
then the Ackermann Steering model[26] is

xi
k+1 = xi

k + T ∗ si
k ∗ sin(ψi

k),
yi

k+1 = yi
k + T ∗ si

k ∗ cos(ψi
k),

ψi
k+1 = ψi

k + T ∗ si
k

Li tan(δi
k).

(1)

In Ackermann steering model, each wheel has its own pivot point and the system is constrained in82

such a way that all wheels of the car drive on circles with a common center point, avoiding skid [26].83

We acknowledge that in the case where slip sideways are allowed, more complicated truck models in84

[27–29] are required. However, as we consider slip sideways, we need to set various parameters, such85

as the truck mass or inertia.86

Considering heterogeneous trucks, each truck has distinct motion model from other trucks.87

Setting complicated models for each individual truck is time-consuming, and a truck’s model may88

not represent the true dynamics of the truck as the truck runs a longer distance. For instance, the89

functionality of a truck’s hardware (such as engine, accelerator, or braking system) gets worse as time90

goes on. Also, various road (or tire) situations may make effects on slip sideways. Accurate motion91

modeling in various environments may be impossible in practice.92

(1) can handle heterogeneous trucks by allowing Li 6= Lj for j 6= i. Li 6= Lj implies that the length93

of the i-th truck is distinct from that of the j-th truck. Thus, this paper uses (1) as the motion model of94

each heterogeneous truck.95

A car cannot arbitrarily change its speed within one time step. Thus, let ai
A denote the maximum

acceleration of a truck pi. Also, let ai
D denote the maximum deceleration of pi. Here, ai

A and ai
D are

determined by hardware information of pi, such as engine, accelerator, or braking system of pi. This
implies that

si
k−1 − ai

D ∗ T ≤ si
k ≤ si

k−1 + ai
A ∗ T. (2)

(2) presents the feasible range of si
k considering the maximum acceleration and deceleration of pi. The96

maximum speed of pi is si
M, i.e. si

k ≤ si
M for all k.97

Considering heterogeneous trucks, ai
A 6= aj

A (∀j 6= i) is feasible. Also, ai
D 6= aj

D (∀j 6= i) is feasible.98

This is due to the fact that the hardware information (such as engine or braking system) of pi may be99

distinct from that of pj.100

A car cannot change its heading abruptly between adjacent time steps, due to the car’s geometry
such as the maximum steering angle of the car. Let ψ̇i

M present the maximum yaw rate of pi. We have

‖ψi
k+1 − ψi

k‖ ≤ ψ̇i
MT. (3)

Let δi
M denote the maximum steering angle of a truck pi. Then, ψ̇i

M is derived as

ψ̇i
M =

si
k

Li tan(δi
M). (4)

This implies that as the length of a truck pi increases, the maximum yaw rate of pi decreases. Also, as101

the maximum steering angle of pi increases, the maximum yaw rate of pi increases. Since we consider102

heterogeneous trucks, Li 6= Lj (∀j 6= i) is feasible. Thus, ψ̇i
M 6= ψ̇

j
M (∀j 6= i) is also feasible.103

3. Multi-vehicle control104

This paper considers the scenario where the leader truck is driven by a trained truck driver. Our105

approach is to make all trucks follow the leader’s trajectory.106

Whenever the leader travels Th meters, the leader’s position is stored as waypoint for the following107

trucks. Let Wm denote the m-th waypoint. This implies that waypoints are generated as W1, W2, ...,108

in this order. The distance between Wm and Wm−1 is Th by its definition. Also, as a waypoint Wm is109
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generated, we generate the curvature of the leader’s path at the point. This curvature can be derived110

using the steering input of the leader at the point. Let Km denote the curvature at Wm.111

An autonomous truck keeps tracking the leader by following the waypoints of the leader.112

Whenever a following truck’s distance from a waypoint Wm−1 is less than Th, the truck heads towards113

the next waypoint Wm.114

Using V2V communication [30], the leader’s information (Wm and Km) is transmitted to every115

following truck. At each time step k, the leader’s information (Wm and Km) is transmitted to every116

other truck in real time.117

3.1. Longitudinal control118

We describe how to control the speed of each truck for longitudinal control of the truck. The119

leader is controlled using ACC so that it maintains a constant speed. Also, the speed of a following120

autonomous truck is controlled to maintain a desired distance (reference platooning distance) from its121

predecessor truck.122

The reference platooning distance at time step k for a truck pi is denoted as di
k. This implies that123

the desired distance between pi and pi−1 at time step k is di
k.124

The main source of time delay between trucks is from the parasitic time delay induced by the125

mechanical systems and the communication delay generated by the communication and computing126

devices. We assume that the time delay in communication between the leader and a truck pi is bounded127

by a certain constant, say td.128

The travel distance of pi within td seconds can be estimated as td ∗ si
k. In order to avoid collision

due to delayed communication, the reference distance di
k is set as a bigger value than td ∗ si

k. Also, we
set the lower bound for di

k for the safety of trucks. Let minD > 0 present the lower bound for di
k. We

use
di

k = g ∗ td ∗ si
k + minD. (5)

