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Abstract

We present an improvement to the DP-SLAM algorithm for siamug-
ous localization and mapping (SLAM) that maintains mu#tiplypothe-
ses about densely populated maps (one full map per pantickepar-
ticle filter) in time that is linear in all significant algohin parameters
and takes constant (amortized) time per iteration. Thisnmdhat the
asymptotic complexity of the algorithm is no greater thaet tf a pure
localization algorithm using a single map and the same nuigarti-
cles. We also present a hierarchical extension of DP-SLAM tises a
two level particle filter which models drift in the particlédiring process
itself. The hierarchical approach enables recovery fromitievitable
drift that results from using a finite number of particles ipaaticle filter
and permits the use of DP-SLAM in more challenging domairts)ev
maintaining linear time asymptotic complexity.

1 Introduction

The ability to construct and use a map of the environment itiaad enabling technology
for many important applications, such as search and rescext@terrestrial exploration.
Probabilistic approaches have proved successful at aidgethe basic problem of local-
ization using particle filters [6]. Expectation Maximizati (EM) has been used success-
fully to address the problem of mapping [1] and Kalman fil{&;sL0] have shown promise
on the combined problem of simultaneous localization angpimng (SLAM).

SLAM algorithms ought to produce accurate maps with boumdsaurce consumption per
sensor sweep. To the extentthat itis possible, it is ddsitalavoid explicit map correcting
actions, which are computationally intensive and wouldyagomatic of accumulating
error in the map. One family of approaches to SLAM assumesively sparse, relatively
unambiguous landmarks and builds a Kalman filter over lamkrpasitions [2, 9, 10] .
Other approaches assume dense sensor data which indiyidualnot very distinctive,
such as those available from a laser range finder [7, 8]. Aartdge of the latter group is
that they are capable of producing detailed maps that casdgt:for path planning.

In earlier work, we presented an algorithm called DP-SLAN| Mhich produced ex-
tremely accurate, densely populated maps by maintainiragna glistribution over robot
maps and poses using a particle filter. DP-SLAM uses noval statictures that exploit
shared structure between maps, permitting efficient useamfyrjoint map/pose particles.



This gives DP-SLAM the ability to resolve map ambiguitiesaamatically, as a natural part
of the particle filtering process, effectively obviatingtéxplicit loop closing phase needed
for other approaches [7, 12].

A known limitation of particle filters is that they can requia very large number of parti-
cles to track systems with diffuse posterior distributiomhis limitation strongly affected
earlier versions of DP-SLAM, which had a worst-case run ttimat scaled quadratically
with the number of particles. In this paper, we present aifsggimt improvement to DP-

SLAM which reduces the run time to linear in the number ofighes, giving multiple map

hypothesis SLAM the same asymptotic complexity per parts localization with a single
map. The new algorithm also has a more straightforward aiséynd implementation.

Unfortunately, even with linear time complexity, thereshxdomains which require infea-
sibly large numbers of particles for accurate mapping. Threudative effect of very small
errors (resulting from sampling or discretization) canseadrift. To address the issue of
drift in a direct and principled manner, we propose a hidriaal particle filter method
which can specifically model and recover from small amouhtdrift, while maintaining
particle diversity longer than in typical particle filterBhe combined result is an algorithm
that can produce extraordinarily detailed maps of largealogmat close to real time speeds.

2 Linear TimeAlgorithm

A DP-SLAM ancestry tree contains all of the current particles as leaves. The parent o
a given node represents the particle of the previous iterdtom which that particle was
resampled. An ancestry treermsnimal if the following two properties hold:

1. Anode is a leaf node if and only if it corresponds to a curgameration particle.
2. Allinterior nodes have at least two children.

The first property is ensured by simply removing particlex #ire not resampled from the
ancestry tree. The second property is ensured by mergiegtsawith only-child nodes. It
is easy to see that for a particle filter withparticles, the corresponding minimal ancestry
tree will have a branching factor of at least two and depthooftore tharO(P).

