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1 Summary

This report summarizes efforts to create a new high-speed scaled autonomous vehicle and accompanying

outdoor test facility at Georgia Tech via DURIP Award W911NF-12-1-0377 to test and validate newly

developed perception and control algorithms for autonomous unmanned ground robotic vehicles (UGVs)

operating in uncertain and unstructured environments, and under extreme driving conditions (i.e., off-road,

at high speed, while skidding/slipping, etc).

Two vehicles were constructed, each approximately 1 m long, 0.6 m wide, 0.4 m high, weighing 20.5 kg,

with a top speed of 90 kph. The platform can drive itself fully autonomously using only on-board sensing,

computing, and power. This hardware complements the theoretical work of the PI and his co-workers in

the area of integrated, neuro-inspired perception and control of autonomous, aggressively driven vehicles,

developed under MURI ARO award “Neuro-Inspired Adaptive Perception and Control for Agile Mobility of

Autonomous Vehicles in Uncertain and Hostile Environments” (ARO award no. FA9550-04-1-0135). This

research will enable radically new capabilities of autonomous and semi-autonomous ground vehicles in the

battlefield. It will enhance manyfold the maneuverability and mission impact of these vehicles by allowing

them to move at high speed, over rough terrain and while operating in hostile environments.

While smaller than many other research-focused autonomous ground vehicles, the platform offers a

cost-effective, fast, agile, and safe alternative to operating full-sized autonomous vehicles while retaining

realistic vehicle dynamics that the smaller toy platforms lack. The sensor package, hardware, and comput-

ing capabilities offer a large performance improvement over traditional scaled autonomous vehicles. Several

graduate and undergraduate students use the robots and test site for high-speed control, vision, and auton-

omy research. Although the research focuses on robotic ground vehicles, nonetheless, the challenges that

are associated with this specific application (i.e., limited computational resources, limited on-board power,

limited time to reach and execute decisions under an uncertain and rapidly changing environment) will ben-

efit tremendously all unmanned, autonomous robotic systems (aerial, marine, underwater), which are also

required to operate under similar constraints.

(a) Autonomous driving at test track (b) Assembled robot

Figure 1: Scaled autonomous platform

In this report we describe the main specifications of the platform (hardware and associated software) and

we outline the system identification procedures, along with examples of two control designs implemented

so far to allow completely autonomous operation. A movie of the vehicle operating a high-speed over rough

terrain can be found at http://www.ae.gatech.edu/labs/dcsl/movies/full track 2.avi.

1



2 Major Equipment Purchased

The list of major equipment purchased is given in Table 1.

Table 1: Major equipment purchased

Date Acquired Description Cost

5/29/2013 Test track construction materials $3,143

10/13/2014 9 degree of freedom IMUs $7,020

11/26/2014 Velodyne VLP-16 3D LIDARs $15,998

Various Machine vision cameras, lenses, cabling $6,370

Various GPS base station, on-robot GPS Units, antennas, and cabling $17,686

Various Robot chassis and on-board computing $19,787

Various Materials and supplies $29,997

Total $100,000

3 Fully Autonomous Systems with Real-Time Execution Guarantees

3.1 Current State of the Art and Challenges

Reducing the risk to human lives and ensuring mission success, while operating in hazardous or hostile

environments, has led to the development of unmanned, autonomous and semi-autonomous vehicles for

many military applications. At the same time, most robotic unmanned ground vehicles (UGVs) currently

deployed in the field operate at low-to-moderate speeds and have low-to-moderate maneuverability, thus

making them vulnerable in the battlefield. Increasing the speed and agility of these vehicles will have

enormous benefits, both in terms of extending the range and type of the missions currently undertaken by

these vehicles, as well as in terms of increasing the success rate of these missions.

The completely autonomous operation of robotic wheeled land vehicles remains a challenging prob-

lem, despite the impressive levels of perception and autonomous driving demonstrated in the recent DARPA

Grand and Urban Challenge competitions [1, 2]. Especially challenging is operating such vehicles at high

speed in open terrain, over loose surfaces, and under abnormal driving conditions, such as severe un-

der/oversteer, skidding, etc. This is owing to the short time scales required for planning and (re)action,

compounded by the nonlinear and uncertain vehicle and terrain dynamics dominating these regimes. Fur-

thermore, the problem of estimating the vehicle state within the environment (perception) cannot be tackled

using the current practice of building detailed 3D maps of the environment, based on either LIDAR or EO

(electro-optical) input alone, since this is computationally infeasible with current technology at the time

scales required for this problem.

The major challenges one is faced when developing autonomous intelligent vehicles for operation in

open terrain at high-speed, possibly in unfriendly territory or hostile environments include, among other

things, the following:

Nonlinearity of Vehicle Dynamics and Uncertainty in Surface/Vehicle Interface: Controlling a vehi-

cle close to or at its handling limits, during abnormal driving conditions (e.g., severe understeer or oversteer,

while skidding, over rough terrain) is a notoriously difficult problem. Nonlinear effects dominate the dynam-

ics, tire friction is close to (or exceeds) the adhesion limits, and the vehicle is close to instability. Common

linear friction models are completely inadequate in these regimes.

Coupling Between Sensing/Perception and Motion/Control: Vehicle motion is coupled with data

acquisition and sensing. Therefore, control strategies based on naive separation principle arguments are very
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likely to fail. Large and rapid motions of the vehicle may even lead to divergence of traditional (i.e., EKF-

based) estimators, not to mention the difficulties stemming from the paucity of inertial state information

(e.g., GPS measurements).

Limited On-board Computational Resources: Operation of truly autonomous ground vehicles re-

quires both trajectory design (planning) and trajectory tracking (control) tasks to be completely automated.

Given the short response time scales of these vehicles, these are challenging tasks using existing route opti-

mizers. This is especially true for small and agile UGVs, which may not have the on-board computational

capabilities (CPU and memory) to implement some of the sophisticated perception and path planning algo-

rithms proposed in the literature thus far.

3.2 A New Paradigm for Perception and Control for Autonomous Systems

Our current research aims at remedying the previous shortfalls by using insights from the perception and

action mechanisms of human expert drivers. By encapsulating the cognitive and reflexive planning layers

of a human expert driver, we make extensive use of prior information, both at the sensing and execution

levels. Human cognitive models provide strong evidence that the manner by which human (especially

expert) drivers perceive and (re)act to environmental stimuli and process information, is quite different from

the way most current perception techniques deal with this problem. For instance, because of experience,

and prior familiarity with typical road conditions and geometry (this is common for instance in rally driving

competitions), the driver has already a preconceived notion of “what is coming ahead.” (S)he certainly

does not “reconstruct” the whole environment at every instant of time, and his/her approach to driving has a

significant anticipatory (non-causal) component.

We explore hierarchical and multi-resolution approaches to vision and processing, inspired by the human

visual cortex. Departing from the standard paradigm of perception/sensing then control, we promote instead

perception/sensing-for-control by leveraging attention-focused, adaptive perception algorithms that operate

on actionable data in a timely manner. This will eventually enable real-time processing of the collected

information by the on-board sensors and the subsequent fast reaction by the vehicle. We use the element of

surprise and context priors as a means to focus attention on the data and events (temporal and spatial) that

are most relevant to the task(s) at hand.

