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Abstracd This paper documents the application of several

underwater robot mapping and localization techniques used \
during an archaeological expedition. The goal of this project was \ ‘
to explore and map ancient cisterns located on the islands of \
Malta and Gozo. The cisterns of interest acted as water storage

systems for fortresses, private homes, and churches. They often o = =S
consisted ofseveral connectedhambers still containing water. A
sonar-equipped Remotely Operated Vehite (ROV) was deployed
into these cisterns toobtain both video footage andsonar range
measurements. Four different mapping and localization
techniques were employedincluding 1) Sonar image mosaics
using stationary sonar scans, and®) Simultaneous Localization
and Mapping (SLAM) while the vehicle was in motion3) SLAM
using stationary sonar scansand 4) Localization usingpreviously
createdmaps. Two dimensional maps ob different cisterns were

(b)

successfully constructedlt is estimated that the cisterns were Figure 1. Depicted n (a) is heVideoRay Pro Ill Micro ROV with

a SeaSprite sonar mounted on top #redskid removed

built as far back as 300 B.C. In (b), a typical cistern access point is shown.
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I.  INTRODUCTION Several methods exist for mapping underwater

This project concerns the development of ardemvater environments when using underwater robots. The maps
robot system capable of mapping oand navigating constructed are used both for the application at hand (e.g.
underwater tunnel systems. The target environsnfmtthis ~ 0ceanography, marine biology, aseblogy, etc.) and to
project are cistern networks found in the lower chambers ofimprove the navigation capabiés of the robot itself.

fortresses and churches in Malt&rchaeologists .Iooking 0 \when the robot is localized with respectsome inertial
study and document such systems have found it too expensive  Jinate framgi . e t he r obot)dappipgo s i t

and difficult to use peoplé-urthermore, the human exploration ile in motion is a much simpler task. An approach it
of these subterranean water storage systems is limited by safdf P ) PP ityC

and physical constraints and could possiblysulte in u eq when 'operatmg wheeled ropots W'thm. indoor
irreversibly damaging to the site under study. environments is to use an occupancy grid map that is updated

via thelog likelihood approachthat assigns arobability of

A small underwater robot, or specifically a VideoRayoccupation fothat ech cell in the grid1].
micro-ROV [Remotely Operated Vehidlevas used(see Fig. ]
1). Investigatorsiowered the ROV downwell access points A commonmethod used fomappirg underwater seafloors
until it was submerged in the stern The investigdors then  involves mosaicingbottom images obtained from diffent
teleoperated the robot to navigate thetunnels. Two  locations Once combined, the resulting mosaic can be used as
dimensional maps of the cisterns were createthg a a map with which the robot can localize its&8tich mapping
SeaSprite scanning sonar mounted on top oROG¥. These  systems do not rely on the deployment of infrastructure like
sonar measurements wersed in fourways to develop cistern acoustic positioning systems and do not suffer from drift like
mapsand conduct localization IMU based systemsFor example, in 4] an ROV was

The paper is presenteds dollows. Section Il presents e_quipped \_Ni_th a redime mosaicking system. Also, irS][_
related robot mapping techniquesSection Il explais the video mosiing is used for Autonomous Underwater Vehicle

methodology used during the expedition. In sectiondatails ~ (AUV) navigation.

are provided of the specific mapping and locakation In recent years, a large amount of research has been
tech_nlqtiles} Iﬁesul}jsbfromlth_ese. expm_entfll are shown in conqucted in the area of Simultaneous Localization and
section V, followed byonclusimsin section VI. Mapping (SLAM) SLAM techniques have been developed
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and modified for a large numbeof applications and  different chuteshat lead to the same cisteithe second ROV
environmentsA good survey of the core techniques includingwas used to obtain the image of the first ROV in Fig. 2(c).
both Kalman Filtering and Particle Filtering based techniques

can be found in [4]. After video image®f the cistern were recordedasonary

sonar scans were obtained. Each scan was taken while the
One example of robots conducting SLAM in tunnelROV was sitting on the bottom olfi¢ cistern. For each scan,

systems is found in5]. In that work the mapping of the ROV was positioned to ensure that scans would overlap

underground mines was conducted using an autonomoesch other to facilitate easy mosaicing.

wheeled robot called AGroundhogo.

Other relevant work includeshe work conducted in
underwater robot SLAMOne of the first instances includes
the work done in [6], where sonar scans werdus map and
track features of the environment. More recensiyccessful
3D tunnel mapping in underwater environments was
demonstrated ifi7].

Unlike the work in [, this paper describes applications
which only permitthe passage odmallscale robotsystems
(i.e. passage openingliametes on the orderof 0.3n).
Furthermore, the ROV was equipped only with a depth sensor,
compass and scanning sonar. To overcome this limitation in
sensing, a dynamic modalf the ROV was used for the
prediction $ep of both the SLAM and Particle Filter
localization algorithm

A major issue associated with this approach is that tether
shags and collisions with walls are not considered in a typical
dynamic modelSuch occurrences are accounted for and it is
shown that wherimplemented within a particle filter based
SLAM approach, i.e. FastSLAH], mapping is possible even
when frequent tether snags or collisions occur.