The complexity of maintaining a minimal ancestry tree wiipgtnd upon the manner in
which observations, and thus maps, are associated wittsrindlee tree. DP-SLAM dis-
tributes this information in the following manner: All mapdates for all nodes in the
ancestry tree are stored in a single global grid, while eantferin the ancestry tree also
maintains a list of all grid squares updated by that node. ifemation contained in
these two data structures is integrated for efficient acaiesach cycle of the particle filter
through a new data structure calledraap cache.

2.1 CoreData Structures

The DP-SLAM map is a global occupancy grid-like array. Eartl gell contains arob-
servation vector with one entry for each ancestry tree node that has made amaltion of
the grid cell. Each vector entry is aiservation node containing the following fields:

opacity a data structure storing sufficient statistics for the aqurestimate of the opacity
of the grid cell to the laser range finder. See Eliazar and[Bhfor details.

parent a pointer to a parent observation node for which this nodeis@date. (If an
ancestor of a current particle has seen this square alrérgdythe opacity value
for this square is considered an update to the previous g&dued by the ancestor.
However, both the update and the original observation aredt since it may not
be the case that all successors of the ancestor have madesifithis square.)



anode a pointer to the ancestry tree node associated with therdurpacity estimate.

In previous versions of DP-SLAM, this information was stbresing a balanced tree. This
added significant overhead to the algorithm, both concéptthcomputational, and is no
longer required in the current version.

The DP-SLAM ancestry tree is a basic tree data structure with pointers to parents and
children. Each node in the ancestry tree also containanades vector, which contains
pointers to observation nodes in the grid cells updated &watitestry tree node.

2.2 Map cache

The main sacrifice that was made when originally designingSDRM was that map ac-

cesses no longer took constant time, due to the need to siharclbservation vector at a
given grid square. The map cache provides a way of returmirtgi¢ constant time ac-
cess, by reconstructing a separate local map which is densiwith the history of map

updates for each particle. Each local map is only as largheaarea currently observed,
and therefore is of a manageable size.

For a localization procedure using particles and observing an area 4fgrid squares,
there is a total ofD(AP) map accesses. For the constant time accesses provided by the
map cache to be useful, the time complexity to build the majpheaeeds to b&(AP).

This result can be achieved by constructing the cache in bgsgs.

The first pass is to iterate over all grid squares in the glotegd which could be within
sensor range of the robot. For each of these grid squaresbervation vector stores
all observations made of that grid square by any particleis Vhctor is traversed, and
for each observation, we update the corresponding local witipa pointer back to the
corresponding observation node. This creates a set obplaxtal maps that store pointers
to map updates, but no inherited map information. Sinceitteecf the observation vector
can be no greater than the size of the ancestry tree, whicf@$ nodes, the first pass
takesO(P) time per grid square.

In the second pass we fill holes in the local maps by propagatirerited map information.
The entire ancestry tree is traced, depth first, and the inaglis checked for each ancestor
node encountered. If the local map for the current ancestde was not filled during the
first pass, then the hole is patched by inheritance from thestar node’s parent. This will
fill any gaps in the local maps for grid squares that have been by any current particle.
As this pass is directly based on the size of the ancestryitis@lsoO(P) per grid square.
Therefore, the total complexity of building the map cach@(slP).

For each particle, the algorithm constructs a grid of pemte observation nodes. This
provides constant time access to the opacity values censiglith each particle’s map.
Localization now becomes trivial with this representatibaser scans are traced through
the corresponding local map, and the necessary opacitgvalte extracted via the point-
ers. With the constant time accesses afforded by the locas ntlae total localization cost
in DP-SLAM is nowO(AP).

2.3 Updatesand Deletions

When the observations associated with a new particle’ssssmseep are integrated into the
map, two basic steps are performed. First, a new observiatiadded to the observation
vector of each grid square which was visited by the partidiser casts. Next, a pointer to
each new observation is added to this partiad&edes vector. The cost of this operation is
obviously no more than that of localization.

There are two situations which require deleting nodes frioenancestry tree. The first is



the simple case of removing a node from which the particlerftias not resampled. Each
ancestor node maintains a vector of pointers to all obsenaattributed to it. Therefore,
these entries can be removed from the observation vectdreiglobal grid in constant
time. Since there can be no more deletions than there ardagahis process has an
amortized cost 0D (AP).