3.3 An Open Platform to Test and Validate Perception and Control Algorithms

Part of the difficulty in studying this problem is the large investment in vehicle hardware, track infrastructure,

and safety procedures needed to test high-speed algorithms on a full size vehicle. Prior to this work, the

only options for testing algorithms were to use a full-scale vehicle or use a small-scale remotely controlled

vehicle. While full scale vehicles exhibit dynamics that are of interest and can carry on-board computation,

safety and cost make it very difficult to test new algorithms. One or more full time engineers is generally

needed to maintain the vehicle, large test facilities are needed, and ensuring vehicle and test personnel safety

requires significant thought and planning. While small scale vehicles are much easier and less expensive to

work with, they exhibit significantly different dynamics and cannot carry significant computation on-board.

This report summarizes the major equipment purchased to construct two scaled automobile platforms

for research and education in autonomous vehicle dynamics, sensing, control, path-planning and perception.

Building and testing a scaled model of an automobile bridges the gap between inaccurate software simu-

lations and costly full-scale real vehicle experiments. Development and evaluation of new perception and

control algorithms cannot be based solely on simulations, which may fail to capture critical aspects of the

real-world. On the other hand, experimentation with full-scale vehicles faces several cost and risk issues.

The risk issue is particularly important in our case, as the autonomous vehicles are driven at high-speeds and

often at the limits of their handling capacity. Furthermore, when working with full-size vehicles interfering

3



with factory-installed sensors and actuators poses a severe challenge, while, even for a trial run, a racing

track is necessary. Therefore, several researchers have turned their attention to scaled automotive models for

their potential to provide valuable results with less cost and effort compared to full-scale cars [3, 4]. To the

best of our knowledge, the ability to rapidly deploy advanced control and perception algorithms on a scaled

platform maintained and operated by a small team of students is unique.

4 Chassis

The chassis is derived from a 1:5 scale HPI Baja 5SC radio controlled trophy truck model. Fig. 2 shows

the assembled chassis with all modifications installed and the plastic protective outer body removed. Some

stock components were replaced with off-the-shelf, third-party hardware to accommodate the weight added

by the sensor and computing payload. The total weight of the assembled chassis is 13 kg.

Figure 2: Fully assembled chassis

The most significant change to the chassis is the replacement of the stock 3hp 26cc 2-stroke gasoline

engine with the 10hp electric motor from the Castle Creations Baja Conversion Kit. Compared to the stock

engine, the electric motor is more than 3 times as powerful, more reliable, can electronically brake the rear

wheels, is much more compact, generates little heat, produces no oil residue, and requires no maintenance

or cleaning between runs. The electric motor has a much faster response to changes in throttle commands

across all operating conditions. The motor and chassis electronics are powered by 2, 4-cell 18.4V 6500mAh

Lithium-Polymer (LiPo) batteries connected in series for a total voltage of 36.8V. The batteries provide the

same 45 minutes of continuous usage as a full tank of fuel, but take up less space and weigh less.

The chassis requires one servo to operate the steering and one for the front brakes. We chose the newer

7.4V digital hobby servos which give more precise control at a faster rate, higher torque output because of

increased power consumption, faster response time, and a reduced dead band compared to traditional 6.0V

analog servos. The steering servo we use, which is the most powerful 1/5 scale steering servo we found, is

the Savox SV-0235mg with a torque output of 486.1 oz-in and an unloaded rotation speed of 0.15 s/60 deg.

The brake servo is the Savox SV-1271SG that has a torque output of 347.2 oz-in and an unloaded rotation

speed of 0.08 s/60 deg. The servos are powered by a Castle Creations Battery Eliminator Circuit (BEC)

Pro, which has a maximum output current of 20A and can handle the high power draw of the heavy duty

servos and high input voltage (38.6V) from the chassis batteries. A BEC is the hobby RC equivalent of a

programmable voltage regulator with data logging capabilities. The brake servo actuates the master cylinder
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of a Mecatech hydraulic front brake kit.

Parts of the chassis structure were upgraded to handle the increased size and load of the sensor and

computing package. The stock injection-molded plastic steering linkage was replaced with billet aluminum

parts to withstand the increased steering torques and weight on the linkage. The plastic side rail guards that

we use as mount points for the compute box were replaced with billet aluminum parts to carry the weight of

the compute box without bending. Axle extenders were installed to increase the track of the vehicle by 1 in.

A wider track increases lateral stability and provides room to mount the front brakes. The stock suspension

springs originally designed for the 28 lb chassis were replaced with stiffer springs of similar dimensions to

reduce body roll and better absorb bumps on the fully assembled 45 lb chassis.

To determine the desired new spring constants, the suspension was analyzed as a second order spring

mass damper system where the natural frequency of the system is directly related to the ratio of the spring

constant to the system mass. We measured the spring constants of the stock front springs to be kf =
8.48 lb/in and the two springs on one of the rear shocks combined to be kr = 11.17 lb/in. We calculated

desired new spring constants given the ratios: 8.48/28 = kf/45 and 11.17/28 = kr/45, which gives a

desired kf = 13.63 lb/in and kr = 17.95 lb/in. Custom springs are prohibitively expensive, so we installed

off-the-shelf springs with the same overall dimensions as the stock configuration that have kf = 15 lb/in

and kr = 19.09 lb/in. These modifications increased the natural frequency of the system, which in turn

decreased the peak response time of the suspension, along with the settling time. The oil in the shocks was

also chosen to be 40 W, which is the most viscous oil available from the manufacturer. This high weight oil

increases the damping ratio of the system and decrease the overshoot of the underdamped system to help

prevent scraping the chassis along the ground after jumps and reduce bouncing over bumps.

WHEEL WELL

DIRT PROTECTOR

WHEEL DIRT

PROTECTOR MOUNT

WHEEL SPEED 

MAGNET HOLDER

BRAKE DISK

ALIGNER

RADIO ELECTRONICS

BOX

GPS BOX

WHEEL ROTATION

SENSOR MOUNT

Figure 3: 3D printed chassis components

The standard controller for hobby RC cars is 2-channel to control throttle and steering. We chose a

programmable 4-channel transmitter. The first 2 channels control the steering and throttle, respectively, and

the remaining channels are used for the vehicle safety system, which is discussed in Section 6.1.

In addition to the third party components purchased from hobby suppliers, we designed and 3D-printed

custom components out of ABS plastic. The 3D printed components on the chassis include a replacement

electronics box, the GPS/IMU box, mounts for the back wheel rotation sensors and magnets, and alignment
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(a) Springs setup, black

stock and silver up-

graded (b) Front wheel hub assembly (c) Rear wheel hub assembly

(d) Chassis electronics box (e) GPS and IMU box, lid removed

Figure 4: Upgrades and custom components

guides for the front brake disks. The electronics box replaces the stock one mounted in the front of the

chassis hull, just behind the steering servo and linkage. Contained within the box are the stock radio re-

ceiver, USB servo controller, servo multiplexer, brake servo, servo capacitor, and run stop relay. Inside the

GPS/IMU box is the GPS, IMU, a small fan, and the GPS antenna is mounted to the ground plane on the top

of the box. Mounts for wheel rotation sensor magnets and for the Hall-effect wheel rotation sensors are also

installed on the chassis. Dust covers for the front tires were printed to reduce the amount of dust kicked up

into the compute box. The dust covers were added after the dust filters were repeatedly clogged by fine dust

during long runs during dry track conditions. Excessive dust buildup greatly reduces airflow through the

compute box and can lead to overheating and component failures, especially because ambient air tempera-

tures during summer tests can reach 100 degrees F. The brake disk aligners were installed because the wheel

rotation sensor magnets unbalance the disks, which catch on the brake pads causing the wheels to lock up.

