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ABSTRACT

Autonomous small UGVs have the potential to greatbrease force multiplication capabilities foranfry units. In
order for these UGVs to be useful on the battldfigthey must be able to operate under all-weatbeditions. For the
Daredevil Project, we have explored the use ofulideband (UWB) radar, LIDAR, and stereo vision &l-weather
navigation capabilities. UWB radar provides th@atality to see through rain, snow, smoke, and fadDAR and

stereo vision provide greater accuracy and reswluth clear weather but has difficulty with pretgtion and
obscurants. We investigate the ways in which #mser data from UWB radar, LIDAR, and stereo visgam be
combined to provide improved performance over the af a single sensor modality. Our research deguboth
traditional sensor fusion, where data from multipgssors is combined in a single representatiosh, bahavior-based
sensor fusion, where the data from one sensore@ wsactivate and deactivate behaviors using ahesor modalities.
We use traditional sensor fusion to combine LIDARI atereo vision for improved obstacle avoidanceleéar air, and
we use behavior-based sensor fusion to select batwaelar-based and LIDAR/vision-based obstacledavwe based
on current environmental conditions.
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1. INTRODUCTION

Most autonomous robots have been demonstratedaitivedy benign environments — either indoors ocliear weather
outdoors. However, autonomous battlefield robats veed to operate outdoors in adverse environaietdnditions,
such as rain, snow, fog, and smoke. The Daredrrajlect was funded by the US Army Tank-Automotives&arch,
Development, and Engineering Center (TARDEC) tcesiigate the use of ultra-wideband (UWB) radaruse under
all-weather conditions, and to explore how UWB radauld be combined with high-resolution range sensising
LIDAR and stereo vision.

In a previous papérwe described our initial experiments with UWB aadThese experiments showed that UWB radar
could reliably detect obstacles in a snowstorngubh dense fog, and through sparse foliage. mhpghper, we extend
this research to the development of radar filterihgorithms to distinguish obstacles from groundttekr, and we
perform experiments comparing the effectivenesdJ@B radar and LIDAR in fog. We also develop obktac
avoidance behaviors using UWB radar and fused LID#gion, and we develop a technique for automatgdetection
that allows the Daredevil PackBot to automaticalljtch between these behaviors based on the cieneitonment.

2. RELATED WORK

Other researchers have developed obstacle avoidartt@avigation techniques for man-portable rolosiag vision,
LIDAR, and sonar. Konolige developed sonar-basedtiee navigation capabilities for the inexpendsRRATIC robot
that won second-place in the 1994 AAAI Robot Corijpet’. Researchers at the Jet Propulsion Laboratory)(JPL
Carnegie Mellon University (CMU), iRobot, and themildersity of Southern California (USC) developedcaomous
navigation capabilities for the Urban Robot (a pabsor to the iRobot PackBot) using vision andAR® As part of
the Small Robot Technology Transfer Program, theNd8y Space and Naval Warfare Systems Command (SHAW
and the Idaho National Laboratory (INL) transitidredgorithms for obstacle avoidance, mapping, leatibn, and path
planning to several different small robots, inchgithe iRobot PackBbt

Automotive radars have been used as sensors famiar of autonomous vehicles, including severalagis in the
DARPA Urban Challenge. The winning vehicle, CMU’ed3, used a Continental ARS 300 automotive radarei@sure
the velocity of other vehiclésStanford’s Junior used five BOSCH Long Range Rada detect moving objects in
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intersection%é MIT’s Talos vehicle used fifteen Delphi ACC mitieter wave radars to detect fast-approaching \ehicl
at long rang

These automotive radars differ in several fundaalemays from the UWB radar used by Daredevil. Auttine radars
are optimized for detecting obstacles at long rafugeto 200 m) with a typical range resolution ofnland a typical
range accuracy of 5 perc&htin general, these radars return multiple tracksthie strongest targets. However, as
Leonard points out, they are unable to reliably detectdi&erence between small objects (e.g. a meta, Bosewer
grate) and large objects (e.g. cars). For thabreas! of these teams used radar primarily todeteving objects, since
any object moving at high speeds was almost céytaimother vehicle under the conditions of the Wrldallenge.

