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Abstract Recently, functional gradient algorithms like CHOMP have been
very successful in producing locally optimal motion plans for articulated
robots. In this paper, we have adapted CHOMP to work with a non-holonomic
vehicle such as an autonomous truck with a single trailer and a differential
drive robot. An extended CHOMP with rolling constraints have been implemented on both of these setup which yielded feasible curvatures. This
paper details the experimental integration of the extended CHOMP motion
planner with the sensor fusion and control system of an autonomous Volvo
FH-16 truck. It also explains the experiments conducted on the differentialdrive robot. Initial experimental investigations and results conducted in
a real-world environment show that CHOMP can produce smooth and
collision-free trajectories for mobile robots and vehicles as well. In conclusion, this paper discusses the feasibility of employing CHOMP to mobile
robots.

Jennifer David
Intelligent Systems Lab, Halmstad University, Sweden, e-mail: jendav@hh.se
Rafael Valencia
Robotics Institute, Carnegie Mellon University, Pittsburgh, USA, e-mail: rvalenci@
andrew.cmu.edu
Roland Philippsen (while working at)
Intelligent Systems Lab, Halmstad University, Sweden, e-mail: roland.philippsen@gmx.
net
Karl Iagnemma
Robotics Mobility Group, Massachusetts Institute of Technology, Cambridge, USA e-mail:
kdi@mit.edu

1

2

Jennifer David, Rafael Valencia, Roland Philippsen and Karl Iagnemma

1 Introduction
The motivation of this work comes from the Cargo-ANTs EU project1 which
aimed to create smart Automated Guided Vehicle (AGVs) and Autonomous
Trucks (ATs) that can cooperate in shared workspace for efficient and safe
freight transportation in main ports and freight terminals. The whole context of the project invokes research questions on multi-robot/vehicle path
planning of AGVs and ATs in a constrained outdoor environment like the
container terminal. Though there are different approaches available for
solving multi-robot/vehicle path planing like centralized and decentralized
methods, a dedicated navigational framework called SPADES was proposed
in [5].
SPADES (Simultaneous Planning and Assignment in Dynamic EnvironmentS) framework is based on the multi-robot task allocation methodology
similar to [8]. It consists of a global task assignment and a global path planner that runs on the central station of the harbour and a local interconnected
path adaptor running on individual vehicles. The global task assignment
module assigns tasks to each of the vehicles based on the classical Hungarian algorithm [6] which minimizes the overall path length of all the vehicles. Thus, under a static environment, an optimal task (eg. A vehicle picks
N container, B vehicle picks O container, etc.) is given to each of the vehicles
from the set of its all possible tasks (A vehicle can pick N or O and B vehicle
can pick N or O, etc.) The minimization criteria is the path length of each
of the vehicle, which is obtained from the global path planner module. This
module finds all the possible paths between the vehicle-container-goal combinations. The cost of each combination is a simple navigation function that
makes the overall assignment and planning faster. The resulting trajectories are later continuously refined by a local path adaptor to avoid collisions
with dynamic obstacles or to avoid conflicts with other paths. When encountered with dynamic obstacles, the optimal paths assigned to all the vehicles
can loose their optimality due to the path refinement by the local path adaptor. However, it always produces near-optimal solutions. This is because the
conflicts are resolved locally by taking into account the trajectories of other
vehicles.
In this paper, we detail on the lower navigational framework of SPADES
framework by detailing on the adaptation of the local path adaptor for a
non-holonomic vehicle, its implementation details on the Volvo FH-16 truck
and the real-world experiments conducted on it. We also compare the results with a turtlebot2 differential drive robot to analyze the extent of this
approach. The next section details on the recent works related to local obstacle avoidance techniques used for multi-robot path planning. Section 3
details the local path adaptor and the approach used for adapting it to a
mobile robot. The implementation details are explained in section 5 fol1
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lowed by the vehicle software architecture. The results and discussions are
explained in the final sections 6 and 7 with concluding remarks at section 8.