5 On-board Computing

We designed a modular, reconfigurable on-board computing solution that uses standard consumer computer

components and a common interface to the chassis. Computing hardware development outpaces advance-

ments in almost all other components, so our solution can be upgraded as necessary and scaled as computing

requirements evolve. Here, we present the two different computing solution: a high-performance, desktop-

grade computer and a lightweight, low-power NVidia Jetson TK1-based computer. Because the compute

6



Table 2: Compute box comparison

Mini-ITX Jetson

CPU 3.1GHz Intel quad-core i7 2.32GHz ARM quad-core Cortex-A15

System Memory 16GB DDR3 1600MHz 2GB DDR3L 933MHz

GPU Cores 640 192

GPU Clock Speed 1020MHz 852MHz

GPU Memory 2GB GDDR5, 5.4 Gbps Shared with RAM

On-board Storage - 16GB fast eMMC

Storage SSD 240GB and 1TB SATA3 240GB SATA3

Empty Weight 3.3kg 2.0kg

Full Weight 7.5kg 3.98kg

Max Power Consumption 168W 70W

boxes share the same mounting hardware and data connections, they are interchangeable between the chas-

sis. This way, if one chassis or compute box is damaged or undergoing maintenance, we can simply swap

out the non-functional part and continue testing. The software is compute box and chassis agnostic given a

configuration script to detect the current chassis, compute box, and sensor package.

5.1 Mini-ITX Compute Box

A major design consideration for the platform is on-board computing performance. Modern control and

perception algorithms are very CPU- and GPU-intensive. To maximize performance and reduce hardware

development time, the compute box employs standard consumer components instead of specialized embed-

ded hardware typical of scaled autonomous platforms. The compute box design provides a robust enclosure

that fits on top of the chassis inside the stock Lexan body. The box is designed to withstand high speed

crashes including collisions with fixed objects, rollovers, and crashes from jumps. The compute box exte-

rior is fabricated from 3003 aluminum sheet cut with a water-jet and bent on a Magna-Bend. The interior

structure is a combination of laser-cut acrylic and 3D printed ABS plastic parts. The enclosure is designed

to withstand a 10g direct impact from any angle without damaging internal components. The 10g impact

is larger than any impact experienced in the past, as measured by our IMU. We verified the box’s impact

tolerance with FEA of the CAD model before fabrication. The all-aluminum exterior provides excellent

EMI containment so that the GPS receiver can operate in close proximity. Aluminum dust filters coupled

with an inner foam membrane filter out environmental contaminants such as dust and rocks without creating

openings for EMI to escape. The cameras and lenses, mounted on the top of the box, are protected by covers

made from square 6061 aluminum tube.

The computer motherboard is an ASUS Z87I-Deluxe Mini-ITX motherboard and the CPU is a 3.1 GHZ

Intel 65W Haswell Quad-core i7 processor. On-board RAM is 16GB of DDR3 1600MHz. One 240GB

SSD is used as the primary system drive and one 1TB SSD is used for data logging. With all programs

running, including both cameras at 60Hz, the 1GB of data is logged every 3 seconds, which fills the log-

ging drive in 16 min. Images compose 98% of the logged data so the camera frame rate is normally set

to less than 30Hz to extend logging time. GPU computing is performed on an NVidia GTX-750ti. The

GTX-750ti is a half-length design that matches the Mini-ITX form factor. Relatively low 60W maximum

power consumption keeps the entire power budget within the capabilities of our power supply. Dual 2.4GHz

WiFi antennas are installed on the top of the box and connect to the integrated 802.11ac WiFi card. WiFi

is used to remotely monitor high bandwidth, non-time critical data from the platform such as images and

diagnostic information. A 900MHz XBee Pro provides a low-latency, low-bandwidth wireless communica-

tion channel. This connection carries a global heartbeat message and GPS RTK correction from the base
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(a) Compute box assembly (b) Compute box lid assembly

Figure 5: Mini-ITX compute box CAD models, aluminum is gray, acrylic is yellow, 3D printed ABS is blue

station. The base station XBee functions in broadcast mode, so all robots in communication range can use

the same GPS correction information and be stopped simultaneously by the heartbeat. This is akin to the

green/red/black flags used to convey information to all drivers simultaneously on a race course. Wheel ro-

tation sensor data, synchronous camera triggering, and capture of the servo signals coming from the hobby

RC transmitter/receiver is performed by a 16MHz 8-bit Arduino Mega 2560. The Mega has 128kB of flash

memory, 8kB of SRAM, and 4kB of EEPROM memory. The data comes into the Arduino from the chassis

via a an 8-pin cable with Hirose HR25 connections. A Mini-Box M4-ATX DC-DC power supply powers

everything in the compute box. The M4-ATX is designed for automotive DC power systems and provides

250W of continuous power and 300W peak. A Cui DC-DC 3.3V isolated power supply powers the GPS and

GPS antenna through a 3-wire servo cable leading to the GPS/IMU box. The compute battery installed is a

22.2V, 10Ah 6S LiPo battery with a total capacity of 222Wh. The battery is sized to last 1.5 hours at full

load, which is twice as long as the chassis batteries because the robot is often stationary with the computer

running during testing. Two Mini-Box Y-PWR Hot Swap boards are installed in parallel to allow laptop-like

switching between wall and battery power without requiring a system shutdown. External DC power is

connected through panel-mounted barrel plugs on the exterior of the compute box. The hot-swaps automat-

ically route the higher voltage source through to the power supply. Internal battery voltage and computer

temperature sensors are used to monitor system health. The total weight of the empty compute box is 3.3

kg, and 7.5kg with all components installed.

Inside the compute box there are 4 3D printed components: a battery holder, a SSD holder, a GPU

holder, and a RAM holder. The battery holder tightly secures the internal compute battery to the inner back

wall of the compute box. It is slightly undersized so that the battery press-fits into the mount and can be

removed for charging and maintenance without removing any internal screws. The SSD holder is used to

securely mount both SSDs to the side wall of the compute box. The GPU holder provides a vertical contact

surface to hold the GPU against the central internal acrylic strut. The RAM holder presses over the 2 RAM

DIMMs and screws down to the CPU fan mounts. The need for the RAM holder was discovered because

the computer locked up whenever the robot experienced a large lateral acceleration during a roll-over or

landing jumps. The behavior was reproduced in lab by pushing laterally on the RAM DIMMs. With the

RAM holder installed, the behavior persists only in situations when the robot cannot continue to physically

operate such as end-over-end flipping crashes.

