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Co-design and integration of vehicle navigation and control and state estimation is key for enabling 
¯eld deployment of mobile robots in GPS-denied cluttered environments, and sensor calibration is 
critical for successful operation of both subsystems. This paper demonstrates the potential of this co-
design approach with ¯eld tests of the integration of a reactive receding horizon-based motion 
planner and controller with an inertial aided multi-sensor calibration scheme. The reported method 
provides accurate calibration parameters that improve the per-formance of the state estimator, and 
enable the motion controller to generate smooth and continuous minimal-jerk trajectories based on 
local LiDAR data. Numerical simulations in Unity, and real-world experimental results from the ¯eld 
corroborate the claims of e±cacy for the reported autonomous navigation computational pipeline.

Keywords: Field robots; calibration and identi¯cation; motion and path planning.

1. Introduction

1.1. Motivation

Autonomous vehicles continue to expand their domain of application on the ground,
in the air, on the surface of the sea, and underwater. While the underwater space
presents clear cases of robot deployment unmapped, uncertain, and GPS-denied

environments, there are also multiple terrestrial cases too, including but not limited
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to indoor or subterranean navigation, as well as navigation in forest environments

under a thick canopy.
To carry out navigation tasks in such a wide range of environments, robots utilize

a heterogeneous suite of sensors, including inertial measurement unit (IMU), mul-

tiple cameras, range sensors (e.g. LiDARs), in addition to standard odometry sen-
sors. Still, the amount of uncertainty and intensity of environmental disturbances ���
especially in unstructured and GPS-denied environments ��� presents signi¯cant
remaining challenges to autonomous navigation. In GPS-denied environments, the
perception and localization system is further challenged by the compounding e®ect of
LiDAR error, IMU attitude error, and boresight alignment error.1 Accuracy then can 
be dropped to levels which cannot be corrected due to the unavailability of GPS

information, and uncertainty propagation can lead to catastrophic e®ects.
Thus, a key attribute for successful autonomous navigation in such environments

is persistent, resilient, and accurate estimation of the position and velocity of the
robot that includes observation of unknown environmental structures, is combined

with a robust motion planning and control methodology that adapts in real-time to
measurements.

Navigation in GPS-denied environments is always possible via semi-autonomous

control schemes,2 which naturally minimize the reliance on accurate and consistent 
sensor fusion of data from LiDAR, GPS, and other sensitive sensors. The reliance on
human intervention, however, is not always desirable; in fact, there can be instances
where such interventions can introduce additional risk,3,4 further motivating 
schemes that allow for full vehicle autonomy.

Such autonomy relies heavily on the accuracy of the sensor information. It has
been shown that this accuracy can be signi¯cantly improved by multi-sensor cali-
brating techniques1,5 which exploit high-rate inertial navigation and can handle a 
multitude of asynchronous sensors commonly found on robots (e.g. IMU, cameras,

LiDARs, and wheel odometry) while requiring only initial calibration guesses.
Achieving long-term autonomy through real-time perception and adaptive tra-

jectory generation and control is a signi¯cant challenge for robots deployed in the
¯eld and under real-world conditions, especially when they operate in outdoor and
sometimes GPS-denied environments. Operation in such environments requires the
robots to remain robust, resilient, and adaptive in real-time.6

Resilient autonomy can be built on two methodological pillars: robust perception
and estimation that incorporated automatic sensor calibration, and adaptive motion

planning and control. Having reported on both of these component technologies in
isolation earlier,5,7 this paper elaborates more on their methodological integration. 
The goal is to realize a robust and reactive motion planning and control architecture
appropriate for navigation in unknown and GPS-denied environments involving real-
time, fast, sensor-based reactive trajectory generation, coupled with receding horizon
motion planning and control (Fig. 2).
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1.2. Related literature

Inertial navigation systems (INSs) that have been widely used for providing six
degrees of freedom (DOF) pose estimation when navigating in 3D space. However,

due to the noises and biases that corrupt the IMU readings, simple integration of the
local angular velocity and linear acceleration measurements can cause large drifts in
a short period of time, in particular, when using cheap MEMS IMUs. To mitigate this
issue, additional sensors (e.g. camera, LiDAR, and underwater sonar) are often used,
i.e. aided INS. Among possible exteroceptive sensors, optical cameras which are low-
cost and energy-e±cient while providing rich environmental information are ideal
aiding sources for INS and thus, visual-inertial navigation system (i.e. VINS) has
recently prevailed, in particular, when navigating in GPS-denied environments (e.g.
indoors).8 While many di®erent VINS algorithms were developed in the last decade,
the extended Kalman ¯lter (EKF)-based methods are still among the most popular
ones.9