Fig. 1 SPADES architecture - Simultaneous Planning and Assignment in Dynamic EnvironmentS

2 Related Work
There is a large body of literature in motion planning for multiple robots
in general and intelligent vehicles in particular. For local path adaptation,
many of the simple obstacle avoidance techniques [12] could be used. One of
the well-known reactive techniques like Reciprocal Velocity Obstacle (RVO)
approach [15] is suitable for multi-vehicle scenario. This approach extends
the older Velocity Obstacle concept [10] to appropriately address situations
where interacting ATs can be assumed or designed to share the responsibility for avoiding collisions with each other. There are also recent generalizations to RVO which are able to handle significant kinematic and kinodynamic constraints [1]. It should be noted that this type of reactive avoidance technique is more beneficial for on-board execution on each vehicle, as
it increases the safety in unforeseen situations. However, this could break
down at resource bottlenecks, for instance if there is a single gate through
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which all traffic must flow. This also lowers the throughput of the system
due to non-optimal solutions.
The use of gradient based path optimization approaches have been very
successful for articulated robots. They are fast and produce locally optimal
solutions. For the SPADES framework, there is a need for a very fast reactive approach to be coupled with the task assignment. This is because in
case of a very tight local path conflict situation, there is a need for a replanning from the global path planner from the central station. Hence, in
this paper, we seek to adopt the CHOMP algorithm by [9] as the local path
adaptation algorithm for SPADES. It is used for optimizing the path generated by the global path planner, in this case, the E∗ algorithm [11] for a
group of autonomous vehicles depending on the local obstacles. In this paper, the CHOMP algorithm has been extended to mobile robot/vehicle by
incorporating simple constraints on the optimizer. In the next section (3), a
brief explanation on the concept of CHOMP algorithm and its extension is
elaborated.

3 CHOMP PRELIMINARIES
CHOMP stands for Co-variant Hamiltonian Optimization for Motion Planning by [9]. It is a trajectory optimization technique used for motion planning in high-dimensional spaces. It produces near-optimal solutions without violating dynamical constraints. CHOMP iteratively improves the quality of an initial trajectory by optimizing an objective functional that trades
off between desired qualities such as smoothness and obstacles avoidance.
An additional merit of CHOMP is inherent invariance to the choice of trajectory parametrization used. Given a trajectory ξ : [0, 1] → C, i.e. a function mapping time to robot configurations, CHOMP optimizes a functional
U : ξ → R, which maps each trajectory ξ in the space of trajectories ξ to a
real number. In the original formulation of CHOMP, an objective given as
follows was optimized:
U [ξ] = Fobs [ξ] + λFsmooth [ξ],

(1)

where the term Fsmooth penalizes the trajectories based on dynamical criteria such as velocities and accelerations to encourage smooth trajectories.
At the same time, the term Fobs penalizes proximity to objects in the environment to encourage trajectories that clear obstacles. In order to integrate CHOMP within SPADES architecture for a fleet of AGVs, it has to
be adapted to include the non-holonomic constraints of the robot/vehicle.
In this section, we elaborate the method to incorporate these constraints in
CHOMP to be used with such robot/vehicles.
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The main goal is to incorporate curvature constraints into a trajectory optimizer such as CHOMP. The problem, however, is that there may be no feasible curvature-constrained trajectory in the basin of attraction of the initial
guess trajectory, particularly in our system where the initial guess currently
involves significant simplifications. We see two options: either ensure that
the initial guess trajectory is always good, or employ an optimizer that can
switch basins of attraction. This implied system-wide trade-offs are beyond
the scope of this paper and part of ongoing research.
In order to solve this, different methods were tried out without changing
the nature of CHOMP, which are elaborated in [2]. In this paper, a constrained CHOMP approach as mentioned by [9] was derived, thus, generating feasible trajectories for non-holonomic vehicles. For the Cargo-ANTs
project, we assume that the globally planned path which is used to initialize CHOMP lies close enough to a trajectory that respects curvature constraints and that a soft curvature-maximization objective function suffices
to keep the optimizer from violating curvature constraints. In practice, this
approach works well in the tested settings with less-cluttered scenarios.

4 NON-HOLONOMIC CONSTRAINTS
CHOMP algorithm makes use of Lagrange multipliers to include additional
constraints in its original form by changing the update rule. Similarly, we
add the kinematic constraints to CHOMP, here, by explicitly including them
in the optimization step via the method of Lagrange multipliers. In order to
avoid this process to hamper real-time performance, we opted to instead
include only rolling and forward motion constraints by this mean. To this
end, we formulate them as equality constraints as we show next2 . By doing
so, it increases the smoothness to a point where the curvature constraints
are respected.
Thus, we first formulate the rolling constraint and the forward motion
constraints separately here. The rolling constraint expresses the fact that
the midpoint in the rear axle has to move in a direction normal to the rear
wheels axle, that is,
x0 sin(θ) − y 0 cos(θ) = 0,
(2)
where x0 and y 0 are the global linear velocities of the vehicle along the x and
y axis and θ is the vehicle’s orientation.
Thus, for a trajectory of n+1 discrete vehicle’s configurations qi = (xi , yi , θi )> ,
our rolling constraint functional can be expressed as follows