The second case for deleting a node occurs when a node in testantree which has

an only child is merged with that child. This involves reptarthe opacity value for the

parent with that of the child, and then removing that chiletisry from the associated grid
cell's observation vector. Therefore, this process istidahto the first case, except that
each removal of an entry from the global map is preceded byglesupdate to the same
grid square. Since the observation vector at each grid egaarot ordered, additions to
the vector can be done in constant time, and does not chaagehplexity fromO(AP).

3 Drift

A significant problem faced by current SLAM algorithms is ttled drift. Small errors
can accumulate over several iterations, and while thetieguhap may seem locally con-
sistent, there could be large total errors, which becomeuramp after the robot closes a
large loop. In theory, drift can be avoided by some algorghmsituations where strong
linear Gaussian assumptions hold [10]. In practice, it iglita avoid drift, either as a
consequence of violated assumptions or as a consequenegticfeofiltering. The best
algorithms can only extend the distance that the robotsdafore experiencing drift. Er-
rors come from (at least) three sources: insufficient gartioverage, coarse precision, and
resampling itself (particle depletion).

The first problem is a well known issue with particle filtersiv&h a finite number of
particles, there will be unsampled gaps in the particle coye of the state space and the
proximity to the true state can be as coarse as the size & ass. This is exacerbated by
the fact that particle filters are often applied to high disienal state spaces with Gaus-
sian noise, making it impossible to cover unlikely (butl gidssible) events in the tails of
distribution with high particle density. The second issiedarse precision. This can occur
as a result of explicit discretization through an occupagrig, or implicit discretization
through the use of a sensor with finite precision. Coarseigiogccan make minor per-
turbations in the state appear identical from the perspecfithe sensors and the particle
weights. Finally, resampling itself can lead to drift byfsihg a finite population of parti-
cles away from low probability regions of the state spaceil®\this behavior of a particle
filter is typically viewed as a desirable reallocation of qartational resources, it can shift
particles away from the true state in some cases.

The net effect of these errors can be the gradual accumuilat&mall errors resulting from
failure to sample, differentiate, or remember a state vabimt is sufficiently close to the
true state. In practice, we have found that there exist ldayeains where high precision
mapping is essentially impossible with any reasonable raxrabparticles.

4 Hierarchical SLAM

In the first part of the paper, we presented an approach to Sthatireduced the asymp-
totic complexity per particle to that of pure localizationhis is likely as low as can rea-
sonably be expected and should allow the use of large nunab@easrticles for mapping.
However, the discussion of drift in the previous sectionemsdores that the ability to use
large numbers of particles may not be sufficient, and we wékédtechniques that de-
lay the onset of drift as long as possible. We therefore pge@ohierarchical approach to
SLAM that is capable of recognizing, representing, andvedag from drift.



The basic idea is that the main sources of drift can be modedettie cumulative effect
of a sequence of random events. Through experimentatiosawejuantify the expected
amount of drift over a certain distance for a given algorithmich in the same way that we
create a probabilistic motion model for the noise in the tsbmdometry. Since the total
drift over a trajectory is assumed to be a summation of marglisfargely independent
sources of error, it will be close to a Gaussian distribution

If we view the act of completing a small maggment as a random process with noise, we
can then apply a higher level filter to the output of the maprss=g process in an attempt
to track the underlying state more accurately. There arelemefits to this approach.

First, it explicitly models and permits the correction offdr Second, the coarser time

granularity of the high level process implies fewer resangateps and fewer opportunities
for particle depletion. Thus, if we can model how much dsfexpected to occur over a

small section of the robot’s trajectory, we can maintais #xtra uncertainty longer, and

resolve inaccuracies or ambiguities in the map in a natasddion.