Here, g ≥ 1 and minD are positive constants. As the speed of a truck converges to s1, di
k converges to129

g ∗ td ∗ s1 + minD, which is a positive constant. This separation change approach in (5) was inspired130

by the constant time headway spacing policy, which was also used in [21].131

Suppose that pi visited a waypoint Wn−1 and is heading towards the next waypoint Wn. The132

curvature at Wn−1 is Kn−1, and the curvature at Wn is Kn. Since pi and pi−1 are adjacent trucks, assume133

that both pi and pi−1 move along an arc path with radius, say R = 2
Kn+Kn−1

. See Figure 1. The arc path134

connecting pi and pi−1 is depicted with a bold arc in this figure.135

The distance between pi and pi−1 at time step k is Di−1,i
k = ‖Pi

k − Pi−1
k ‖. The arc angle associated

to Di−1,i
k is

θ = acos( 2R2−(Di−1,i
k )2

2R2 ). (6)

Recall that the desired distance between pi and pi−1 at time step k is di
k. The arc angle associated

to di
k is

θd =
di

k
R . (7)

At time step k, pi−1 moves along the arc path with speed si−1
k within one sampling interval. The arc

angle associated to the travel distance si−1
k T is

θs =
si−1

k T
R . (8)

Note that pi−1 is the predecessor of pi, thus it moves away from pi.136

At each time step k, the i-th truck sets its reference speed, say ri
k, as follows.

ri
k = (θ − θd + θs) ∗

R
T

. (9)
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pi

pi−1

Di−1,i
k

R = 2
Kn+Kn−1

θ

dik

θd

Figure 1. Since pi and pi−1 are adjacent trucks, assume that both pi and pi−1 are on an arc path with
radius, say R = 2

Kn+Kn−1
. The arc path connecting pi and pi−1 is depicted with a bold arc in this figure.

In the case where both pi and pi−1 move along a straight path, R in (6) is ∞. (9) is not well-defined
in this case. In the case where both pi and pi−1 move along a straight path, the following equation is
used to set the reference speed ri

k.

ri
k =

Di−1,i
k − di

k + si−1
k T

T
. (10)

Recall that the leader is controlled using ACC so that it maintains a constant speed. While the
leader moves using ACC, we set the bound for ri

k as

ri
k ≤ γ ∗ si−1

k . (11)

This implies that if ri
k using (9) or (10) is above γ ∗ si−1

k , then we set

ri
k = γ ∗ si−1

k . (12)

(12) implies that the reference speed of pi cannot be much faster than the speed of pi−1. The effect137

of changing γ is analyzed in Section 4.138

The reference speed ri
k is used to change the speed of the truck at each time step. In the case where

ri
k > si

k−1 + ai
A ∗ T, the reference speed ri

k cannot be reached within one time step. Thus, we use

si
k = si

k−1 + ai
A ∗ T. (13)
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In the case where ri
k < si

k−1 − ai
D ∗ T, ri

k cannot be reached within one time step. Thus, we use

si
k = si

k−1 − ai
D ∗ T. (14)

Otherwise, the reference speed ri
k can be reached within one time step. Thus, we can set

si
k = ri

k. (15)

3.2. Lateral control139

We describe how to control the lateral maneuver of each truck. Consider the case where pi at time
step k heads towards a waypoint whose coordinate is (xd, yd). The reference yaw angle Ψi

k is calculated
as

Ψi
k = tan−1 yd−yi

k
xd−xi

k
. (16)

At each time step k, we control the yaw of pi so that it converges to the reference yaw angle Ψi
k.140

Recall Ψi
k is set to make the truck head towards the next waypoint. Let eψ = Ψi

k − ψi
k for convenience.141

We change eψ so that it exists between −π and π. We use

eψ = tan−1(sin(eψ)/ cos(eψ)). (17)

Recall that ψ̇i
M =

si
k

T∗Li tan(δi
M) denotes the maximum yaw rate of a truck pi. If ‖eψ‖ > ψ̇i

M ∗ T,
then we set the steering angle as

δi
k = sign(eψ) ∗ δi

M. (18)

The third equation of (1) is

ψi
k+1 = ψi

k + T ∗ si
k

Li tan(δi
k). (19)