2

A C++ implementation of CHOMP using the rolling and forward motion constraints is
available at https://github.com/rafaelvalencia/path-adaptor
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Hroll (ξ) =

n−1
X
x

t+1 − xt

t=0

∆t

sin(θt ) −

yt+1 − yt
cos(θt ).
∆t

(3)

Next, to enforce forward motions, we can constraint the forward velocity in
the local vehicle’s frame to always be positive, that is,
xR0 − xR0 = 0,

(4)

where xR0 is the velocity along the x-axis of the local vehicle’s frame R. Thus,
for a trajectory of n + 1 discrete vehicle’s configurations, our forward motion
constraint functional can be expressed as follows,
n−1

Hf wd (ξ) =

1 X
(xt+1 − xt ) cos(θt ) + (yt+1 − yt ) sin(θt )
∆t
t=0

(5)

− (xt+1 − xt ) cos(θt ) + (yt+1 − yt ) sin(θt ) .
Finally, our restrictions are summarized into the following constraint
functional
H(ξ) = Hroll (ξ) + Hf wd (ξ) = 0.
(6)
Now this equality constraints is added to CHOMP by expressing it as a
constraint functional H(ξ) = 0. It requires to iteratively update the trajectory as follows,
1 −1
A ∇U [ξi ]
ηi

−1
1
+ A−1 C> CA−1 C> CA−1 ∇U [ξi ]
ηi

−1
−A−1 C> CA−1 C> b,

ξi+1 = ξi −

(7)

with A = KK> , where K is a finite differencing matrix (see Eq. 13 in [9]),
∂
H(ξi ) is the Jacobian of the constraint functional evaluated at ξi and
C = ∂ξ
b = H(ξi ). Thus, trajectory updates that follow our motion restrictions are
formulated using the constraint functional H and its Jacobian C and b here.

5 Real-time Integration
The constrained CHOMP was integrated with the sensor fusion and control
system of the Autonomous Truck. It should also be noted that, the overall
SPADES framework has a single global path planner that computes optimal
paths along with the global site planner in a central station. However, in
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this paper, we are studying the performance of the local path adaptor (the
constrained CHOMP) for a single vehicle only and not the SPADES framework. Hence, a global path planner like the E∗ was run on the vehicle to
generate paths for the constrained CHOMP. Also, the interference objective
of CHOMP that considers the trajectories of other vehicles to adapt its own
path has also been excluded. In this section, we detail the integration of the
constrained CHOMP without the interference objective but with the local
map, global path planner and the control system of the vehicle.

5.1 Autonomous Truck and sensors
A Volvo FH-16 truck with tractor 4X2 was used for the project Cargo-ANTs
as shown in figure 6. The sensors that are fitted with the truck are explained
in the figure 2 3 . Sensors include a GPS, front camera, two IBEO lux laser
scanners with 7 layers, a front RADAR and four Delphi short range RADARs
at either side of the truck and trailer. There is a navigation PC which fuses
the high level sensor information to the low-level processed perception information to keep track of the vehicle positioning and tracking functions
together with the map storage and distribution functionality. It has Intel
Core i3 1.6Ghz processor running Ubuntu 14.04 and ROS Indigo version. A
global grid map is generated offline by running the truck along the confined
area and the truck is localized in this map. The navigation PC is used to run
the global mapping package and store this global map as shown in fig 3.
During autonomous driving of the truck, this navigation PC runs the
global path planner on this stored global map and localizes its position. The
E∗ algorithm generates smooth interpolated way points from the start to the
goal point. This path consists of n number of (x,y) discretized way-points
which are broken into smaller chunks of path of 20m length ahead of the
vehicle. The navigation PC also runs a dynamic local map simultaneously
which generates a poly line map representing the dynamic obstacles. The
local path adaptor, in our case, the constrained CHOMP takes the pruned
path with 20m length (start point taken as the current position and the goal
point is 20m ahead of the truck) and the local map as input for every 20 seconds. Thus, the constrained CHOMP produces new trajectory as it moves
because the start and goal points shift at every 1m. It then generates the desired trajectory points (x, y, th), the desired velocities and acceleration of the
path as (x0 , y 0 , th0 ) and (x00 , y 00 , th00 ) respectively.