The compute box attached to the chassis with 4 3D printed mounts secured to the bottom of the compute

box. The mounts fit over vertical posts on the chassis rail guards and are held in place with a cotter pin

8



(a) Fully assembled CAD model

(b) Fully assembled

(c) Front view: motherboard, SSDs, and RAM holder (d) Rear view: battery, power supplies, and Arduino

Figure 6: Mini-ITX compute box

though the mount and post. Special consideration was taken to design the mounts as break-away points

for the compute box in the event of a catastrophic crash. The mounts are designed to break away before

any of the aluminum compute box parts fail to protect the electronics from damage caused by the compute

box warping. By applying lateral forces with FEA and the CAD models, we designed the failure point of

the mounts to be at 8g of lateral force on the compute box compared to the 10g design load for the rest of

the compute box. In practice, the compute box mounts break away during hard rollover crashes without

damaging internal components. Button covers are mounted to the outside of the compute box to protect the

buttons during a crash and keep dirt out.

5.2 Jetson Compute Box

The NVidia Jetson TK1-based compute box was designed as a light, low-power compute box compared to

the Mini-ITX box. The board is built around a Tegra K1 System On a Chip (SOC) that has a 4-Plus-1 quad-

core ARM Cortex A15 CPU, a 192-core Kepler GPU, 2GB RAM shared with the GPU, and 16GB eMMC

memory. We installed an Intel 802.11ac WiFi card in the available half mini-PCIE slot, a 240GB SATA3

SSD for data logging, and a 4-port USB3.0 hub and 10-port USB2.0 hub to connect all of the peripherals.

The Jetson compute box uses the same dual 2.4 GHz WiFi antennas and 900MHz XBee Pro as the Mini-ITX
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Figure 7: 3D printed Mini-ITX compute box components

Compute Box. Just like in the Mini-ITX box, an Arduino Mega 2560 and 8-pin Hirose HR25 able assembly

handle the wheel rotation sensor data, synchronous camera triggering, and capture of the servo signals from

the hobby RC transmitter/receiver. We use a Mini-Box DCDC-USB-200 power supply to power everything

in the compute box except for the USB hubs, which are powered by a 5V Pololu step-down voltage regulator.

The DCDC-USB-200 power supply provides a single user-programmable output voltage and a continuous

power output of 150W and 180W peak. A Cui DC-DC 3.3V isolated power supply provides power for the

GPS and GPS antenna through a 3-wire servo cable leading to the GPS/IMU box. The battery installed is

22.2V, 4Ah 6S LiPo battery with a total capacity of 88.8Wh.

(a) Front view (b) Back view

Figure 8: Jetson compute box CAD, aluminum parts are gray, 3D printed ABS parts are blue

The battery is sized to run for 1.5 hours at full system load, just like the other compute box. One Mini-

Box Y-PWR Hot Swap board is installed to allow laptop-like switching between wall and battery power

without requiring a system shutdown. External DC power can be connected through a panel-mounted barrel
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plug on the exterior of the compute box. The total weight of the empty compute box is 2.0kg and 3.98kg

with all components installed.

BUTTON

MOUNT 1

BUTTON

MOUNT 2

SSD HOLDER

BATTERY

HOLDER

FRONT CHASSIS

MOUNT

REAR

CHASSIS MOUNT

Figure 9: 3D printed Jetson compute box components

The camera mounts and covers on the Jetson box are positioned at the same 3D positions relative to the

chassis as the Mini-ITX compute box so that the cameras in both compute boxes have the same perspective

and are well-protected in the case of crashes. The cameras are mounted on an aluminum roll bar with flanges

added along the length of the bar to increase the rigidity. Flanges were also added to the base plate to prevent

deflection and oscillation of the box and attached components. The design of the box was optimized using

FEA to be able to protect components from a worst case impact acceleration of 10g, however the roll cage

components have a higher chance to permanently deform under high loads than the solid Mini-ITX compute

box. This may necessitate occasional replacement of the bars or cross braces in the most severe crashes,

however the frequency of these incidents has been low and the weight advantages of the Jetson box are

significant enough to justify the occasional component replacement.

The bottom of the Jetson compute box has a smaller footprint than the Mini-ITX box, but uses the same

4 3D printed mounts that secure the compute box to the chassis. The power buttons, switches, and external

power jack that are panel-mounted to 3D printed holders. Additionally, the battery holder and SSD holder

are 3D printed and secured to the compute box with screws.

6 Sensors and Communication Package

A Hall-effect wheel speed sensor is installed on each wheel hub, along with magnets on the front wheel

brake disks and back wheel 3D printed magnet mount to trigger the sensors. The chosen sensor is a Hallogic

OH090U unipolar switch with a 90 Gauss trip and 65G release, which is the lowest tripping sensor in the

3-SIP form factor from Digikey, which can be directly wired into the system. The chosen magnets are N52

grade 0.3175 cm diameter, 0.1588 cm thick and produce a magnetic field that can trip this specific sensor

from up to 0.58 cm away. Larger magnets could be used to increase the maximum tripping distance but the

chosen setup works reliably with little maintenance and fits much better in the wheel hub assembly. Hard-

ware timers in the Arduino are used to accurately measure the time between successive magnets. Timing

information is sent from the Arduino to the computer at 70 Hz. The computer translates the inter-magnet

time to a rotational velocity. The Arduino also relays PWM control signals from the remote RC transmitter

at 50 Hz to the computer. To trigger the cameras, the Arduino generates an output signal that is fed to the
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discrete GPIO input of each Point Grey camera.

A 900 MHz XBee is used for an additional wireless communication channel with the ground station.

This radio has a RF data rate of 156 Kbps, a range of 6 miles, a wire antenna, and 50 mW of transmit power.

The XBee carries low bandwidth, time sensitive signals such as GPS RTK corrections for the on-board GPS

and a heartbeat from the remote run-stop. It communicates with the computer and ROS system through a

USB port.

A Lord Microstrain 3DM-GX4-25 IMU transmits raw acceleration and angular rate data at 200Hz (max

1kHz) and fused orientation estimates at 200Hz (max 500Hz). The accelerometer can measure ±16g ac-

celerations with 0.04mg bias instability and 100µg/sqrtHz noise density. The gyroscopes can measure

±900 deg/s rotation rates with 10 deg/hour bias instability and 0.005 deg /s/
√
Hz. The biases are tempera-

ture compensated over their entire operating range of -40C to 85C. The IMU is housed in a rugged enclosure

and all data passes through a micro-DB9 connection. Two cameras, mounted at the top of the compute box

facing forward, are used to observe the environment. Both are Point Grey Flea3 FL3-U3-13E4C-C color

cameras with a global shutter, 60Hz frame rate, and USB 3.0 data connections. All cameras use fixed fo-

cal length lenses from Edmonds Optics. One is equipped with a 185 degree FOV fish-eye lens and the

other with a 70 degree field of view (FOV) lens. Additionally, an Hemisphere P303 RTK corrected GPS

receiver provides absolute position at 20Hz, accurate to approximately 2 cm under ideal conditions. The

RTK corrections come over XBee from a stationary Hemisphere R320 GPS base station setup at the test

site.

The on-board LIDAR sensor, the Velodyne VLP-16, spins an internal vertical array of 16 sensors at

10 Hz to generate a point cloud composed of 300,000 points every second. The sensor has a +/- 15 deg

vertical field of view and a 360 degree horizontal field of view and a range of 100m with +/- 2cm accuracy.