(18) and (19) lead to
ψi

k+1 = ψi
k + sign(eψ) ∗ ψ̇i

M ∗ T. (20)

Here, sign(eψ) denotes the sign of eψ. This implies that we change the yaw of the truck with maximum142

yaw rate ψ̇i
M.143

If ‖eψ‖ ≤ ψ̇i
M ∗ T, then we set the steering angle as

δi
k = tan−1(

eψ∗Li

T∗si
k
). (21)

(21) and (19) lead to
ψi

k+1 = Ψi
k. (22)

This implies that the yaw angle of the truck converges to the reference yaw angle.144

3.3. Collision avoidance145

We need to handle the case where a truck is too close to its predecessor truck. In other words,146

we handle the case where Di−1,i
k < sa f eD. Recall that the distance between pi and pi−1 at time step147

k is Di−1,i
k = ‖Pi

k − Pi−1
k ‖. Also, sa f eD > 0 is the minimum distance between neighboring trucks for148

safety. If this dangerous case happens, then pi needs to stop abruptly to avoid collision. Thus, we set149

the reference speed ri
k as zero in the case where Di−1,i

k < sa f eD is satisfied.150
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Even in the case where we set the reference speed ri
k as zero, it takes some time to decrease the

truck’s speed from si
k to zero. The required time to stop is si

k
ai

D
. Then, the travel distance of the truck

while decreasing its speed to zero is (si
k)

2

2∗ai
D

. To avoid collision, it is desirable to set sa f eD so that

sa f eD >
(si

k)
2

2 ∗ ai
D

(23)

is satisfied. However, as sa f eD increases, the separation between neighboring trucks increases. Thus,151

the effect of fuel reduction under truck platoon decreases. Thus, there is a trade-off between fuel152

reduction and vehicle safety.153

3.4. Sensor requirements154

(9) implies that a truck pi needs to access Di−1,i
k and si−1

k . To enable this, each truck needs to access155

the position and speed of its predecessor truck. These data are accessible using local sensors, such as156

radar, lidar, or local communication with its predecessor truck. Moreover, in practice, sensor noise157

exists in the measurements of Di−1,i
k and si−1

k . In simulations (Section 4), we added Gaussian noise in158

the measurements of Di−1,i
k and si−1

k .159

(16) implies that every truck heads towards the next waypoint at each time step. To enable this,160

each truck localizes itself in the global coordinate system using various sensors, such as Lidar, Distance161

Measurement Instruments (DMI), Global Positioning Systems (GPS) or Inertial Measurement Units162

(IMU). 1 Also, using V2V communication [30], the leader’s waypoint information is transmitted to163

every following truck.164

4. MATLAB Simulations165

We present MATLAB simulations to verify our control laws. The initial speed of every166

heterogeneous truck is zero. We used (1) to model the motion of every truck.167

Our simulation settings are as follows. As a method to simulate localization error in the waypoints,168

we added a Gaussian noise with mean 0 and standard deviation 0.1 (m) to each element in every169

waypoint. This error is associated to GPS error which exists in practice.170

Recall that a truck pi needs to access Di−1,i
k and si−1

k in (9). A truck accesses these values using171

local sensors, such as radar or lidar, or local communication with pi−1. Considering noise in local172

measurements, we added a Gaussian noise with mean 0 and standard deviation 0.1 (m) to Di−1,i
k . Also,173

we added a Gaussian noise with mean 0 and standard deviation 0.01 (m/s) to speed measurements in174

si−1
k .175

In simulations, we use the following variables. g = 1, td = 0.01, T = 0.5 (s), minD = 1 (m),176

sa f eD = 0.5 (m) and δi
M = 30 degrees. For all i ∈ {1, 2, ..., N}, si

M is 80 km/h.177

We simulate heterogeneous trucks as follows. In the case where mod(j, 3) is 0, Lj = 10 (m). Also,178

aj
A = 1.5m/s2 and aj

D = 2m/s2. In the case where mod(j, 3) is 1, Lj = 5 (m). Also, aj
A = 1m/s2 and179

aj
D = 2m/s2. In the case where mod(j, 3) is 2, Lj = 3 (m). Also, aj

A = 2m/s2 and aj
D = 2m/s2. Using (4),180

each truck with distinct length has distinct maximum yaw rate. In this way, we consider heterogeneous181

trucks composed of various kinds of trucks.182

In practice, the leader is controlled by a trained truck driver. In simulations, the leader truck183

follows one lane initially. We also simulate the case where the leader changes its lane to avoid obstacles.184