3

Courtesy: Volvo Trucks AB, Goteborg
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Fig. 2 Sensors location in the AT

Fig. 3 Software Components of an Autonomous Truck

5.2 Integration with Controller
The Cargo-ANTs block diagram is explained in figure 3 that details the control flow between the navigation PC and the truck controls which is run on
an application PC. In the figure, 3, the vehicle control and sensor fusion
components of the truck or applications runs on the application PC. The
navigation applications or the ROS interfaces runs on the navigation PC. It
should be noted that the navigation PC runs Ubuntu 14.04 and the vehicle
low-level control is run under an application PC with Windows 7 OS and
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Matlab. This type of flow was adapted for ease and independent software
development by various partners involved in the project. The flow of control between the two PCs are done via UDP control protocol. The sensor
data from the truck is packed as ROS messages by the UDP to be used by
the navigation PC and the trajectory points by the constrained CHOMP are
then converted back to UDP messages to be used by the vehicle low-level
controller.
A path follower controller based on [14] method is used to execute the desired trajectory. It takes the given trajectory way-points, which is obtained
as UDP messages and traces to follow it, thus, controlling the lateral motion
of the truck. The desired velocities and acceleration of the output trajectory
is used for controlling the longitudinal motion of the truck. The local path
adaptor takes care of any dynamic obstacles on the local map and avoids
it. However, when a complicated scenario arises, the local path adaptor requests for a new path from the global path planner. There is also an emergency safety module for the autonomous truck which over takes the truck
when the distance between the obstacle and the truck is less than 0.5m.

5.3 Integration in a Turtlebot
The constrained CHOMP was implemented with the ROS Navigation stack
by developing a plugin for the local planner. The existing local planners like
Trajectory Rollout and Dynamic Window are replaced by the constrained
CHOMP. Thus, it makes use of the base controller in the move base ROS package for controlling the turtlebot.

6 Experiments
6.1 Simulation - Autonomous Truck
The constrained CHOMP was also tested using a simulated Truck with ROS
under Gazebo simulation environment. Models of the harbour entities were
created as xacro models using dae sketches from Google Sketchup4 . The
truck model was designed as per the specifications of the real Volvo FH-16
truck model that was used for the project in terms of sensor placements and
dimensions of the truck chassis.
Figure 4a is one of the screen-shots that explains the truck model following a path in a simulated harbour scenario in Gazebo and RVIZ. Fig4

Xacro models of Harbour Environment are available at https://github.com/
jenniferdavid/cargo-ants-ros/tree/master/cargo-ants-models
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(a) Simulation screenshot of the Truck in Gazebo and Rviz in a Harbour Scenario

(b) Rviz view of the truck model with ob- (c) Gazebo view of the truck model with
stacles
obstacles

Fig. 4 Gazebo simulations on the truck

ure 4b and figure 4c explains the constrained CHOMP trajectory for an another simple obstacle avoidance scenario. The initial path is given to be a
straight line of length 50m from the truck’s location which crosses an unexpected obstacle. This initial guess is iterated by CHOMP to produce feasible,
smooth and constrained trajectory for the truck. The CHOMP parameters
taken for both the scenarios are: λ=10.00, time step of 1ms, η=100, number
of poses in ξ=20 for 100 iteration limits. The obstacle, (in this case, three
barrels) are inflated to 0.04m of their original sizes.

6.2 Simulations - Turtlebot
The constrained-CHOMP was tested for a differential-drive robot (Turtlebot) under a ROS-Gazebo environment with viz visualizer. A screenshot of
the simulation is shown in figure 5. It also compares the trajectory generated
by CHOMP with constrained CHOMP that gives a smooth and curvature
constrained trajectory.
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(a) Gazebo view of the turtlebot with (b) Gazebo view of the turtlebot with conCHOMP
strained CHOMP

Fig. 5 Gazebo view of the constrained trajectory for an arbitary goal for the turtlebot

6.3 Real World Experiments on an Autonomous Truck
Real world experiments were conducted on the autonomous truck separately as well as with the truck hooked with a single trailer at Storaholm
test track, Goteborg5 . In the test track, multiple wooden pallets of size
1mx0.75mx1.2m were added as obstacles in an area of about 1.5 sq.km.
Two separate scenarios were demonstrated that explains the feasibility of
constrained CHOMP on non-holonomic vehicles with and without obstacles. As shown in figure 6, constrained CHOMP was able to avoid the front
obstacle with the trailer by generating a smooth and collision free trajectory.