In contrast, the Multispectral Solutions (MSSI) Badeveloper’s Kit Lite (RaDeKL) UWB radar used bwredevil
was designed for precise ranging at short to medamge, providing 0.3 m (1 ft) resolution at rangesto 78 m (256
ft). Instead of providing processed radar tracks,RaDeKL radar provides the raw radar strengthsomea in each 0.3
m long range bin. As a result, the radar returnlmamused to measure the size and shape of obsthcieddition, the
RaDeKL radar is suitable for use indoors as webasloors, which is a key advantage for man-poetabbots that are
often used for indoor applications.

Figure 1: Daredevil PackBot equipped with a RaD&ll/B radar on a pan/tilt mount and a SICK LD OEM AR.

Figure 1 shows the Daredevil PackBot, which istbuilon the rugged, man-portable, combat-proven @RélackBot
platform. For Daredevil, we added an MSSI RaDeKL B\dar sensor mounted on a TRACLabs Biclops pan/ti
mount, which in turn is mounted on a 1 m tall maste mast exists to raise the sensor and reducantbent of energy
reflected from ground clutter.

The RaDeKL radar transmits an ultra wideband p@& MHz wide) centered around 6.35 GHz, with anCFC
approved 30 mW peak power level. The brief duratibthis pulse results in extremely low transmityeo (0.2 nW),

which is equivalent to one ten-millionth of the pevof a typical cell phone. The sensor requires2aVll power input

with a power voltage anywhere in the range of B2/3

The sensor measures returned radar strength ogeersgal 2 ns time intervals, corresponding to wbtnip distance

intervals of 0.6 m (2 ft) and one-way range inté&\af 0.3 m (1 ft). During each time interval, thensor integrates the
signal return strength and maps the resulting totah 8-bit value (0-255). The sensor repeatsgiisess 256 times, to
measure the radar return strength at ranges freon7@ m (0 to 255 ft). The sensor then publishés 2B6-value array
over its USB interface, which is based on FTDI drs¢ An optional time delay can be specified befbessensor begins
to register return signals, allowing the 78 m usa@nsor distance to begin at a longer range frensénsor (up to 273



m). However, at longer ranges, multipath from giteflection becomes an increasing problem. Inesyperiments, we
did not use any offset, and used the default minimange of 0 m and maximum range of 78 m.

The physical dimensions of the sensor are 15 cncm8& 6 cm (6”7 x 3.25” x 2.375"). The radar hasigd-of-view
(FOV) that is 40° wide along the horizontal axislat0° wide along the vertical axis. Both the traiispower and
receiver sensitivity can be adjusted on-the-flcbynmands over the USB interface.

We initially mounted the RaDeKL radar on a Bicldp$ pan/tilt base manufactured by TRACLabs. The tpaohit

provides 360° coverage along the pan axis (x180d) E80° range of motion along the tilt axis (x90Fhe angular
resolution of the panf/tilt encoders is 0.018°. Bielops has a maximum pan speed of 170°/sec. peimgtilt unit
requires a 24 V power supply at 1 A and is corgbNia a USB interface. Power for both the RaDeldt the Biclops
was provided by the PackBot's onboard power system.

Later, we replaced the Biclops PT with the DirecRatception D46 pan/tilt base. The D46 uses duege panttilt
motors instead of the belt drive used by the Bis)aw it has far less backlash and is considerabhg robust. The D46
also provides 360° coverage along the pan axisq%1& combination with a 111° range of motionrajahe tilt axis
(+31°/-90°). The D46 has a pan resolution of 0°042d a tilt resolution of 0.003°. The D46 is afaster than the
Biclops, with a maximum pan speed of 300°/sec.

4. UWB RADAR FILTER ALGORITHMS

4.1 Raw Radar Returns

ﬂf’/[ll&p

DAREDEWVIL- RADAR SCAN VIEWER

Figure 2: Raw radar return strength from RaDeKL UYdBar positioned 1 m above pavement, with maxirtramsmit
power and 20 dB receiver sensitivity. Concentiicles are spaced at 1 m intervals centered on.rd8igghter areas
represent stronger return signals. Bright aremater is the result of ground clutter. Bright ar¢op center corresponds to
a concrete wall.