There are two types of methods for real-time sensor-based robot trajectory gen-
eration: (a) graph-search methods,10 which can generate globally optimal solutions; 
and (b) parametric optimization methods, which search the continuum of solutions
to ¯nd locally optimal solutions.11–13 The main di®erence between the two relates to 
the type of information the system possesses. If the system operates in a known
environment, then a global motion planner can generate the complete trajectory
from start to destination. If prior information about the robot's workspace is not
available or the vehicle operates in a completely unknown environment, then local
planners can generate trajectory segments based on local sensory information, e.g.
the features identi¯ed in the ¯eld of view (FOV) of the vehicle. The quality and
utility of such local trajectories can signi¯cantly increase, contributing to robustness
in ¯eld robotics applications, by directly incorporating terrain features14; in many 
real-world scenarios, however, such data are either not available or not particularly
accurate and reliable since terrain properties can often change based on weather
conditions and seasonal e®ects. Ultimately, the ability of a local ground vehicle
planner to navigate safely and robustly is facilitated by minimal reliance on prior
information, frugal utilization of sensory data, and respect of the vehicle's kinematic

and dynamic constraints.15,16

A proven approach to robot navigation through online reference trajectory gen-
eration is based on the real-time generation of a set of waypoint poses (keyframes).

These waypoints are then sequentially linked with the use of continuous curves
parametrized as time polynomials. In applications of unknown environment explo-
ration, such approaches are usually referred to as viewpoint planning.17 This process 
involves the construction of a 3D workspace representation, within which the se-
quence of viewpoints is followed. To evaluate the quality of waypoints as a means of
directing the robot toward its goal, work in literature attempts to quantify the
amount of unexplored information that the vehicle is expected to gather from each
pose.18 Even though these type of metrics can be used to improve the performance
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more accurate navigation.

The integrated state estimation, motion planning, and control architecture can

autonomously steer a ground robot along safe and dynamically feasible trajectories

that locally minimize motion jerk ��� the latter taken as a proxy metric of energy

e±ciency. The methodology does not rely on prior maps, externally provided local-

ization information (GPS), or global planners, neither does it force the vehicle along

some \lane-following" reference trajectory, and has shown to work reasonably well in

o®-road conditions (Fig. 1). The local motion planner evaluates potential trajectory

waypoints based on their proximity to the obstacles and to the ¯nal robot navigation

of the state estimator running on the vehicle, they still cannot o®er any type of 
guarantees regarding the energy that would be required by the vehicle to track 
the generated trajectories; given that power autonomy can be crucial in ¯eld 
deployments, the latter feature can rise high in the priority list of robot mission 
speci¯cations.

As waypoints are de¯ned in real-time based on sensor information, there is a need 
for a method to generate trajectories that interpolate between these waypoints in a 
way compatible with the robot dynamics. One reliable approach, which also allows 
for on-line adaptation of said trajectories, is a receding horizon strategy. 
The implementation of such a receding horizon planner would involve the reactive 
sampling of the set of safe trajectories within the FOV of the vehicle's sensors, 
thereby decoupling local collision avoidance from global guidance toward the navi-
gation goal.19 Alternatives within this same general category can be found in 
approaches that involve reactively generating reference trajectories in the Frenet 
frame of the vehicle for the purpose of lane preservation.20 In the former case, in 
which both local and global motion planners are employed, the failure of the global 
planner has a detrimental e®ect on the vehicle's navigation performance; in the latter 
case, performance is typically acceptable in structured and known environments 
(e.g. within a street network) but often su®ers in o®-road unstructured outdoor 
environments.

