
Global Loalisation in Real and Cyberworlds Using VisionNghia Ho, Ray JarvisMonash University, Australia{nghia.ho, ray.jarvis}�eng.monash.edu.auAbstratThis paper demonstrates how a robot anperform global loalisation given a rih 3Dmap of an outdoor environment previously ob-tained via a laser range sanner and registeredolour imagery. The robot is equipped with apanorami mirror and is able to loalise itselfby mathing sensory data from similar poses inthe real and yberworld. Some global loalisa-tion experiments are performed in a small out-door test environment. The loalisation is moreaurate than a onventional ivilian GPS.1 IntrodutionGlobal loalisation is the apability of estimating the po-sition of a robot given a model of the environment andsensor readings. Here the environment is fully knownand an be modelled o�ine. This problem di�ers fromthe more reently ative researh of simultaneous loal-isation and mapping, better known as SLAM [Leonardand Durrant-Whyte, 1991℄. In SLAM, the environmentis initially unknown and the robot builds the map andloalises simultaneously, usually in real-time. Althoughwhat has been ahieved from SLAM is quite impressive,only rarely are there environments that are not knownto some extent. For the majority of appliations wherea prior model an be obtained, global loalisation has anadvantage. Sine the aquisition of the prior model is notunder any real-time onstraint, it an be proessed o�inewith no restritions on `�ne tuning' of the map. Globalloalisation an also solve the kidnapped robot problem,where a robot is randomly plaed in an environment andis still able to loalise, something not readily ahievablewith SLAM.This paper presents work done on globally loalisinga robot in an environment modelled by a 3D laser san-ner and registered oloured imagery using a panoramimirror as the robot's sensor. The laser sanner/ameraprodues a very rih and dense model represented by a

3D point loud with olour. This in itself presents a hal-lenge to proess suh a vast amount of data. The hoieof a vision sensor for the robot is attrative beause itis relatively inexpensive, passive in operation and pro-dues rih data, though requiring more proessing thana time-of-�ight sensor like a laser or sonar. The advan-tage of having a panorami mirror that has a horizontalviewing angle of 360 degree is obvious.[Jogan and Leonardis, 1999℄ presents a vision based lo-alisation method using panorami images. They buildan indoor appearane map by taking images at every60 m. The images are then projeted onto eigenspaeto redue the data. Our work follows the same oneptof building an appearane map by sampling the environ-ment at various loations, exept we do it in a yberworldreated by a laser range sanner. The images obtainedfrom the yberworld undergo data redution using Haarwavelet deomposition. There is no real-time onstraintplaed on our robot. It operates in a stop go fashion,so omputational e�ieny is not a ritial issue. Thesame an be said for proessing the appearane map asit is done o�ine.The paper is organised as follows. Setion 2 will givea brief overview of the robot platform used. Setion 3will disuss how the appearane map is produed fromthe point loud. Setion 4 will desribe apturing andproessing the panorami images. Setion 5 will de-sribe how the proessed panorami images are mathedagainst the appearane map. Setion 6 will desribe theglobal loalisation algorithm. Setion 7 ontains exper-imental results. Setion 8 will disuss the experimentalresults and future work needed. Finally, setion 9 willonlude the paper.2 HardwareThe robot platform is an ER1 robot as shown in Figure1. It has a panorami mirror mounted on top with aCanon Powershot S3IS digital amera. The digital am-era o�ers more ontrol over a ommon video amera suhas aperture, shutter speed, exposure ompensation and



higher quality images (6MP). Sine there is no real-timeonstraint the high resolution digital amera is a suitablehoie, image aquisition time being approximately 1-2seonds. The amera is remotely ontrolled via the opensoure gphoto2 program1 .