We developed a real-time viewer for the scanninp&&. UWB radar mounted on the Biclops pan/tilt mbuRigure 2
shows an overhead view of a radar scan. In thigénbrighter areas correspond to stronger retditms.radar is located
at the center of the image, and the concentridesirare spaced at 1 m intervals. The bright lirBcates the current
bearing of the radar.



For these experiments, we rotated the radar 368infpg left and right) at a speed of 0.1 radiacsisd. Full power
was used for the radar transmitter (0 dB), whikerddar receiver was attenuated by -20 dB to redarse.

Radar readings were received at an average ral® ¢fz, so the average angular separation betwesdings was

roughly 0.5°. Each reading consisted of the regsirangth for the 256 range bins (each 0.3 m lofm)gathe current

bearing of the radar. For each bin, we drew a gjaeza at the corresponding location, with thehtnigss of the area
corresponding to strength of the radar return. kénla grid representation, the (X, y) center of esagion is not

quantized, since the current sensor bearing istinremus floating-point value.

Figure 2 shows the difficulty of directly interpied the raw radar returns. The wide area of straigrns near the
sensor is due to reflections from ground cluttdre Targe, bright arc at the top of the image iaceete wall. The
bright area on the top right of the image is a ginig container. The laptop controlling the radajusst to the left and
below the radar at the center of the image.

Our experiments showed that the radar can deteot sdstacles reliably (e.g. walls), but that thera large amount of
energy being returned to the sensor from the gralutter close to the sensor. These experiments a@nducted in an
open parking lot, with the sensor mounted one neterve the ground, oriented parallel to the groamdl, horizontally
polarized. Based on these experiments, we congltite additional filtering was required to facitié the interpretation
of radar data.

4.2 Max Filter Algorithm (MFA)

A different filtering algorithm we developed wastmax filter algorithm (MFA). The MFA examines all the radar

bins in a given return and returns a positive negdor the bin with the maximum return strengththiét bin is farther

than a minimum range threshold. If the maximum mretstrength is for a bin that is closer than th@imum range

threshold, the filter returns a null reading. Ifmadhan one reading has the maximum value, the kfdrns the closest
reading, if the range to that reading is over theimum range threshold, and the null reading otlieegw The MFA is a

very effective method for finding the strongestaiateflectors in an environment with many reflento

4.3 Calibrated Max Filter Algorithm (CMFA)

Our most recent and best performing filter algaritis the calibrated max filter algorithm (CMFA) naodified version

of the MFA. The purpose of the CMFA is to elimindte ambient reflections from the ground plane,chtdre stronger
close to the sensor and weaker farther from theasein the initial MFA, the minimum detection ranpad to be set
farther from the sensor to ignore the reflectiomerf ground clutter, but this prevented the MFA frdetecting close-
range obstacles. The CMFA is able to detect clofgects by subtracting the ambient reflection (wiith obstacle
present). Any remaining signal above ambient indisshe presence of an obstacle.

In the calibration stage of the CMFA, the radafirist aimed at open space in the current environm&rseries of raw
radar readings is returned and the average valaadf bin is stored in the calibration vector (1).
c=1 D

[l
n j=L.n

Wherec; is element of the calibration vector; is bini from raw radar scapy andn is the number of raw scans stored.
For our experiments, we averaged over 20 raw reckns, which were acquired over 2-4 seconds.

We then smooth the calibration vector to insurd thés monotonically decreasing. This removes dfiect of any
objects that may be within the radar field-of-view:

5 =min(c,s.,) @)

Wheres is element of the smoothed calibration vector asé c;.

During operation of the robot, the calibration w&ds then subtracted from each raw range scarttencesult is stored
in an adjusted range vector (3).

0 ifr,<s @)

4= r,- s otherwise



Whereg; is element of the adjusted range vector ané bini of the raw range vector.

The MFA is then applied to the adjusted range veitaetermine to return the filtered range valliee index of the
maximum element of the adjusted range vector igmetd. If more than one element has the maximumeydhe index
of the bin closest to the sensor is returned.

In our experiments, we have found that the CMFAksasignificantly better than the MFA at detectingstacles at
close range. This is particularly useful for oprenag indoors and in cluttered environments.