1.3. Contributions and organization

The key contribution of this paper is the realization and testing of a reactive receding 
horizon motion planner and controller capable of operating in unknown GPS-denied 
environments, within a computational pipeline that incorporates automatic calibra-
tion of the vehicle sensors that inform the robot's (VINS). Most speci¯cally

. it is applicable to cases with both static and moving goal con¯gurations;

. it generates trajectories in a new way by e±ciently solving a multi-objective

optimal control problem;

. it is experimentally tested with speeds of up to 4.5–5 m/s in a GPS-denied o®-road
area; and

. it minimizes the estimation error by accurate o®-line sensor calibration leading to
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Fig. 1. A Clearpath Robotics Jackal robot moving autonomously along a trail within a wooded outdoor 
space. Under a thick canopy in such environments autonomous robots should be able to localize and 
navigate without relying on GPS. (The Ethernet cable visible was utilized solely for remote data collection 
and telemetry.)

goal, as well as their divergence from the previously generated trajectory. This
planner (i) generates a set of feasible rays within the vehicle sensors FOV, (ii) utilizes
a 2D costmap of the environment created from range sensors to check for the
prospect of local collisions along these rays, (iii) subsequently discards rays that
appear to intersect with obstacles, (iv) selects the one that optimizes a heuristic
objective function that balances (collision) safety against convergence speed (see
Sec. 3.2), and then (v) generates a dynamically feasible reference trajectory along the
direction of the optimal ray. This process is repeated in a receding horizon manner,

i.e. the controller tracks a small segment of the reference trajectory and before this
tracking is ¯nished, a new segment is appended (in a dynamically feasible manner) to
the old trajectory and the controller switches to the new segment once the old is
completed (cf. Ref. 21).

The rest of this paper is organized as follows: Sec. 2 provides a brief overview of
the system. Following that, Sec. 3 lays out the technical and mathematical de-
scription of the system. Section 4 presents simulation and experimental results
from Unity and real-world outdoor testing, respectively, which demonstrate the
e±cacy of the calibration and motion planning modules of the autonomy archi-
tecture on the ground vehicle. This paper closes with a quick overview and future
work in Sec. 5.

2. Navigation Architecture Overview

The block diagram of Fig. 2 illustrates the architecture of the overall calibration and
motion planning system. The arrows indicate the information and data °ow between
the di®erent system modules.

The o®line calibration module provides spatial-temporal calibration parameters

to the state estimator to improve accuracy. Datasets with AuRco tags22 are ¯rst
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Fig. 2. Block diagram of the motion planning and control architecture.

collected, using all the needed sensors (including at least one IMU and one camera as 
a base sensor pair) on the robot (Fig. 5). A batch least-squares problem is formulated 
based on a base sensor trajectory. Information from other sensor measurements 
(auxiliary camera measurements to tags, LiDAR plane measurements23 and wheel 
encoder readings24), which encapsulate the spatial-temporal calibration to the base 
IMU constraints, is captured in additional cost elements within the batch least-
squares optimization process.

For navigation, a 2D costmap is constructed based on LiDAR data. Emanating 
from the location of the sensor and covering its FOV, a set of rays is generated which 
extends over unoccupied map cells. The receding horizon planning module then (i) 
selects an (intermediate) obstacle-free point that corresponds to the spatial point on 
the edge of the FOV that is closest to the navigation goal, (ii) assigns a cost to each 
ray as an equally weighted sum of the robot's proximity to the obstacle, the prox-
imity to the intermediate point, and the angle of the ray relative to the robot's yaw 
angle, (iii) selects the safest path to the intermediate point, and ¯nally (iv) con-
structs the feasible minimum-jerk trajectory along this path. The block diagram of 
the process is presented in Fig. 3.

An initial segment of that minimum-jerk reference trajectory is then provided to a 
di®erential-geometric trajectory tracking controller, that utilizes a unicycle model to 
steer the ground robot along its way to the local goal point within the FOV. In a 
typical receding horizon fashion, before the end of that initial segment is reached, the 
vehicle uses the latest LiDAR information to update the local costmap, generate new 
trajectory, and transitions smoothly between reference trajectory segments. The 
replanning and trajectory tracking process are repeated until the ¯nal static global 
destination is reached.
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3. Implementation

3.1. Inertial-aided multi-sensor calibration

This section describes the o®line inertial aided multi-sensor calibration algorithm

(iCalib).5 It is based on a nonlinear least-squares multi-sensor calibration system,

which leverages high-rate inertial navigation and can handle a multitude of asyn-

chronous sensors commonly found on robots (e.g. IMU, cameras, LiDARs, and wheel

odometry) while requiring only initial calibration and initial estimates. With hS

denoting the measurement model of sensor S, and nS being a vector of white

Gaussian noise with covariance RS , the measurement of sensor S is expressed as

zS ¼ hSðxÞ þ nS ; nS � Nð0;RSÞ:
A nonlinear least-squares problem can now be formulated:

min
x

X
jjzS � hSðxÞjj 2R�1

S
ð1Þ

requiring an initial guess x̂ to start the optimization process. By incorporating

multiple sensor measurement costs into the formulation, the above least-squares cost

function (1) can be augmented to

min
x

X
CI þ

X
CC þ

X
CL þ

X
CW ; ð2Þ

Fig. 3. Block diagram of the receding horizon planning module.

where CI , CC , CL, and CW represent the measurement costs from IMU, camera, 
LiDAR, and wheel encoder, respectively (see Ref. 5 for their explicit de¯nition), the
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3.2. Reactive planning and control

This section summarizes the planning and control stack implemented on the robot.