Figure 1: ER1 robot platform3 Map AquisitionThe 3D yberworld is reated using a Riegl LMS Z420iterrestrial laser sanner and a high resolution digitalamera. This sanner has an e�etive range between2-800 metres, 360x80 degrees �eld of view. Colour infor-mation for eah 3D point is obtained via a Nikon D100amera mounted on top. The environment of interestis sanned at various loations to build a omplete map.The dense point loud from eah san are then registeredtogether using in-house software based on the TrimmedIterative Closest Point (TrICP) algorithm [Chetverikovet al., 2002℄. Eah san is registered to the next nearestsan with one san hosen as the referene point. Ourtest environment was sanned at 5 di�erent loations.The registered point louds ontained over 36 millionpoints oupying about 850MB of disk spae (unom-pressed 32 bit �oats). Given the size of the data, it isinfeasible to render a sene at any given pose fast enoughfor loalisation using partile �lters. The frame ratesahieved were well under 1 frame per seond on a Nvidia6800GT graphis ard. For global loalisation we need togenerate many hypothesis, whih an be anywhere in the100,000s. It would be impratial to wait over 100,000seonds for a single update. Clearly, we need to ompressthe dense 3D map into something more manageable.1http://www.gphoto.org

The point loud is post proessed by representing asmuh of the environment using planes and texture, whihare more memory e�ient. The plane �tting was doneusing RANSAC as desribed in [Ho and Jarvis, 2007℄.This redued the point loud to about 400MB (~53%ompression over the raw point loud), 160MB alloatedto texture and the rest being points. Our test environ-ment onsisted a lot of vegetation that an't be �ttedby planes well. This fusion of texture and point mapis then sampled at point on a every 0.25 metre spaedretangular grid and 10 degrees rotation to reate the�nal appearane map database.3.1 Panorami Mirror in CyberworldTo generate the appearane map in yberworld, an a-urate simulation of the panorami mirror used by therobot is required. The mirror has the same pro�le foundin [Chahl, 1998℄ with an elevation gain of 7. Figure 2shows the mirror's parameters and o-ordinate systemused in equation 1. The polar equation desribing thismirror is:
r4 =

r4
0

cos4θa

(1)

Figure 2: Mirror's parameters and o-ordinate systemThe variable r0 was found experimentally by runninga Matlab sript that optimised this variable until it �ttedthe pro�le of the mirror. To visually on�rm the au-ray of the model, the shape of the pro�le was printedout on paper and ompared to the mirror. Given a ge-ometri model of the mirror we are interested in �ndingan equation to bak projet 3D points onto the mirror.Finding an analytial solution proved di�ult so an ap-proximation was used instead. This was done in simula-tion by projeting rays from the amera onto the mirror



and seeing where it interseted with the mirror and re-�eted. An 8th degree polynomial was used to �t a rela-tionship between the angle of re�etion ,θb, and loation(xi, yi) where it ours on the mirror. Figure 3 showsthe �tted data for the bak projetion. All funtions re-turn x and y values relative to the apex of the mirrornot the o-ordinate system in Figure 2. Given the 2Dposition on the mirror, �nding the 3D position is trivialgiven an angle around the optial axis of the mirror.

Figure 3: Bak projetion equationsThe panorami mirror is simulated in OpenGL usingGLSL vertex/fragment shaders2. Figure 4 shows an ex-ample panorami image generated from the yberworld.2http://www.opengl.org/doumentation/glsl/

Three grey vertial bars are added to represent the metallegs of the tripod oluding the mirror.
Figure 4: Example of a panorami image in yberworld.4 Panorami imageThe panorami images are aptured at 640x480 insteadof the full 2816x2112 beause we end up using a down-sample image for image mathing, the high resolution isunneessary. We plan to make use of the high resolutionfor a future idea that will be mentioned in the disus-sion. To unwrap the image, a linear mapping is appliedas shown graphially in Figure 5. The resolution of theunwrapped image is 512x128 pixels.