In addition, it has internal MEMS accelerometers and gyros for six-axis motion correction. Despite the

Velodyne’s robust enclosure and unique design among 3D LIDARs that fully encapsulates all moving parts,

the Velodyne must be mounted high on the vehicle and exposed to damage from crashes and rollovers for a

usable field of view, it is only used during slow-speed testing when the chance of a roll-over or crash is low.

6.1 Safety System

The vehicle has a 3-layer safety system to remotely stop the vehicle: software-based run stop, the ability to

remotely assume manual control at any time, and a wireless live man switch to break the PWM signal going

to the speed controller using a Pololu PWM-operated relay in the electronics box. The configuration enables

seamless, remote switching between manual and autonomous modes. The behavior is accomplished by using

a switch on the RC transmitter to control the signal select line on the electronic box’s servo multiplexer The

servo signal multiplexer controls which of the two sets of PWM signals, the human- or computer-generated

signals, are sent to the servos and speed controller.

6.2 Time Synchronization

Another critical issue that must be handled for the platform to be useful is time synchronization. Time

synchronization is performed on all of the primary computing and sensing components. System time is

synchronized to GPS time using both the NMEA messages coming from the GPS as well as the PPS syn-

chronization signal provided by the GPS. The IMU, LIDAR, and computer automatically synchronize their

times with these signals, and the Arduino uses the PPS signal to synchronously trigger the cameras with

GPS time.

Many of the sensors have their own internal clocks that need to be synchronized to system time so that

data can be accurately time stamped. The system uses the GPS pulse per second (PPS) signal, which is a

timed pulse sent out at the beginning of each second according to its internal estimate of GPS time on a
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dedicated pin, and NMEA 0183 timing information messages for synchronization. The PPS signal is routed

to the computer, IMU, and LIDAR, which all automatically synchronize their clocks to the incoming signal.

The cameras images are time stamped with system time when they are received by the computer.

The system clock is synchronized to GPS time with the PPS signal and NMEA 0183 messages from the

GPS that are routed to one of the USB ports on the computer via a serial to USB converter. The open source

program GPSD connects to this port and acts as a time server for Chrony, which controls the system clock

to within a few milliseconds of GPS time.

The Microstrain IMU provides a dedicated pin for a PPS input. In addition to the PPS signal, it requires

the current GPS second (GPS time is given in seconds since Jan 6, 1980) of the current PPS pulse. This

value can be derived from the system clock, which is also synchronized to GPS time. The IMU uses these 2

pieces of information to synchronize its own clock and time stamp each measurement with an accuracy of

significantly less than one millisecond to system time.

The cameras provide an external trigger interface. However, this interface requires that each individual

frame is triggered. The Arduino is used to provide the cameras with a triggering pulse at the specified frame

rate. Each time a PPS pulse comes from the GPS, a train of evenly spaced pulses at the rate specified in the

ROS system is sent to the cameras. This way, the exact time when each frame was taken is known.

7 System ID

Many controllers rely on analytic models that require specific vehicle parameters to be calculated. Some of

the commonly used parameters were determined for the chassis and Mini-ITX compute box.

Table 3: Experimentally calculated MOI.

Variable mass T b d MOIbasic MOIexp

Icm,φ 20.175 3.434 0.114 2.518 0.473 0.347

Icm,θ 20.175 2.500 0.292 2.477 1.358 1.068

Icm,ψ 20.175 2.221 0.343 2.240 1.474 1.155

If 0.490 4.316 0.038 1.568 0.005 0.004

Ib 0.655 5.144 0.038 1.578 0.006 0.010

The most accurate way to calculate moments of inertia (MOI) is with a full model in CAD software.

Methods exist to compute MOI by precomputation [5, 6], or online estimation [7] in cases where the full

model is unknown or changing. No complete CAD model of our robot exists as it is a combination of hobby

and custom components. Custom calibration rigs are time consuming, expensive, and difficult to build, so

we compute the necessary MOI and center of mass experimentally using relatively simple methods. An

extensive survey of popular methods for experimentally determining MOI is presented in [8]. We use a

simplified version of the bifilar pendulum method from this paper. Shown in Fig. 10, we attach two fixed,

parallel cables equidistant from the center of mass of the body to isolate the desired axis. The body is rotated

by a small angle around the desired axis, then released and let freely oscillate. Given the parameters of the

test rig and known parameters of the robot, the period of a free oscillation after an excitation determines the

MOI about that axis. The equation for the moment of inertia about a single axis using the bifilar pendulum

method from [8], with variables renamed for consistency, is:

I = m
gR1R2

4π2h
T 2 (1)
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where T is the oscillation period, h is the distance of the calibration object from the support taking into

account non-vertical support wires, and R1 and R2 are the distances from the center of mass to the support

wire attachment. The change in height from the mounting location as the vehicle is rotated is assumed zero

when the angle of rotation is small. Our setup is simplified by using parallel support wires, R1 = R2 = b,
which results in:

h =
√

d2 − (R1 −R2)2 = d (2)

and finally:

I = m
gb2

4π2d
T 2 (3)

Note that time units are seconds and distances are in meters. Table 3 lists the experimentally determined

MOI and the associate testing data. MOIbasic is calculated using constant density geometric volumes with

same dimensions as robot. MOIexp is experimentally calculated using Equation 3 and the measured param-

eters. The oscillation period T is calculated by averaging 20 oscillation periods using the bifilar pendulum

method. Table 4 lists all other experimentally determined parameters.

d

b

b

Figure 10: Bifilar pendulum setup for experimental determination of mass moment of inertia around a single

axis. Example setup for calibrating chassis yaw axis MOI Icm,ψ.

Table 4: Measured robot parameters

Parameter Value Units

Chassis mass 13.0 kg

Mini-ITX compute box mass 7.50 kg

Jetson compute box mass 3.95 kg

Front wheel mass 0.49 kg

Back wheel mass 0.66 kg

Overall length 0.90 m

Overall width 0.46 m

Overall height 0.32 m

Wheelbase 0.57 m

Front Track 0.395 m

Rear Track 0.405 m
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8 Software Interface

All computers in the system use Ubuntu Desktop 14.04 LTS, which is the current long term support edition

that will continue to be maintained until April 2019. The decision was made to go with the most well-

supported Ubuntu release, as opposed to using a real-time kernel or a headless version (no GUI) for ease of

use, wide availability of pre-compiled packages, and lack of custom configuration requirements out of the

box. The custom software on the robot is developed using the Indigo Igloo release of the Robot Operating

System (ROS) [9], which is also be supported until April 2019. Over the past few years ROS has become

a widely adopted middle-ware in the robotics community that provides many tools useful for rapid project

development and testing such as process encapsulation, inter-process publishing via structured messages,

time-tagged logging of all data, and real-time data visualization and debugging capabilities. We developed

ROS interface programs for each sensor without a publicly available interface. As ROS continues to grow

in popularity, the barrier to entry for working with the AutoRally platform will decrease as new robotics

students will arrive with at least a passing understanding of ROS.