The planning part utilizes a modi¯ed version of our aerial vehicle receding horizon

planner15 tailored to generate minimum jerk trajectories using obstacle information

from a 2D local costmap. The trajectory generation is reactive in the sense that it

continuously takes environment information via the costmap, replans the trajecto-

ries, and tracks them in a receding horizon fashion.

3.2.1. Planner

A typical 2D costmap for a simulated o®-road environment is shown in Fig. 4. It

encodes the pointcloud information from the LiDAR into three broad cell categories:

free, occupied, and unknown. The goal of the planner is to generate safe trajectories

that are completely contained within the free cells. The categorization of occupied

cells is further re¯ned into \lethal" (in obstacle) \inscribed" (too close) and

\circumscribed" (precarious). These types of cells are shown by di®erent colors

Table 1. Existing multi-sensor calibration algorithms. Parameter
toff refers to time o®set calibration between sensors.

Algorithm IMU Camera LiDAR Wheel toff Target

iCalib5 � � � � � �
LI-Calib25 � �
MIMC26 � � �
LIC23 � � � �
VIWO24 � � � �

Fig. 4. A typical 2D costmap generated in a simulated indoor environment.

least-squares problem maps to maximum likelihood estimation (MLE), which is 
solved via iterative algorithms. Compared to other existing calibration methods 
(Table 1), iCalib relies on sensor motion to gain calibration constraints and can 
handle both spatial-temporal calibration among all the listed sensors.
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around the obstacle in Fig. 4. The planner ensures that the center of the robot does
not fall within any of these three types of cells.

The planner then generates an ensemble of rays in a pre-selected visibility cone of
the robot. Although the LiDAR can have a full 3D view around the ground vehicle,
trajectories extending directly behind the robot are usually not dynamically feasible.
A feasible visibility cone is therefore de¯ned, which in our case is an area spanning a
�60� angle around the forward heading direction. An ensemble of rays is then
generated within this visibility cone and rays that fall within either lethal, inscribed
or circumscribed cells of the pointcloud are discarded. The ray generation and col-
lision checking technique is based on earlier work15; the di®erence here is that the 
obstacle information now comes from the costmap.

A linear combination of three components is used to assign a cost to each free ray.
Let p be the total number of free rays, let di denote the distance of end point of the
ith ray to the ¯nal goal point, ccollisioni be the cost of nearest obstacle from the ith ray, 
and cdivergencei denote the divergence cost of ith ray from the previously generated
trajectory. Then, for the positive scalar weights k1; k2; k3 2 ð0; 1Þ, the total cost
associated with ray i expressed for i 2 ½0; . . . ; p� is

ci ¼ k1 d

di

max 
þ k2 ccollisioni þ k3cdivergencei ;

where the divergence cost compares the angle of each free ray in the ensemble from the
tangent to the trajectory generated in the last planning cycle, and all cost components

are normalized in the ð0; 1Þ range. Taking the best ray, and in each planning cycle, the
receding horizon planner generates a dynamically feasible minimum jerk reference
trajectory of time duration T (referred to as the planning horizon) along this direction,
using the user-speci¯ed desired nominal speed of the vehicle.15 The robot utilizes a 
fairly standard non-holonomic output tracking controller (see below) to track an
initial portion of this reference trajectory for a small time interval (referred to as the
control horizon ��� a fraction of the planning horizon T ). The length of the control
horizon is dependent on the vehicle's speed, LiDAR's update rate, and computational

capabilities onboard the vehicle. Generally, the control horizon should be longer than
the update rate of the LiDAR plus some safety margin.

Upon receiving new pointcloud data, the robot modi¯es the local costmap, gen-
erates a new trajectory and appends the newly computed reference trajectory seg-
ment to the end of the trajectory segment it is currently implementing. When the
robot reaches the end of the control horizon of the reference trajectory segment

currently being implemented, it smoothly switches to the next trajectory. The pro-
cess between sensor updates constitutes a replanning cycle.