There are some special properties of the SLAM problem tha&tenitaparticularly well
suited to this approach. In the full generality of an arhbitrmacking problem, one should
view drift as a problem that affects entire trajectoriestiyh state space and the complete
belief state at any time. Sampling the space of drifts wodthtrequire sampling perturba-
tions to the entire state vector. In this fully general ctise benefit of the hierarchical view
would be unclear, as the end result would be quite similardidireg additional noise to
the low level process. In SLAM, we can make two assumptioassimplify things. The
first is that the robot state vector is highly correlated with remaining state variables,
and the second is that we have access to a low level mappigguoe with moderate
accuracy and local consistency. Under these assumptiomshe effects of drift on low
level maps can be accurately approximated by perturbatitie endpoints of the robot
trajectory used to construct a low level map. By samplin§ drily at endpoints, we will
fail to sample some of the internal structure that is possibldrifts, e.g., we will fail to
distinguish between a linear drift and a spiral pattern wlith same endpoints. However,
the existence of significant, complicated drift patternthimia map segment would violate
our assumption of moderate accuracy and local consisteitkhinvaur low level mapper.

To achieve a hierarchical approach to SLAM, we use a stan8bAdM algorithm using
a small portion of the robot’s trajectory as input for the l@wvel mapping process. The
output is not only a distribution over maps, but also a distiibn over robot trajectories.
We can treat the distribution over trajectories as a distidm over motions in the higher
level SLAM process, to which additional noise from drift dded. This allows us to use
the output from each of our small mapping efforts as the ifipua new SLAM process,
working at a much higher level of time granularity.

For the high level SLAM process, we need to be careful to adoidble counting evi-
dence. Each low level mapping process runs as an indepepide@ss intialized with an
empty map. The distribution over trajectories returnedhsylow level mapping process
incorporates the effects of the observations used by thédesl mapper. To avoid double
counting, the high level SLAM process can only weigh the mdtetween the new obser-
vations and the existing high level maps. In other woatlsf the observations for a single
high level motion step (single low level trajectory) mustdwaluated against the high level
map, before any of those observations are used to updateaghe\i'e summarize the high
level SLAM loop for each high level particle as follows:

1. Sample a high level SLAM state (high level map and robdekta

2. Perturb the sampled robot state by adding random drift.

3. Sample a low level trajectory from the distribution oveajéctories returned by the low
level SLAM process.

4. Compute a high level weight by evaluating the trajectony @bot observations against the



sampled high level map, starting from the perturbed roladest
5. Update the high level map based upon the new observations.

In practice this can give a much greater improvement in aaguover simply doubling
the resources allocated to a single level SLAM algorithmelose the high level is able to
model and recover from errors much longer than would be wfiserpossible with only
a single particle filter. In our implementation we used DPASLat both levels of the
hierarchy to ensure a total computational complexitp¢fi P). However, there is reason
to believe that this approach could be applied to any othepsag-based SLAM method
just as effectively. We also implemented this idea with oohe level of hierarchy, but
multiple levels could provide additional robustness. Wetfat the size of the domains on
which we tested did not warrant any further levels.

5 Implementation and Empirical Results

Our description of the algorithm and complexity analysisusses constant time updates to
the vectors storing information in the core DP-SLAM datastures. This can be achieved
in a straightforward manner using doubly linked lists, bistoaewhat more complicated
implementation using adjustable arrays is dramaticallyemedficient in practice. A careful
implementation can also avoid caching maps for interiorasaaf the ancestry tree.

As with previous versions of DP-SLAM, we generate many mangigles than we keep at
each iteration. Evaluating a particle requires line trgci81 laser casts. However, many
particles will have significantly lower probability thanhetrs and this can be discovered
before they are fully evaluated. Using a technique we matticle culling we use patrtial
scan information to identify and discard lower probabiliigrticles before they are eval-
uated fully. In practice, this leads to large reduction ia ttumber of laser casts that are
fully traced through the grid. Typically, less than one teaf the particles generated are
resampled.