Figure 5: Unwrapping a panorami image4.1 HDR imagingA ommon problem faed when taking panorami imagesoutdoor is the low dynami range of the amera. Thisis partiularly notieable for senes with a mix of darkand bright regions. The sky tends to oversaturate whileareas ast with a shadow undersaturate. To produe animage with a larger dynami range, we adopt standardtehniques found in high dynami range (HDR) imaging[Debeve and Malik, 1997℄. Typially, multiple images ofthe same sene are taken at di�erent exposure level andombined to produe a single HDR image. The HDRimage range exeeds that of a standard monitor displayand requires tone mapping to ompress it for displayingpurposes.For our appliation, only two images are required. Oneat -2EV and the other at +2EV. This is adequate in high-lighting very bright and dark areas. We use the opensoure program qtpfsgui3 with the Reinhard02 [Rein-hard, 2002℄ tone mapping operator to reate the HDRimages. The program was modi�ed to run on the om-mand line. An example is shown in Figure 6. This HDRoperation takes between 1-3 seonds.3http://www.qtpfsgui.soureforge.net/
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Figure 6: HDR panorami image. Top is taken at -2EV,middle at +2EV, and bottom is the �nal HDR imageAlgorithm 1 Haar Wavelet deomposition in 1D1: proedure Deompose(A : array[0..h-1℄)2: A← A / √h3: while h > 1 do4: for i← 0 to h− 1 do5: A′[i]← (A[2i℄ + A[2i+1℄) / √h6: A′[h + i]← (A[2i℄ - A[2i+1℄) / √h7: end for8: A←A'9: end while10: end proedure5 Image mathingA multi-resolution Haar wavelet approah based on [Ja-obs et al., 1995℄ was applied to reate a signature vetorfor eah pose in the database. The pseudo ode for theHaar wavelet deomposition in 1D is given in Algorithm1. To deompose a 2D image, the rows are deomposed�rst then the olumns. Haar wavelets are very fast toompute and simple to implement.Our approah for reating the signature is as follows:Algorithm 2 Wavelet signature1. Downsample image to 512x128 (unwrappedpanorami)2. Convert image to grey sale3. Perform a 2D Haar wavelet deomposition4. Keep the �rst 64x16 oe�ients5. Quantise oe�ients to [-1,1℄ (negative, positive)

The signature is the quantised set of 64x16 oe�ients,whih is a vetor of 1024 in length. The signature anbe thought of as enoding light to dark and dark to lightintensity transition at di�erent resolutions. The �rst o-e�ient in the signature is the average intensity of theentire image (not used but kept anyway). This signaturean be e�iently stored as an array of 1-bit values sinethe oe�ients are quantised to two levels. Eah signa-ture takes up 128 bytes. Our database of over 100,000poses totals to about 15MB. To measure the similaritybetween a query and target image, Algorithm 3 is used.Algorithm 3 Similarity measure1: proedure GetWeight(query : array[64℄[16℄, tar-get : array[64℄[16℄)2: for y = 0 to 15 do3: for x = 0 to 63 do4: bin = GetLevel(x, y)5: histogram[bin] ← histogram[bin] +
(query[x][y] = target[x][y])6: end for7: end for8: score =

∏

i

sigmoid(bi + wi × histogram[i])9: return score10: end proedureThe wavelet oe�ients are grouped into 5 bins byGetLevel, whih returns the resolution level of the oef-�ient at (x,y). This is the same weighting sheme usedin [Zhuang and Ouhyoung, 1997℄. A graphial represen-tation is shown in Figure 7. Eah olour represents aspatial bin at that partiular level and are numbered onthe top.
Figure 7: Wavelet oe�ient weighting shemeThe weights and bias value were found by using logistiregression from a set of ground truth training data. Thetraining set onsisted of 996 images lassi�ed into twolasses, math and mismath. The math data set on-sisted of 6 images at known poses. While the mismathwere images randomly hosen from the appearane map



that were at least 5 metres away from the 6 images. Wefound that treating eah histogram bin independently asan individual probability produed better disriminationin omparison to doing
score = sigmoid

(

b +
∑

i

wi × histogram[i]