3.2.2. Controller

Let ðx; yÞ be the current position of the robot, vx and vy the two components of its
velocity vector v, and � and ! its speed, current heading and angular velocity,
respectively; then, assuming unicycle kinematics, the ground vehicle's motion can be
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represented as follows:

_x ¼ v � cos �; _y ¼ v � sin �; �
: ¼ !: ð3Þ

Denote ½xrðtÞ; yrðtÞ� the reference trajectory to be tracked, and de¯ne

�rðtÞ, arctanð _yrðtÞ_xrðtÞÞ. Then

�
:
rðtÞ ¼

€yrðtÞ _xrðtÞ � €xrðtÞ _yrðtÞ
_x 2
rðtÞ þ _y 2

rðtÞ
:

With this, the current con¯guration of the vehicle can be expressed as ½x; y; ��. For
a small positive constant �, de¯ne

z1 ¼ xþ � cos �; z2 ¼ yþ � sin �:

Similarly for the reference motion, one de¯nes

zr1ðtÞ ¼ xrðtÞ þ � cos �rðtÞ; zr2ðtÞ ¼ yrðtÞ þ � sin �rðtÞ
and expresses their derivatives as

_zr1ðtÞ ¼ _xrðtÞ � ��
:
rðtÞ sin �rðtÞ _zr2ðtÞ ¼ _yrðtÞ þ ��

:
rðtÞ cos �rðtÞ:

Then for k > 0, the control law

u1ðtÞ ¼ _zr1ðtÞ � kðz1ðtÞ � zr1ðtÞÞ; u2ðtÞ ¼ _zr2ðtÞ � kðz2ðtÞ � zr2ðtÞÞ
on the integrator system _z1ðtÞ ¼ u1ðtÞ, _z2ðtÞ ¼ u2ðtÞ, renders the zr � z output error

dynamics exponentially stable. Mapping back to the original unicycle coordinates

yields the robot's control input:

vðtÞ ¼ u1ðtÞ cos �ðtÞ þ u2ðtÞ sin �ðtÞ; !ðtÞ ¼ �u1ðtÞ
sin �ðtÞ

�
þ u2ðtÞ

cos �ðtÞ
�

:

Fig. 5. Sensor setup for Jackal containing Velodyne VLP-16 LiDAR, Microstrain IMU GX5-25, Realsense
T265 cameras, and FLIR Black°y camera. Jackal itself contains a wheel encoder.
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3.3. Hardware

The mobile robot base is a Jackal platform by Clearpatha and the sensor payload

includes a Velodyne VLP-16 LiDAR, a microstrain IMU GX5-25, two Realsense

cameras (T265 and D435i), a FLIR Black°y camera and a wheel encoder. The

LiDAR device is rigidly mounted on top of the robot and the Realsense cameras

along with the Black°y camera are mounted below the LiDAR to provide ¯ne

pointcloud and depth information. This con¯guration is depicted in Fig. 5.

4. Numerical and Experimental Validation

The validation of the navigation stack was carried out using both simulated obstacle-

dense environments as well as outdoor ¯eld testing. Simulations were conducted in a

Unity simulation environment with test environments that were modeled in Blender

(Fig. 6). The parameters of the robotic vehicle in simulation were set to mimic the

behavior of the Clearpath Jackal used in the real-world tests. Rviz was utilized to

visualize the costmap data and generate plots of the vehicular motion. A similar

approach was utilized for the testing of the robot in the ¯eld test with the testing

environment and parameters selected based on their general similarity to the sim-

ulation environment.

4.1. Calibration testing

The data to evaluate the automatic calibration module were collected using the robot

in the environment of Fig. 5. A ramp was utilized in order to reduce the degeneracy

between the IMU and other sensors such as the camera, the wheel encoders, and the

LiDAR. To minimize the interpolation errors of the base sensor, the initial time o®set

guesses were set to zero. Two scenarios were designed to evaluate the performance of

iCalib: IMU+Camera+LiDAR with MSG-CAL27 as the reference, and IMU

Fig. 6. The high density environment used for Jackal simulations.

ahttps://clearpathrobotics.com/.
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+Camera+Wheel with manually measured reference values. Four datasets were
drawn from MSG-CAL; their average was used as reference.