8.1 Operator Control Station

The Operator Control Station (OCS) is a tab-based graphical user interface (GUI) built using QT4 that pro-

vides real-time diagnostic information, control debugging capabilities, and a software run stop to a remote

operator. Information displayed includes wheel speed data, compressed images from the on-board cameras,

and all diagnostic messages on the special ROS topic /diagnostics which contain detailed information

about the health of running nodes. The OCS colors each diagnostic message in the diagnostic tab according

to the status flag in the message: green for OK, yellow for warning, and red for error. Another feature of the

OCS is a button for the user to disable motion through the software system that is visible regardless of the

tab selected. That signal is transmitted over WiFi to the robot. The robot can be controlled for debugging

purposes through the control tab using sliders for the steering, throttle, and front. The OCS runs on a 13.3

inch Toshiba Portegé laptop with a dual-core Intel i5 processor with 4GB of RAM and a 320GB hard drive.

There are no specific performance requirements other than being portable and able to run the OCS GUI be-

cause all autonomy-related computations happen on the robot. A Lenovo w520 laptop with a quad-core Intel

i7, 8GB RAM, and a 240GB SSD serves as the second OCS laptop when both platforms run simultaneously.

The Lenovo laptop was originally the on-board computer for the first generation gas-powered platform that

has since been upgraded to all-electric and a custom compute box. If needed, a PlayStation style USB game

pad can be plugged into the OCS laptop to remotely control the robot through the software system using a

ROS standard joystick control node.

Other hardware setup by the remote operator is the base station GPS, run stop box and base station

XBee. These devices provide a global run stop signal and RTK correction data over XBee to all robots

within communication range. All of these devices must be plugged into the same computer, but by design

it does not have to be an OCS. The run stop is a 4 button box with a locking red mushroom button and red,

yellow, and green momentary buttons. To enable motion the mushroom button must be released and the

green momentary button pressed once. All buttons are connected to an Arduino Uno mounted inside the run

stop case that translates the button states into an enable motion signal sent over the XBee.

8.2 Servo Control Priorities

The most important part of the low-level software interface is how signals are sent to the actuators. All

control signals sent from the compute box are go over USB to a Pololu Micro Maestro servo controller. On

the computer, a servo interface node provides one interface point to the hardware by listening to all of the

servo command messages. Servo command messages, which are a custom ROS message type, are accepted
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(a) Platform Information Flow Diagram

(b) Operator Control Station Information Flow Diagram

Figure 11: Autonomous platform

from any node that is in a servo commander priorities configuration file. The file lists the name of each

node and a priority relative to other potential actuator controllers. Because this is a research platform, there

may be several different controllers running at any one time, each trying to control one or more actuators

depending on the situation, but only one signal can be sent to each actuator. This interface provides a simple,

automatic way to add new controllers and systematically swap between controllers while testing. The servo

interface uses the priorities in the configuration file to select the highest priority valid command for each

actuator. Note that commands for all of the actuators do not have to come from one node. This enables

separate control of the throttle, front brake, and steering if desired.
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9 State Estimation

In order to allow simple testing and development of planning and control strategies, an accurate estimate

of the vehicle state is needed. Some vehicle state information, such as wheel speed, is best used as-is.

However, used separately, GPS and IMU measurements are of limited usefulness. GPS is inherently low

rate and gives no information about orientation. IMU measurements are very high rate, but do not directly

give orientation or linear velocity information. By combining the time-synchronized signals from these

sensors, a very accurate and high rate estimate of position, velocity, and orientation can be realized.

Previously, many systems have had great success with sensor fusion using methods such the Extended

Kalman Filter. However, factor graphs combined with advanced inference algorithms such as iSAM2 [10]

allow smoothing over many types of measurements, while retaining the ability to re-linearize previous in-

formation. This reduces many of the problems found in the Kalman filter with states or measurements that

are not approximately linear in the time frame of measurements.

The iSAM2 algorithm is a part of the GTSAM [11, 12] software package, which uses a factor graph

representation of the smoothing and mapping problem. The factor graph representation of sensor fusion is

a method of visualizing states and measurements as a bipartite graph. The factor graph has two types of

nodes, factor nodes fi ∈ F and variable nodes θj ∈ Θ. Edges eij always connect factor and variable nodes.

The factor graph represents the factorization of the function f(Θ) as:

f(Θ) =
∏

i

fi(Θi), (4)

where Θi is the set of variables θj adjacent to the factor fi. Independence relationships in the measurements

in f(Θ) are encoded in the edges eij , where each factor fi is a function of variables Θj . The goal in sensor

fusion is to find the variable assignment Θ∗ that minimized the function f(Θ) in (4):

Θ∗ = argmax
Θ

f(Θ) (5)

To perform this optimization and estimation, a factor graph (Fig. 12) is constructed with successive

measurements and iteratively optimized using GTSAM. At each smoothing time step, an additional set

of states X, V, and B are added to the graph. Additionally, measurement factors for GPS and IMU are

added along with a bias smoothness factor. In order to keep computational loads low while maintaining

high accuracy, this graph contains state nodes for measurements taken at 10Hz. The factors in this graph

correspond to GPS measurements and pre-integrated IMU measurements[13]. To obtain a state estimate at

200 Hz, IMU measurements are integrated to interpolate the 10Hz smoothed position at 200 Hz. Example

trajectories are shown in Fig. 13.

In practice, the measurements from GPS can drift some from day to day, primarily due to the stationary

RTK correction antenna being re-setup each day. To counteract these changes, the robot is started in the

same position on the track each time the state estimator is started. This track position is used as the origin

of a Euclidean coordinate system, oriented tangent to the GPS reference ellipsoid. This prevents GPS drift

from effecting the vehicle state estimate relative to the fixed track boundaries.

10 Testing Facility

We constructed an outdoor dirt track on a recently acquired unused tract of land owned by Georgia Tech on

the edge of campus that contains a large, relatively flat grassy area, a parking lot, and a warehouse used for

furniture storage. A chain-link fence runs along the perimeter of the property and three padlocked access

points limit access to the site.
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(a) Example pose of vehicle on track surface while

sliding and performing aggressive maneuvers
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(b) Example track of vehicle under control of way-

point based controller

Figure 13: Example tracks generated by GTSAM based state estimator under different driving conditions

The track is a 3.3 m wide flat clay surface in the shape of an oval with outer dimensions of 27.5 m and

15.5 m. The boundaries of the track are 0.15m diameter corrugated drainage pipe which are secured in place

with stakes to provide a semi-rigid crash barrier that will not damage the robots upon contact. The track is

designed to allow the robot to operate autonomously at the limits of its mechanical, electrical, and software

systems. On-site testing materials such as tables, chairs, a wireless access point and other tools are stored in

a shed next to the track. A car port is setup in the middle of the oval to provide shade and protection from

the elements while testing. Water and 120V AC power are available via exterior connections on the building

next to the track.

11 Simulation Environment

Despite the robustness of the hardware platform, there are still maneuvers we want to test in simulation

before performing moving to the hardware. The simulation also allows the careful control of environmental

parameters for validation purposed. Other times, a simulation is valuable for performing repetitive or time-

consuming experiments that would take weeks of testing on the physical platform.