5. RADAR/LIDAR EXPERIMENTS IN FOG

Figure 3: Daredevil PackBot in fog-free room (le@prresponding radar (green) and LIDAR (red) regdli(right).
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Figure 4: Daredevil PackBot in fog-filled room flefCorresponding radar (green) and LIDAR (red)diegs (right).

We conducted experiments to compare the capabilifeUWB radar and LIDAR in environments filled tvitvater-

based fog. In these experiments, we determineditrage fog would completely obscure LIDAR and visiout this fog
had no effect on UWB radar returns.

The following figures show the Daredevil PackBobimr indoor test area. Initially the robot is irat air. Then the fog

machine is activated, and fog is allowed to filk ttoom until the robot is fully obscured and LIDARd vision are
completely blocked.



Figure 3 (left) shows the robot in the initial, fflge environment. The radar rotates 360° (x18&@®rnating direction
with each sweep. Figure 3 (right) shows the rdgaeen dots) and LIDAR (red dots) returns in thigisonment.

Both sensors are able to detect the obstaclessretivironment, and the LIDAR shows considerabtyhbr resolution
and accuracy. In future work, we plan to incredse éffective angular resolution of the radar usiiegupancy grid
technique¥, but LIDAR will always provide greater precisiamdlear air.

Figure 4 (left) shows the test area after it hasnbeompletely filled with dense fog. Optical seissancluding both
LIDAR and vision, are completely useless in thivimnment. Figure 4 (right) shows the correspondiadar and
LIDAR returns. The LIDAR can penetrate less tham through the fog in all directions, and is incdpatf detecting
any obstacles beyond this range. At the same timesadar readings in Figure 4 are nearly identwahose in Figure 3
(clear air).

We then tested simple collision avoidance behawisisg both radar and LIDAR. With either sensog thbot moves
forward until the range to the closest obstacleadhdrops below a specified threshold. Both behavigorked
flawlessly in clear air, driving to the specifietstéince from the forward wall and stopping. In g-filed environment,
the LIDAR was unable to see through the fog, sortiiit was unable to move. In contrast, the UWBaradas able to
see through the fog, so the robot was able to ddvthe specified distance from the wall and sfbpere was no
difference in the performance of the radar-basdiisiom avoidance behavior in clear air and in defg.

6. OBSTACLE AVOIDANCE USING RADAR

We have developed a reactive radar-based obstacldamce algorithm that allows the Daredevil PackRBoavoid
obstacles. This algorithm works in the followingyw

1) Aim the UWB radar directly forward relative to thabot’s current heading.

2) Move forward at a specified speed as long as thtanie returned by the MFA is below a specifiedimim
clearance threshold.

3) If the distance is below the specified clearancesiold:
a) Start panning the radar right-and-left across tiie360-degree range of the radar pan axis.
b) Continue until the range returned by the MFA exseabe@ minimum clearance threshold

4) Stop panning. The radar is now pointed in a dibactvhere the clearance exceeds the minimum lirSibre this
angle.

5) Turn the robot in place to face the stored angle.
6) Gotol.

This algorithm works well in outdoor environmentt. works moderately well in some indoor environgrbut has
difficulty with cluttered environments, where théde field-of-view of the RaDeKL UWB radar sensof{4vide x 40°
high) limits the ability to detect narrow gaps beém obstacles.

7. OBSTACLE AVOIDANCE USING FUSED LIDAR/VISION

We also applied the Scaled Vector Field Histograat tve developed for the Wayfarer Projéed fused LIDAR and
stereo vision range data from the Daredevil PackBidie LIDAR provided the primary source of 360-dEgobstacle
detection. However, stereo vision allowed the Bavd PackBot to detect obstacles that were toatdbobe detected
by the LIDAR, as well as overhanging obstacles théinot intersect the LIDAR plane.

Figure 5 shows the LIDAR (red) and stereo visiolué€b readings from the Daredevil PackBot when ifaising an
office cubicle containing a chair. The LIDAR islalto detect the back wall of the cubicle, but osdes the legs of the
chair. Stereo vision is able to see the seat®fctiair and a waste basket hidden under the degjure 6 shows the
LIDAR and stereo vision date as the robot viewalde that is place against a wall above a clutticedt. The LIDAR
is only able to detect the wall behind the tablé,the stereo vision is able to detect the cluiteter the table.