For a complex algorithm like DP-SLAM, asymptotic analysigymot always give a
complete picture of real world performance. Therefore, wevjole a comparison of ac-
tual run times for each method on three different data logbe particle counts pro-
vided are the minimum number of particles needed (at ea@h)levproduce high-quality
maps reliably. The improved run time for the linear algaritialso reflects the benefits
of some improvements in our culling technique and a cleamgridmentation permit-
ted by the linear time algorithm. The quadratic code is synpb slow to run on the
Wean Hall data. Log files for these runs are available fromDReSLAM web page:
http://www.cs.duke.edu/"parr/dpslam/ . The results show a significant prac-
tical advantage for the linear code, and vastimprovemei, in terms of time and number
of particles, for the hierarchical implementation.

Quadratic Linear Hierarchical
Log Particles| Minutes | Particles| Minutes | Particles (high/low)| Minutes
loop5 1500 55 1500 14 200/250 12
loop25 11000 1345 11000 690 2000/3000 289
Wean Hall| 120000 N/A 120000 2535 2000/3000 293

Finally, in Figure 1 we include sample output from the hiehécal mapper on the Wean
Hall data shown in our table. In this domain, the robot traxsgdproximately 220m before
returning to its starting position. Each low level SLAM pess was run for 75 time steps,
with an average motion of 12cm for each time step. The noatthical approach can pro-
duce a very similar result, but requires at least 120,000qgbes to do so reliably. (Smaller
numbers of particles produced maps with noticeable driftserrors.) This extreme dif-
ference in particle counts and computation time demorestrihite great improvement that
can be realized with the hierarchical approach. (The Wedhddtaset has been mapped
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Figure 1: CMU’s Wean Hall at 4cm resolution, using hieracahiSLAM. Please zoom in
on the map using a software viewer to appreciate some of thalétail.

successfully before at low resolution using a non-hienaadtapproach with run time per
iteration that grows with the number of iterations [8].)

6 Reated Work

Other methods have attempted to preserve uncertainty figelonumbers of time steps.
One approach seeks to delay the resampling step for setenations, so as to address
the total noise in a certain number of steps as one Gaussthravarger variance [8]. In
general, look-ahead methods can “peek” at future obsensto use the information from
later time steps to influence samples at a previous time 3teplie HYMM approach[11]
combines different types of maps. Another way to interpietérchical SLAM is in terms
of a hierarchical hidden Markov model framework [5]. In araiehical HMM, each node
in the HMM has the potential to invoke sub-HMMSs to produceréessof observations. The
main difference is that in hierarchical HMMs, there is asedrto be a single process that
can be represented in different ways. In our hierarchic&li8lapproach, only the lowest
level models a physical process, while higher levels mduektrors in lower levels.

7 Conclusions and Future Research

We have presented a SLAM algorithm which is the culminatibrowr efforts to make
multiple hypothesis mapping practical for densely popdanaps. Our first algorithmic
accomplishment is to show that this requires no more efé@tmptotically, than pure lo-
calization using a patrticle filter. However, for mappings ttumber of particles needed can
be large and can still grow to be unmanageable for large dwkie to drift. We therefore
developed a method to improve the accuracy achieveableaw#hsonable number of par-
ticles. This is accomplished through the use of a hieraatipiarticle filter. By allowing an
additional level of sampling on top of a series of small méetfilters, we can successfully
maintain the necessary uncertainty to produce very aceumnaps. This is due to the ex-
plicit modeling of the drift, a key process which differeatts this approach from previous
attempts to preserve uncertainty in particle filters.

The hierarchical approach to SLAM has been shown to be vesfulm improving DP-
SLAM performance. This would lead us to believe that simiit@provements could also be



realized in applying this to other sampling based SLAM mdth&LAM is perhaps not the
only viable application for hierarchical framework for fiele filters. However, one of the
key aspects of SLAM is that the drift can easily be represkbyea very low dimensional
descriptor. Other particle filter applications which haviét that must be modeled in many
more dimensions could benefit much less from this hieraatlajeproach.

The work of Hahnel et al. [8] has made progress in increasffigency and reducing
drift by using scan matching rather than pure sampling framiay proposal distribution.
Since much of the computation time used by DP-SLAM is spealuating bad particles, a
combination of DP-SLAM with scan matching could yield sifigant practical speedups.
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