To allow direct comparisons, it is necessary to map the proposed system's con-
verged CAM-IMU and LiDAR-IMU transformations to a relative CAM-LiDAR

calibration, before computing the orientation quaternion error relative to a hand
measured datum (Fig. 7). Here is a di®erence of less than 0:5� between the orien-
tation errors and a di®erence of 1 cm between the translation with the time o®sets
converging to stable values.5

Fig. 7. Spatial-temporal calibration for IMU, Camera, and LiDAR. We transferred the IMU-Cam and 
IMU-LiDAR calibration to Cam-LiDAR calibration for comparison with MSG-CAL, which is represented
by the red dotted line.5

Figure 8 indicates convergence for the time o®set parameter of the base camera to
a constant value. The ¯gure however demonstrates lack of convergence for the
variables for roll, pitch, and z translation of the IMU-wheel calibration set, an out-
come that may be attributed to loss of observability. One potential culprit is the
utilization of the 2D wheel odometry model for 3D rigid body calibration. Calibration
of the wheel odometry extrinsics without any cross-sensor constraints is currently
still an open problem.
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Fig. 8. Spatial-temporal calibration for IMU, camera, and wheel encoder. Due to limited space, only the
spatial calibration between IMU and wheel encoder is shown. The IMU-wheel calibration converges slowly 
mainly due to the degeneracy of the vehicle's planar motion.5

4.2. Numerical testing for navigation and control

A numerical model of Jackal was tested in simulated environments with low, me-

dium, and high obstacle densities. Each environment contained cylindrical obstacles
of 1 m in diameter with varying center-to-center distances based on the desired
obstacle density. Obstacle con¯guration was selected to mimic the distribution of
trees in the wooded outdoor testing area utilized, and the increase in density is
intended to challenge the ability of the algorithm to navigate highly cluttered
environments. As expected, the high-density con¯guration, featuring a center-to-
center distance between obstacles of �5.5 m, presents the most challenge. This ob-
stacle density led the planner to generate tightly curved trajectories in order to avoid
the obstacles.

The path that the robot carves through the high-density simulated forest envi-
ronment is marked in Fig. 9. The robot's goal location in this particular run was set
at f40; 40 mg. Note that the robot generates a path that does not deviate consider-
ably from the straight-line path between the starting position and the goal. The
generated motion of the vehicle is smooth and continuous as expected due to plan-
ner's jerk minimization.
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4.3. Outdoor experimentation results

For real-world testing and system validation, experiments were run with the robot

shown in Fig. 5, deployed in a wooded environment that resembles the one used in

simulation studies. Outdoor testing was conducted without any prede¯ned map of

the area, and the costmaps used were generated in real-time using only LiDAR data.

Figure 10 shows the costmap generated in one of the wooded environments utilized

Fig. 9. The simulated trajectory and costmap for the Jackal in the high density testing environment.

Fig. 10. The ¯nal Jackal position and costmap generated in the outdoor wooded environment. Black 
regions represent obstacles (trees or fence structures).
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for testing, after the robot has reached its ¯nal destination. The robot begins at the

starting position in the center of the grid shown on the left and navigates through an

o®-road forested environment to reach its goal at f40; 0mg. Note that there are a few

narrow paths through the woods that could potentially lead the robot to its desti-

nation, but there was no prior information on either of these solutions or on the

environment's topology. In the testing runs conducted, the robot was consistently

able to navigate through the o®-road environment and reach the destination location

on the other rightmost side of the small patch of woods. The resulting error between

the ¯nal robot position and desired goal could range in 1–5m between runs ��� it

should be noted, however, that no GPS information is utilized here, and uncertainty

over the initial robot heading also factors in the outdoor localization error. Overall,

the motion generated in outdoor testing generally matches the behavior seen in

simulation, and both were comparably smooth (minimum jerk as a proxy for power

e±ciency) relative to the motion optimization criteria used.

5. Conclusions and Future Work

Completely autonomous navigation for unmanned ground vehicles (UGV) in un-

known GPS-denied o®-road environments can be particularly challenging, requiring

careful co-design of sensor calibration, state estimation and motion planning pro-

cesses. E®ective sensor calibration and robust reactive motion planning and control

are shown to be e®ective in such contexts, when tested in unstructured o®-road

environments without utilizing GPS. An autonomous navigation pipeline along such

a direction incorporates a novel integration of two key components: accurate o®-line

sensor calibration, and reactive receding horizon motion planning and control. Po-

tential future extensions include tightly coupled visual-inertial-wheel odometry with

online sensor calibration, which could facilitate e®ective fusion of monocular images

together with IMU and wheel encoder readings, to provide accurate ego-motion

tracking.
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