1 Localization based on multiple sensors is not within the scope of this paper and is presented in various papers, such as
[31–33]. In the case where there are sensing or communication infrastructure along a road, we can use the infrastructure to
localize a truck. In order to localize a truck, many estimation methods were utilized, such as time of arrival (TOA), time
difference of arrival (TDOA), angle of arrival (AOA), and received signal strength [34–45].
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The leader increases its speed with the maximum acceleration a1
A until the speed reaches 80 km/h.185

Then, the leader maintains its speed as 80 km/h using ACC. After the leader moves for 16 minutes,186

the scenario ends.187

Figure 2 (a) shows the lanes that the trucks follow. Also, (b) shows the trajectory of every truck.188

Initially, five trucks are located at [0, 3],[−0.001, 3], [−0.002, 3],[−0.003, 3],[−0.004, 3] in km.189

Figure 2. (a) shows the lanes that the trucks follow. Also, (b) shows the trajectory of every truck.

Figure 3 shows the enlarged figure of Figure 2 (a). Waypoints of the leader are shown with red190

circles. We simulate the case where the leader changes its lane to avoid obstacles. See that waypoints191

jump from one lane to another. The jump is marked with an arrow in this figure.192

Figure 4 shows the speed of each heterogeneous truck with respect to time(sec). We use γ = 1.01.193

The speed of every truck converges to the speed of the leader (truck 1) as time goes on. Due to the194

noise in the system, the truck speed is also noisy.195

Figure 5 shows the separation between every neighboring truck. Initially, the separation between196

neighboring trucks increases. However, the separation converges to the desired separation as time197

goes on.198

4.0.1. The effect of changing γ199

Next, we analyze the effect of changing γ. Figure 6 shows the speed of each heterogeneous truck200

with respect to time(sec). The only difference from Figure 4 is that we use γ = 1.001 instead of γ = 1.01.201

See that the deviation of every truck’s speed decreased, compared to the case where γ = 1.01 in Figure202

4. Due to the noise in the system, the truck speed is also noisy.203

Figure 7 shows the separation between every neighboring truck. Initially, the separation between204

neighboring trucks increases. See that it takes more time in making the separation converge to the205

desired separation, compared to the case where γ = 1.01 in Figure 5.206

4.0.2. The effect of Gaussian noise207

Next, we analyze the effect of Gaussian noise. We use γ = 1.01. No Gaussian noise is added to208

Di−1,i
k . Also, no Gaussian noise is added to speed measurements in si−1

k .209

Figure 8 shows the speed of each heterogeneous truck with respect to time(sec). The only210

difference from Figure 4 is that no Gaussian noise is used. See that the deviation of every truck’s speed211
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Figure 3. This figure shows the enlarged figure of Figure 2 (a). Waypoints of the leader are shown
with red circles. We simulate the case where the leader changes its lane to avoid obstacles. See that
waypoints jump from one lane to another. The jump is marked with an arrow in this figure.
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Figure 4. We use γ = 1.01. The speed of every truck converges to the speed of the leader as time goes
on. Due to the noise in the system, the truck speed is also noisy.
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Figure 5. This figure shows the separation between every neighboring truck. We use γ = 1.01. The
separation converges to the desired separation as time goes on.
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Figure 6. The speed of every heterogeneous truck converges to the speed of the leader as time goes on.
We use γ = 1.001. See that the deviation of every truck’s speed decreased, compared to the case where
γ = 1.01 in Figure 4. Due to the noise in the system, the truck speed is also noisy.
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Figure 7. This figure shows the separation between every neighboring truck (scenario 2). We use
γ = 1.001. See that it takes more time in making the separation converge to the desired separation,
compared to the case where γ = 1.01 in Figure 5.

decreased, compared to the case where Gaussian noise is used. A truck speed overshoot (marked212

with arrow in Figure 8) happens at the moment when the truck changes its lane. See Figure 3 for the213

moment when the truck changes its lane.214

Figure 9 shows the separation between every neighboring truck. The only difference from Figure215

5 is that no Gaussian noise is used. Initially, the separation between neighboring trucks increases. See216

that the deviation of every truck’s separation decreased, compared to the case where Gaussian noise is217

used (Figure 5).218

5. Conclusions219

This paper presents control algorithms enabling heterogeneous trucks to drive in platoons. We220

make all heterogeneous trucks keep following waypoints along the leader’s trajectory. Every truck221

visits the leader’s waypoints sequentially while maintaining a designated distance from its predecessor222

truck. As far as we know, this paper is unique in developing both lateral maneuver and speed control223

considering a platoon of heterogeneous trucks. The efficiency of the proposed approach is verified224

using simulations. As our future works, we will verify the effectiveness of the proposed approach225

using experiments with real heterogeneous trucks.226
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