For a simulation environment we chose to use Gazebo, which is a ROS-compatible, physics-based sim-

ulator. We created a simulation environment and robot model to match their real-world counterparts and
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(a) Test track during testing (b) As-Build track dimensions, units are in m and deg

Figure 14: Georgia Tech Autonomous Vehicle Racing Facility

support the same software interface as the real hardware. The track and track boundaries were constructed

using CAD software and the as-built track dimensions from the testing facility. The steering servo and Ack-

ermann linkage of the physical robot are approximated by a ROS joint effort controller that applies torque

to turn the wheel about the vertical axis of the inside of each front wheel. The unloaded rotation speed,

maximum torque, and joint limits used in simulation are measured from the steering servo specs provided

by the manufacturer and by measuring the steering linkage angles relative to the body center line. The elec-

tric motor, powertrain, and drivetrain are approximated by another ROS effort controller that applies torque

on the rear axle of the Gazebo model. The maximum applied torque and angular velocity are calculated

from the motor manufacturers’ specs and calibration on the physical robot. The differential in the physical

platform is neglected in simulation. The suspension for each wheel is modeled with a PID controller on a

linear actuator with a target set-point which determines the ride height of the vehicle. The I and D terms are

calculated from the dimensions and coefficients of the robot’s spring configuration.

Switching between simulation and the physical platform is designed to be seamless from the software

perspective. Simulated GPS, IMU, and cameras come from the hector gazebo plugins ROS package

from TU Darmstadt. We developed our own wheel speed sensor node, as no similar functionality was

publicly available. The AutoRally Gazebo simulation world provides the exact same ROS message interface

as the physical platform and an environment with the same configuration as the testing facility. IMU, GPS,

and cameras are all configured according to the specs of their physical analogs. While the images are of

limited use because of the simplicity of the simulation environment compared to the real world, the IMU,

GPS, and wheel speed data produce data very similar to data collected at the test track.

12 Waypoint Following Controller

In order to test all sensors and assure that state estimation is working as desired, a basic controller was

created to drive the vehicle at a constant velocity following a pre-recorded set of waypoints. The controller

consists of three pieces: (1) constant speed controller, (2) waypoint recorder, and (3) waypoint follower. The

constant speed controller uses a proportional-integral feedback law and speed feedback from wheel speed

sensors to maintain a specified velocity. The waypoint recorder/follower record a set of manually driven

waypoints and follow these waypoints using a proportional control law on the heading error.
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(a) Physics-based vehicle simulation in Gazebo (b) Track with robot and jumps

Figure 15: Simulation environment of track and robot

12.1 Constant Speed Controller

The constant speed controller outputs a throttle value Ux in the range [−1, 1] according to the following:

Ux = Px(Vx − Vx,des) + Ix

∫

(Vx − Vx,des) (6)

This value is fed to the motor controller after being transformed into a PWM signal value. A value

of 1 corresponds to full throttle, while a value of -1 corresponds to full brake. The vehicle speed Vx is

approximated by the rear axle rotational speed as measured by the rear wheel speed sensors. Error terms are

generated relative to a desired velocity Vx,des. Integral and proportional gains Ix and Px are multiplied by

the error terms according to (6).

12.2 Waypoint Follower

Initially, waypoints are recorded by driving the vehicle along the desired trajectory manually. GPS coordi-

nates are recorded at equally spaced intervals along the driven path. The job of the waypoint follower is to

steer the front wheels of the vehicle so that the vehicle can navigate this set of waypoints. It has two tunable

parameters, the look-ahead distance and a proportional heading error gain. Considering a heading error β
(calculated as the difference between the vehicle heading and the bearing to the next waypoint) and control

gain Ph, the steering command Us in the range [−1, 1] is calculated as:

Us = Phβ (7)

An illustration of heading error, look-ahead distance, and a recorded set of waypoints is shown in figure 16

13 Monocular Visual SLAM

For an autonomous vehicle to move from one point to another, it must have some notion about its position

and orientation in the world and some type of world map. Currently, our most accurate robot state estimate

comes from fusing GPS and IMU sensor readings. However, GPS is not always reliable, especially in cities

with large buildings or in areas with dense tree cover. Vision sensors are comparatively inexpensive and

do not require any additional infrastructure (such as GPS satellites or remote correction) sense the world.

Simultaneous Localization and Mapping, or SLAM, is a class of algorithm that attempts to simultaneously

localize a camera and build a representation of the world that is visible to that camera. To step toward a

vehicle pose estimate without GPS, a monocular slam algorithm was tested and tuned for our vehicle.
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Figure 16: Waypoint following controller, with heading error β and forward velocity Vx. Waypoints are red

circles.

Large Scale Direct Monocular SLAM (LSD-SLAM) [14] was chosen as our test algorithm. LSD-SLAM

is a recent algorithm which represents the world as a pose graph of keyframes, and it generates a semi-dense

depth map (which can generate a point cloud) along with pose estimates. We now briefly review the key

steps in the LSD-SLAM algorithm.

13.1 Tracking

The camera’s pose is a rigid body transformation, consisting of a rotation and translation. There are a variety

of ways to compactly represent rotations in 3-space (e.g Euler angles, quaternions). A mathematically

elegant method employed here is to recognize the space of rigid body transformations as a Lie group, and

thus the elements of the group can be completely characterized by the groups Lie algebra. Geometrically

this corresponds to associating all of the elements of the manifold of degree 6 containing all rigid body

transformations to the manifold’s tangent hyperplane located at the groups identity element.

Elements can be mapped to the space of rigid body transforms SE(3) from the associated Lie Algebra

se(3) by the standard matrix exponential exp(ξ) where ξ is an element of the Lie algebra. Using this fact its

possible to define the 3D projective warp function ω which maps an image point p and its inverse depth to

a location in another image frame differing from the current frame by the rigid body transform associated

with ξ

ω(ξ,p, d) =





x′/z′

y′/z′

1/z′



 where









x′

y′

z′

1









= exp(ξ)









px/d
py/d
1/d
1









(8)

Using the 3D projective warp function we can define the photometric error term between a known image Ir
and depth map, and a new image I as a function of the relative pose. This is defined as:

E(ξ) =
∑

i

(Ir − I(ω(ξ,p, d)))2 (9)

The ξ which minimizes E then corresponds to the maximum likelihood estimate of the relative pose between

the two images. Minimization is done with an iteratively re-weighted Gauss-Newton method. Additionally,

since the depth map is uncertain, its important to normalize the error function by the variance of the inverse

depth, and only pixels with sufficiently strong gradients are used in the optimization. We refer the reader to

[14] for details.

21



13.2 Keyframe Creation and Depth Map Estimation

Each keyframe consists of a pose, image, and semi-dense depth map. The generated 3D point cloud is the

union of all of the individual keyframe depth estimates. Keyframes are created when the pose reaches a

certain generalized distance (measuring distance as a function of location and orientation) threshold from

the current keyframe. When this happens the new keyframes depth map is generated by projecting points

from the old keyframe into the new one. Then, when new frames are tracked, stereo correspondences are

found using the method described in [15] between the current keyframe and the new image and depth from

stereo is done by using the baseline from the estimated relative pose. This method repeatedly improves the

keyframes depth map until a new frame is created and the keyframe is permanently added into the map.

13.3 Constraints Between Keyframes

The edges of the pose graph are similarity transforms (i.e., rigid body transform with scaling). Similarity

transforms are used in order to account for scale drift, since the scale of the world is not observable in

monocular SLAM it is possible for the scale to drift over long trajectories and accumulate large errors.