Fig. 6 Real-World Scenario - The AT avoiding an obstacle in the front along with the
trailer

5

The video of the demo is with Volvo Trucks AB, Goteborg
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7 Discussions
7.1 Performance Comparison
A simple GUI of the CHOMP and constrained CHOMP was created as
shown in Fig. 7. In this simple setting, we consider an initial planar trajectory connecting a starting robot configuration at (−5.0m, −5.0m, π/4rad)
to a goal configuration in (7.0m, 7.0m, π/2rad), with 20 intermediate robot
poses stacked initially into the starting pose. In the middle of a straight line,
connecting the starting and ending configurations, we place two obstacles,
enclosed by the blue and purple circles with a radius of 2m. In practice, the
radius of these circles account for the size of the obstacle plus some inflation, i.e. in Fig. 7 the robot is not in contact to the actual obstacles.
For these tests, we compare the unconstrained and constrained CHOMP
using the same setting. For both CHOMP implementations, we used ∆t = 1,
η = 100 and λ = 1. In Fig. 7c we show the evolution of the smoothness for the
trajectories found at each iteration with the unconstrained CHOMP and by
adding rolling constraints. From Fig. 7b we notice that adding the rolling
constrains allows us to get smoother trajectories than the unconstrained
case. The unconstrained trajectory shows a sharper turn when approaching
the obstacle (see Fig. 7a), which is especially not desirable for a heavy-duty
vehicle. Moreover, the computation time is not significantly increased in the
constrained case. Note also that we did not constraint the final pose in this
implementation, however, a similar procedure [9] can be performed to include it.

(a) Unconstrained

(b) Constrained

(c) Smoothness cost evolution

Fig. 7 Obstacle avoidance and the evolution of the smoothness cost at each iteration for
the unconstrained CHOMP (red dotted line) and constrained CHOMP (blue solid line

Another set of experiments were conducted on the simulation truck and
turtlebot. Table 1 illustrates the experiments conducted on 10 different scenarios varying from highly cluttered to scarcely cluttered on a simulated
truck, simulated truck with trailer and a turtlebot. It could be seen that the
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Constrained
CHOMP
Sim
Sim
Sim Sim AT
Turtlebot
Turtlebot
AT AT & trailer
AT & Trailer
CHOMP

Number of successful
maneuvers
Avg planning time
(in secs)
Avg time for iterations
(in secs)

8/10

3/10

1/10

10/10

9/10

7/10

0.8

1.1

1.2

1.08

0.9

0.97

41

34

25

32

29

38

Table 1 Simulation results on the simulated truck and turtlebot for 10 different scenarios

trajectories produced by CHOMP was not feasible for the simulated truck
to navigate at all compared to the turtlebot because of its minimum turning radius. However, the constrained CHOMP was able to safely navigate
in almost all the cases as shown. It is also seen that the computation and
updation of this extra Lagrangian term in eqn. 7 does not affect the regular
planning and updation time of the CHOMP.

7.2 Insights
From these results, it can be observed that the constrained CHOMP did
perform well with differential-drive robots more than with non-holonomic
vehicles. This is because it does not capture all the kinematic constraints
and physical dimensions for the truck or a truck with trailer. This way
of adding constraints seems straightforward and easy. But adding all constraints would make Eq. 6 and its Jacobian more intricate. Nevertheless, for
avoiding obstacles of the size we consider in our tests, this approach gives a
fast and feasible solution. Using this approach for more complicate scenarios, i.e. with more clutter or larger obstacles, a replanning scheme should be
followed, i.e. we would need to compute a new path with our global path
planner when CHOMP cannot provide a feasible solution. Another issue we
notice is that it also gets stuck in local minima, however, some solutions to
this problem include random restarts [9] as well as proper initial trajectory
input. Lastly, an alternative to adding motion restrictions in this way was to
include inequality constraints into CHOMP instead, in order to restrict the
motion of the vehicle inside a kinematic feasible region.
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8 Conclusions
The SPADES framework was developed for a fleet automation in container
handling with multiple layers of abstraction. Each layer consists of carefully
chosen simplifications to achieve good overall system performance while
making sure that each layer is tractable. In this paper, the lower level of the
navigational framework is tested in simulations as well as in a real-world
scenario. For this, we have adapted the CHOMP algorithm for use on nonholonomic vehicles as well as with differential-drive robots. Approaches involving constraints on the curvature with a separate objective functional as
well as integrating along with the smoothness objective have already been
investigated in [2]. The incorporation of sliding and rolling constraints on
the CHOMP trajectory to obtain a smooth curvature for non-holonomic vehicles have been studied here in this paper. The results have been tested on
a real-world scenario as well as in simulations where the truck with trailer
was able to avoid obstacles. It has also been found that the basic algorithm
of CHOMP does not allow us to capture the complete kinematic constraints
of the vehicle. However, this approach has been found to work satisfactorily
in fairly uncluttered environments. Future work will include in adding inequality constraints to CHOMP and improved versions of CHOMP that can
truly respect the curvature constraints of the vehicle in a larger scale.
Acknowledgements The authors would like to thank Volvo Trucks AB, Gothenburg for
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