Ill.  EXPERIMENTDESCRIPTION

Eight different sitesn Malta and Gozo were visited:he
cisterns werestimated to beonstructed betwee300 BCand
the 15" or 16" cenury. At each site, the ROV was initially
lowered through a small opening and then dowRrl® 3neter
deep chute before submerging in the cisté&s shown inFig.
2(a), several layers of ewmtruction can be observed with
increasing depth. Awo ligletf crebe t | o
seen on thewate® surfacebelow as it descends down the
chute (see center of image)

Once submerged, the ROV would be flown throughout the
cistern, exploring any passageways and chambers. To
accomplish this, pilots used video from the onboard camera
and a joystick controllerAn example of one such video image
is shown in Fig. 2(b), where the ROV is facing back through a
tight passage it once travelledh@ RO s yel l ow t e
be seen feeding back into the initial chamber. Also note the

©

Figure 2 For each site, the ROV was initially lowered down a

water clarityin this particular cistern allowed for a reflection deep narrow chute, (aln (b), an image obtained while
on the water surface, (as seen in the top half of the image). returning through dight passageShown in (c) is the
o ) ] view from one ROV while it records images of another
To aid in SLAM experiments, auto depth andcabéaring ROV inspecting the cistern wall.

controllers were usedshown inFig. 2c) is one ROV using
these autonomous control methods to hold station whilgb
viewing a cistern walllt should be noted that these images
were obtained by lowering two ROVs wbo through two

Once a sufficient number of stationary scans were
tained, sonar scans were recordedlemihe ROV was in
motion. Control signals, depth and heading measurements
were also recordefr use withSLAM.



IV. MAPPINGAND LOCALIZATION TECHNIQUES TABLE1.  THE FastSLAMALGORITHM

Four different mappingand localizationtechniques were 1: Alg. FastSLAM_occupancy_gridskK:.i, W, 2):
used, each producinmaps consistent with one anethbut of 5 X6 = 0X
different formats ' 0 =
A. Sonar Image Mosaics with Stationary Scans 3 fork=1toM do
. . — H ks
The first approach taken wés mosaic several overlapping | 4: X = sample_motion_modely, %)
360 degree sonar scamsgure 3 displays an e_xample mpsaic 5 W = measurement model map(z, t, m.")
create from six scansEach scan on the mosdias an obvious . . )
circle of highs t r engt h returns indi ¢&t i nmg=updated_oecapbrey Gidz, upms i t ijon
within the scan.Note the high qudity of the images and . A AK K
obvious correspondence between them allows for them to be £ X0 ={ XX o, w')
easilyfused by a human operator. 8. endfor
9: for k=1toM do
10: draw i with probability ~ wW
11: add{x/, m'} to %
12: Endfor
13: returnX;

When the ROV is in motion, this function uses a dynamic
modelx*=f(x.+, w), which predicts the statef the ROV given
the last state and current control signals. This model is based on
that developed in [8]. While the model is nonlinear, it assumes
decoupling between many states. Furthermore, the model in [8]

doesndt include anpygtomdgndmeids. of t
Figure3. On the left are collection of sonar scans obtained from .
site 8, a private home in Mdina Fortress of Malta. Onthe ~ To account for both tether snagsnd t he ROV®&s

right is the mosaic created from the scans. being obstructed by collision with walls, the propagation model
was modified accordingly:
B. SLAM with the ROV in Motion xé‘ = f (xé‘_l, ut(l + rl) — gut(l + rz)) (1)
A goal of this projectis to implement Simultaneous .
Localization and Mapping (SLM) in real time. Since very e = {(1) lJ; 3 < ’1} )
eLse

little was known about the cisterns under investigation (i.e.
size, types of features, number of features, etc.), an occupancy In equation (1)r, andr, are normally distributed random
grid was used to represent the belief state of the environmevériables.The value ofJis either 1 or Qrepresenting a tether
[4]. That is, the cistermodelwas dscritized intosquare cells  snag or no tether snag respectivdliis is set according to a
of equal size. Each cell is assigned a probability that it iginiformly distributed random variablg, and a probability of
occupied (e.g. by a wall). Figure 4 shows an occupancy grigether snag or obstructias

map for site 8. Note the height of the cell indicates probability

of occupation. The next step in the algorithm invokes the

measurement_model_map function, which calculates the
The particular SLAM algdthm used in this project was weight of thek™ particle. At a high level, the expected sonar

FastSLAM for learning occupancy grids [4 1 nc e i t meddurerfentdsicalculated given the robot stasnd the map

require features like most SLAM algorithmBastSLAM is @ m,,. This expected sonar measurement is compared with the

particle filter based approach to SLAM, in which a collectionactual measurement If the two measurements are similar, a

of M particlesdenoted as; is used to model the belief state. high weight is returned, otherwise a low weight is returned.

For this casethe k" particle consists of an occupancy gnig ) . L i

t he rob ok d Bck yls A @etiey 2% 6%, , and a To quantify this S|m|lar|ty,_ V\l/e first note a sonar

weight w* that represents the likelihood thatarticle k measurement has the érmz = *¢ b’ whereb is the

represents the true &aAs shown in Table 1, the! time step  diréction the sonar head asds thei” strength of return signal
of the algorithm updates all pistes a’s new sensor measured at a distangmaxRangeTo determine the weight of

measurements areobserved. the particlg, each strength c_nf retugh is_ converted to a
corresponding occupancy prolid according to a log odds
The three key steps to this algorithm are on line numbers #apping approach [4] to yield, = [p/é p. I'f the m
5 and 6. The first;sample_motion_model propagates the cells that correspond with tH® sonar measurement locations
previous state,* of the robot forward in time according to the currently have occupation probabilitigs, =[ pné p.], then
control inputsu.. A certain degree of randomness is addedhe weight can be calculateding a Gaussian modzs:
propagation, in accordance with the robotds motion model