)The weights used are summarised in Table 1.Level Bias (bi) Weight (wi)0 -6.153 0.3711 -8.131 0.4072 -13.175 0.2843 -15.332 0.0964 -38.797 0.080Table 1: Weights used6 Global LoalisationAlthough, given a panorami image, we ould simplyperform a database lookup and �nd an estimated posefrom the best soring image, this would not be very ro-bust, partiularly for a large database. Sine we havea mobile platform, ontinuity is exploited by mathinga sequene of images instead. For this, a partile �l-ter is employed to perform global loalisation [Thrun etal., 2001; Rekleitis, 2004℄. 100,000 partiles were ini-tialised uniformly aross the map. Areas with obstalesthat the robot an't physially move to are automati-ally deteted based on height thresholding of the pointloud. For eah movement of the robot an update wasperformed. Updating 100,000 partiles takes about 5seonds on a Pentium M 1.8Ghz. A summary of thealgorithm used is given:Algorithm 4 Global loalisation using partile �lterbegin loop1. move robot2. apply motion model to partiles3. apture panorami image4. update partiles' weight using GetWeight5. resample partilesend loopA Gaussian noise model for wheel odometry was usedfor the motion model and was obtained empirially. Thenoise is a perentage of the total distane the robot hasmoved or rotated.
εt = N (µ = −0.043, σ = 0.015) (2)

εr = N (µ = −0.005, σ = 0.045) (3)
εθ = ∆θ + εr∆θ (4)

εt and εr are the translation and rotation error re-spetively. N is a Gaussian funtion with mean µ andstandard deviation σ. ∆θ and ∆t are relative rotationand translation the robot has performed and (xi, yi, θi)are absolute position and orientation.
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xi + (∆t + εt∆t) cos (θi + εθ)
yi + (∆t + εt∆t) sin (θi + εθ)

θi + εθ



(5)The pose is estimated using the weighted mean:
X̄ =

∑

i

Xiwi (6)Alternative estimations are the best partile and ro-bust mean. The best partile is the partile with thehighest weight. One disadvantage of hoosing the bestpartile is that it introdues disretisation errors. Therobust mean does a weighted mean in a small windowaround the best partile. It has the advantage of selet-ing the mode of distribution (for multimodal distribu-tion) and redues disretisation error. However, if thepartiles have onverged tightly then the weighted meanand robust mean produe results with insigni�ant nu-merial di�erene.7 Experimental ResultsThe robot is plaed at a random loation and pro-grammed to move in a straight line for 6 metres, up-dating every metre, with the exeption of experiment 2that ran for 8 metres. The position where it stoppedis reorded by using a tape measure relative to natu-ral landmarks in the environment as referene points.This experiment was performed 6 times at various loa-tions. It is important to point out that this not a kidnaprobot experiment whih is something to be implementedin future work. The partile �lter algorithm is manuallyreset every time the robot is randomly displaed. Figure8 shows the partiles for experiments 1 at eah updatestages, with the image from the panorami mirror shownon the bottom right. As observed, the partiles onvergequikly.To determine the error in loalisation, we ran theglobal loalisation 50 times sine the partile �lter isbased on random sampling, hene the outome will al-ways be slightly di�erent. For every run, the estimatedpose is ompared to the reorded ground truth usingEulidean distane. The distane from the ground truthand estimated position is de�ned as the error. The er-rors are aggregated and the mean alulated for eah