Using similarity transforms overcomes this by allowing each keyframe to have its own depth (the mean

depth of each keyframe is normalized to 1), and then figuring out a consistent scale later. Mathematically

this corresponds to an extra term in a minimization procedure, the relative pose between two keyframes is

estimated as:

E(ξ) =
∑

i

(Ir − I(ω(ξ,p, d)))2 + (ω(ξ,p, d)−Dj(ω(ξ,p, d)))
2 , (10)

where, once again, we have left out the normalization by the variance of the inverse depth, and the fact that

the summation is only performed for points with sufficient gradient. The latter term penalizes deviations in

the depth between the two keyframes. Note the ξ ∈ sim(3) not se(3) as in the previous sections.

13.4 Loop Closures and Global Optimization

When a new keyframe is added into the map, the closest 10 keyframes are considered as loop closure

candidates. If a suitable candidate is detected a sim(3) constraint is added between the two keyframes.

Global map optimization is being continuously performed in the background by a pose graph optimization

algorithm described in [16].

14 Initialization of LSD-SLAM

One of the main difficulties with LSD-SLAM, or any monocular SLAM algorithm, is initialization. In order

for tracking to work, we need to have an existing keyframe with a depth map. But in order for the depth map

to created and refined we need to be able to perform tracking. Upon initialization neither of these exist. The

approach taken by LSD-SLAM is to randomly initialize the depth map, and hope that the algorithm quickly

converges to a correct depth map. Although this may work in some cases, we found that this yielded very

poor performance on our platform. Therefore some form of bootstrapping was necessary.

The approach we took was to take a single stereo image upon initialization and then give the depth map

computed from stereo to LSD-SLAM for initialization. The depth map computed from stereo is sparse,

however it sufficient to initialize the algorithm.

14.1 Testing

The more important test for our application was performance outdoors on a race track. For these experiments

we drove the car around the track at low speeds (about 1 meter/sec) for three laps. Both of the random
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Figure 17: Disparity map of first frame.

initialization and the stereo initialization produce a coherent point cloud and overall tracking is good.

Figure 18: Mapping the race track. Left: with stereo initialization, Right: Default (random) initialization

However, there are some important differences between the stereo initialization and the default initial-

ization. The most dramatic difference is that the default initialization appears to “fly in” to the track before

converging to the correct configuration. Even though it eventually converges the keyframes created while

it still had a poor depth map remain, and the vehicle occasionally returns to those keyframes which do not

properly reflect reality. This could be problematic for a controller.

Additionally, the stereo initialized algorithm creates a much cleaner point cloud around the origin. Fig-

ure (8) demonstrates the differences between the two methods: in the random initialization the point cloud

includes two versions of a string of cords overhanging the track and also includes two sheds facing the track.

This orientation of the shed is incorrect: the shed is aligned with the straight-aways on the track not facing

it. There is also only one shed.

15 Model Predictive Path Integral Controller

For aggressive autonomous control we deployed a model predictive path integral control (MPPI) algorithm

on the vehicle [17]. This controller is able to maneuver the vehicle around the test track when the desired

speed is set beyond the friction limits of the vehicle (Fig. 20b), and it is even able to perform controlled

power slides around the corners (Fig. 20a). The MPPI algorithm uses the on-board GPU to sample thousands

of possible trajectories from a dynamics model of the system, it then uses these samples to compute a control

input according to the path integral control framework.

Path integral control is a branch of optimal control theory which allows for the mathematically rigorous

development of optimal control algorithms based on random samplings of trajectories. The path integral
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Figure 19: Point cloud of the outdoor track near the origin. Left: with stereo initialization, Right: Default

(random) initialization
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(a) The robot performing a power slide around a corner

using the MPPI controller.
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(b) Consistent navigation of the test track using the MPPI

controller. Top: 6 m/s target speed, Bottom: 8 m/s target

speed

Figure 20: Track result from PI-MPC controller.

control framework considers stochastic dynamical systems of the form:

dx = (f(xt, t) +G(xt, t)ut) dt+B(xt, t)dw (11)

Here the state and controls at time t are denoted xt ∈ Rn and ut ∈ Rm respectively. These dynamics are

disturbed by the Brownian motion dw ∈ Rp. The classical objective in stochastic optimal control is to the

find the controls u∗ such that:

u∗(·) = argmin
u(·)

EQ

[

φ(xT , T ) +

∫ T

t0

L(xt,ut, t)
]

(12)

where the expectation is taken with respect to the dynamics (11). The running cost L is composed of an

arbitrary state-dependent term and a quadratic control cost:

L(xt,ut, t) = q(xt, t) +
1

2
uT
t R(xt, t)ut (13)
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Algorithm 1: Model Predictive Path Integral Control

Given: K: Number of samples;

N : Number of time steps;

(u0,u1, ...uN−1): Initial control sequence;

∆t,xt0 , f ,G,B,BE : System/sampling dynamics;

φ, q,R, λ: Cost parameters;

uinit: Value to initialize new controls to;

while task not completed do

for k ← 0 to K − 1 do

x = xt0 ;

for i← 1 to N − 1 do

xi+1 = xi + (f +Gui)∆t+BEǫi,k
√
∆t;

S̃(τk) = S̃(τk) + q̃(xi,ui, ǫi,k, ti);

for i← 0 to N − 1 do

ui = ui +H−1G

[

∑K
k=1

(

exp(− 1

λ
S̃(τk))

ǫj,k
√

∆t∑K
k=1

exp(− 1

λ
S̃(τk))

)]

;

send to actuators(u0);
for i← 0 to N − 2 do

ui = ui+1;

uN−1 = uinit

Update the current state after receiving feedback;

check for task completion;

In [17] it is shown that this optimal control problem is related to the following KL-divergence minimization

problem:

u∗(·) = argmin
u(·)

DKL (Q
∗‖Q(u)) , (14)

where Q(u) is the distribution of trajectories induced by the control input u, and Q∗ is an “optimal distribu-

tion” over trajectories which is described by the formula

exp
(

− 1
λ
S(τ)

)

EP

[

exp
(

− 1
λ
S(τ)

)] (15)

In this equation P represents the uncontrolled dynamics of the system, and S(τ) is the cost of the trajectory

τ . Solving this KL-divergence problem yields the optimal controls in the form of a path integral. This then

leads to the iterative approximation formula based on reward-weighted averaging:

u∗

tj
≈ uj +

K
∑

k=1





exp
(

− 1
λ
S̃(τk)

)

δutj ,k
∑K

k=1 exp
(

− 1
λ
S̃(τk)

)



 (16)

Here δu is a random variation in the control input, and each τk is a trajectory generated using the system

dynamics. Since the GPU is able to efficiently sample thousands of trajectories in real-time (15 milliseconds)

this iterative update law can be applied in a model predictive control fashion. In this setting an iteration of

optimization takes place, then a single control is executed, and then another iteration of optimization occurs
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using the unused portion of the previously computed trajectory to warm-start the process. This algorithm is

summarized in Algorithm 1.

The cost function consists of a cost for maintaining a desired speed, a control cost, and a cost for being

on the track. The vehicle is able to keep track of its position in relation to the track using the current GPS

signal and pre-computed GPS coordinates of the track.
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