The fusion of LIDAR and stereo vision resulted ignéficantly better performance (fewer collisiortslan the use of
LIDAR or stereo vision alone.

Figure 5: Fused LIDAR (red) and stereo vision (blaage readings from an office cubicle

Figure 6: Fused LIDAR (red) and stereo vision (pleage readings from a table above a cluttereat flo

8. AUTOMATIC FOG DETECTION

Given that radar is much more effective than LIDARI vision at sensing obstacles through fog andkepntut LIDAR
and stereo vision provide higher-resolution rangtadn clear air, a method for automatically detecfog/smoke is
desirable. Since fog completely blocks LIDAR, vemaise LIDAR observations to detect the presendegof

The fog detection system classifies the currentrenment as fog/smoke-filled if all of the curreblDAR range
readings are below a maximum threshold (2 m inghegeriments). If the robot is in clear air, eadt one of the
current LIDAR range readings is likely to be ab@ . Even if the robot is in a cluttered cornetha room, the path
that the robot took to reach its current positotikely to be open.



Figure 7: LIDAR readings from robot in room cenfierft), LIDAR readings from robot in cluttered cam(right).

For example, Figure 7 (left) shows the LIDAR reagirfrom the robot when it is centered in the rotwoven in Figure 3
(left). The white dots correspond to LIDAR readingnd the concentric circles are spaced at 1ervias. In this scan,
the maximum range to a LIDAR reading is 4.9 m. urég7 (right) shows the LIDAR readings when theatak moved
into a cluttered corner of the same room. Evemghomost LIDAR readings are close (< 2 m), the L®£eadings
corresponding in the robot’s direction of approémbttom of figure) are farther, with a maximum reagof 5.9 m.

Figure 8: LIDAR readings from robot in fog-filledom (left = room center, right = cluttered corner).

Figure 8 shows the LIDAR readings when the roofiillesd with fog and the robot is located at the ter{left) or corner
(right) of the room. In both cases, the LIDAR Isdked by the fog in all directions, resulting inmeaximum ranges of
1 m (left) and 0.8 m (right). The automatic fodedion algorithm is able to accurately detectghesence of dense fog
regardless of where the robot is located in themoo

This approach to automatic fog detection is likelywvork in most environments, including clutteretvieonments. The
exceptions would include extremely convoluted, r#ae environments where there are no areas mugetdahan the
size of the robot, and dynamic environments whiseerdbot was being closely followed by a persoarather robot.



9. BEHAVIOR-BASED SENSOR FUSION

In addition to the traditional method of sensoridas where data from multiple sensors is combingo ia single
representation, we also investigated the usebatiavior-based sensor fusiomhere behaviors are activated or
deactivated based on data from multiple sensors.d&veloped an adaptive obstacle avoidance behidngbcombined
the radar-based obstacle avoidance behavior, LIDi&iRh SVFH obstacle avoidance behavior, and auticnfag
detection.

This adaptive obstacle avoidance behavior usedSWiEH obstacle avoidance behaviors by default, lmutstantly
monitored the environment for fog. When fog wasedied, the behavior automatically switched to rhear-based
obstacle avoidance behavior. This combined behaliowed the robot to more effectively avoid olots in clear air
(using the higher-performance SVFH algorithm), biso provided a more limited capability to avoidstatles using
radar when the LIDAR and stereo vision systems wéngled by fog.

10. CONCLUSIONS

The Daredevil Project has shown that UWB radar banused effectively to detect and avoid obstadiesugh
precipitation (rain, snow) and adverse environmectaditions (fog, smoke). The Calibrated Max étilAlgorithm
(CMFA) is particularly effective at discriminatirapstacles from ground clutter.

Daredevil has also shown that different sensor fiteetacan be combined using behavior-based sefusion. Our
automatic fog detection algorithm uses LIDAR toedetine whether the robot is currently surroundeddgy If so, the
radar-based obstacle avoidance behavior is adfivatenot, the higher performance LIDAR/stereoiaisavoidance
algorithm (which only works in clear air) is usedtead. This allows the combined system to exhibite robustness to
environmental variability and greater performanbant would be possible using a single sensor mgdalithis
behavior-based sensor fusion method works withdwat meed for explicit fusion of sensor data into iagle
representation.
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