experiment. Table 2 summarises the results for all theexperiments. Figure 9 shows all the ground truth loa-tion for all experiments.Experiment no. True (x,y,θ) Est (x,y)1 (2.8, 0.8, 18◦) (2.5, 0.8)±0.32 (8 metres) (-6.5, -1.2, −77◦) (-6.3, 0)±1.23 (-7.0, 1.1, −70◦) (-6.3, 1.5)±0.84 (0.3, -0.8, 8◦) (-0.8, -0.7)±1.15 (9.0, 2.8, 22◦) (8.1, 2.6)±0.96 (-10.0, 4.1, 130◦) (-9.5, 2.7)±1.5Experiment no. Est θ1 18◦ ± 2◦2 (8 metres) −74◦ ± 5◦3 −76◦ ± 6◦4 10◦ ± 2◦5 29◦ ± 7◦6 129◦ ± 2◦Table 2: Summary of global loalisation experiments.All values are expressed in metres.8 DisussionThe partiles onverge rapidly towards the true positionfor all experiments. The error in loalisation is, however,not small enough to navigate narrow paths reliably yet.This an be improved by fusing the robot with a loserange sensor to detet obstales and augment the parti-le �lter. Despite that, the loalisation is more auratethan a onventional ivilian GPS, whih an have uner-tainties anywhere in the 10s of metres. Currently, we areextending the environment by adding more laser sansand inreasing the environment size.One of the major disadvantage of the appearane mapmethod is that it disregards the 3D information from thepoint loud. The point loud is a preise metri modeland it would be a waste to not exploit it. At the mo-ment, we are investigating ways of inorporating the 3Dinformation. One idea is to do feature mathing arossthe panorami image and the appearane map. For eahpixel in the appearane map it an be traed bak toa 3D point. Given a list of 3D points and their 2Dorrespondene it is possible to perform a triangulation,treating eah mathed pixel like a stati beaon. Thisis where the high resolution images have an advantage.The high resolution allows more features to be detetedwhile at the same time providing higher orrespondeneauray, assuming the appearane map is also high res-olution. Another idea is to extrat 3D information fromthe sequene of images as the robot moves. Mathingin 3D spae should be more robust but likely be moreomplex.

Olusion and lighting onditions have not been on-sidered and is something for future work. The waveletsignature has the potential to handle olusion beauseit is made up of loal spatial information at various res-olutions. An oluded region would only introdue abad math for that area only. The signature, in the-ory, is inherently robust to global illumination sine itonly onsiders dark to light and light to dark intensitytransition. An image undergoing onstant hange in illu-mination would still have the same signature exept forthe �rst oe�ient, whih we don't use anyway.One advantage of the the appearane map method isits generality. It an be extended to higher dimensionsif omputational e�ieny is not an issue. One ouldeven extend the loalisation to 3D spae, suh as with aheliopter robot.9 ConlusionWe have presented a global loalisation method based onappearane maps generated from a laser range sanner.The loalisation is more aurate than a onventionalivilian GPS but less aurate than using a diret sensorsuh a laser. Although we have not exploited any 3Dinformation from the point loud it is something that weare investigating. Nevertheless, we have ahieved su-essful results when working in 2D spae only and anexpet the auray to be further improved if fused with3D information.Referenes[Chahl, 1998℄ Javaan Singh Chahl. Panorami surveil-lane system. U.S. Patent 5,790,181, 1998.[Chetverikov et al., 2002℄ D. Chetverikov, D. Svirko,D. Stepanov, and P. Krsek. The trimmed itera-tive losest point algorithm. In Pro. InternationalConf. on Pattern Reognition, Quebe, Canada. IEEEComp. So., 2002.[Debeve and Malik, 1997℄ Paul E. Debeve and Jiten-dra Malik. Reovering high dynami range radianemaps from photographs. In SIGGRAPH '97: Proeed-ings of the 24th annual onferene on Computer graph-is and interative tehniques, pages 369�378, NewYork, NY, USA, 1997. ACM Press/Addison-WesleyPublishing Co.[Ho and Jarvis, 2007℄ Nghia Ho and R. A. Jarvis. Largesale 3d environmental modelling for stereosopiwalk-through visualisation. 3DTV Conferene, 2007.[Jaobs et al., 1995℄ Charles E. Jaobs, Adam Finkel-stein, and David H. Salesin. Fast multiresolution im-age querying. Computer Graphis, 29(Annual Confer-ene Series):277�286, 1995.
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(a) Initial update (b) Moved 1 metre forward
() Moved 1 metre forward (d) Moved 1 metre forward
(e) Moved 1 metre forward (f) Moved 1 metre forwardFigure 8: Results for experiment 1.



Figure 9: Ground truth and estimated position for all 6 experiments.


