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Abstract— Autonomous mobile robots are deployed in a vari- is obvious that sensing, planning and motion execution are
ety of application domains, resulting in scenario specific imple- interconnected. Although performance indicators havenbee
mentations. However these systems share common componentsproposed for each of these components, it is still not ptESSib

responsible for perception, path planning and task execution. .
In cF:rder to find g forrFr)1aI Wa‘; to i%entifygthe influence of the (O assess the effect that environmental parameters, ogeban

environmental complexity to the used methods, an approach for in performance indicators of specific system components,
quantitative system interdependence analysis is introduced. The have on the rest of the system.

coherence between several performance indicators of differén In order to find a formal way to compare the applicability
system components, as well as the influence of environmental of methods to these shared problems, the focus of this

parameters on the system, are learned and quantitatively . . e e .
evaluated. Performance evaluation of an autonomous robot P2PEr is on the identification of the sensitivity of a robotic

navigating in two different urban environments is conducted System to the changes within its environment. In this relspec
and presented results demonstrate the applicability of the performance is in the following expressed as system stybili

proposed approach. against external influences. Moreover the interdependence
. INTRODUCTION between system components, such as perception, planning

Autonomous robotic systems are called to operate in and gxecution, is learned, whiqh enables the determinafion _
wide variety of environments, which all require specificagp crucial system components wth respect to robustness. This
of capabilities in order to handle the arising complexitiesknowledge can be helpful during system development and
Guide or mall robots [1] are examples of robotic application€Ven be integrated |_nto the on-line reasoning process of the
in structured indoor environments. While navigation in sucl§yStem to enhance its autonomy.
situations can be often simplified by providing the robots The remainder of this paper is organized as follows: Sec. I
with complete environment knowledge, still challengeseri SUmmarizes related work followed by a description of the
through the interaction with people in order to provideoresented approach in Sec. Ill. In Sec. IV a set of perfor-
them with information. Gradually, the application domainMance indicators is specified. Sec. V shows how Bayesian
of social robots has been extended to unstructured urbBigtworks are learned to represent the coherence between

where no interaction is required at all but the focus i@resented to evaluate the degree of the learned coherence.

primarily on fully autonomous high-speed driving. Results based on an autonomous robot navigating in urban

All these systems carry out tasks in partially knowrfnvironments are presented in Sec. VII.
or unknown environments and are constantly faced with Il. RELATED WORK
situations that require decision making capabilities upee- . ) .
ceptual uncertainty. In order to ensure the robustnessatf su 1 ne existence of literature focusing on the performance
autonomous robots, it is of high interest to identify theotals evaluation of autonomous systems confirms the importance

environmental and system component performance ind'ﬂcatd?f such methods. Qualitative _evaluatlon criteria of roboti
and how they influence the overall system behavior. This w. stems ha\_/e peen propose_d in [4]. These ap_proac_:hes focus
the robots can anticipate failures, by predicting the effecOn @sk objective and social measures to identify both,
that actions would have and correctly adjust their behaviorthe efficiency of robot F.md human. In [5] an evaluation
Most autonomous mobile robots are complex system{@mework for characterizing the autonomy of unmanned
consisting of several components. Commonly, these comp ghlcles by consujermg mission compIeX|.ty, environmenta
nents can be separated into three categories accordingjto t4iculty and HRI'is presented. However in order to apply

purpose. Perceptual components are responsible forlbgildithese concepts to embodied autonomous robots and compare

an environment representation e.g. in form of a map and a3 pe_rformance with other existing systems and differ-
for localizing the robot. This representation is consegjyen ent environments, benchmarks and quantitative perforenanc

used to calculate the trajectory of the robot by path plagnir€valuation criteria are required.

components. Finally, the chosen trajectory is executed andBenchmark scenarios, such as the DARPA Grand Chal-

the progress is monitored by task execution components./§"9€ [6] and RoboCup@Home [7], are used to compare
the performance of autonomous systems. A similar way
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are with Institute of Automatic Control Engineering (LSR)adtlty to standardize test arenas for mobile robots [8]. However,
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Further approaches introduce quantitative metrics to-eve.- — — — — — — — - =

uate robot performance and the influence of the environ-
ment on it during navigation missions. Several metrics are
proposed in [11] to characterize path quality. The entropy

TABLE |
PERFORMANCEINDICATORS

and the compressibility of the environmental informatioa a Perceptual Ind.:;| H™, HP, INFO
used in [12] to estimate the complexity of an environment. Planning Ind.: | sp, nw, varZ(w!,@)), cad, ny
This method can be also used to identify attractor points. Execution Ind.: | v, van@)

of a robotic system is learned in [13] by using a Dynami earned BN. In the next sections each of the steps is going

Bayesian Network. This way the coherence among the m P be analyzed. The acquired quantitative relation can con-
: rﬁequently be used to adjust the on-line functionality of the

the performance of one system component influences tﬁ%bqt 0 the situation. TThis |s_|I|ustrated t_)y the dashe@ lin
Fig. 1. However, an analysis of how this can be achieved

quality of another is determined in [14], where the degree df X
autonomy of a robot is evaluated by combining task perforr-eaChes beyond the scope of this paper.
mance with world complexity. However, no formal method IV. PERFORMANCE INDICATORS
is presented and the evaluation is based only on simulatedThe determination of system performance requires prior
data assuming complete knowledge of the environment. identification of adequate indicators. The proposed imterd
In the approach presented in this paper, several perfgrendence analysis approach can handle arbitrary indscator
mance indicators for the different system components awmghich can be defined by the system designer. However in
discussed and a method for quantitative system interdepegrder to highlight the performance of the approach based
dence analysis is introduced. The structure of a Bayesi@m the ACE robot, the ten indicators shown in Table | have
Network is learned from experimental data, in order to ideneen derived empirically to describe the internal systertest
tify the coherence between external and internal indisatorAccording to the system architecture in [15], the indicator
Subsequently information-theoretic criteria are usedtiier are grouped into three categories.
evaluation of the coherence. This way, the situation and the 1) Perceptual Indicators:Perceptual indicators describe
effect, that changes in performance indicators of specifiie uncertainty of the robot about its position and its en-
system components have on the rest of the system, can\ieonment model. Map uncertainty can be measured by the
assessed. Results from the system analysis are presengsdfopyH™ of the map. For the case of an occupancy grid
using data gathered during field experiments with A@E ~ m this is given by
robot [15]. H™ = —r? 5 —p(l)logp(l) + (1 - p(1))logp(1 - p(1)), (1)
Il1. OVERVIEW OF THE PROPOSED APPROACH . lem .
In this section a method for system interdependence anég_herel is a cell, p(l) the occupancy probability df andr
ysis is proposed. It enables the measurement and evaluatfgfi resolution oim [16].
of system performance with respect to the environment ~OS€ uncertainty
parameters and also provides means for a robot to reason HP = H(p(X|Z,U)) ~ H(p(x |z, W)), 2)
about its current state and the interdependences between
system components. The approach is illustrated in Fig. 1.is given as an average over the uncertainty of the different
As the robot operates, system outputs are monitored apdses along the path as proposed in [17].
performance indicators for each of the system componentsFinally, map information INFOm_1||m) is defined as the
are calculated. Their values are used to learn the structwedative entropy ofm_1 with respect tom, wherem, is the
of a Bayesian Network (BN) off-line and train its paramedocal map at timet. The local mapm is extracted from
ters. The learned structure identifies the coherence batwethe occupancy grian, by taking an area 10 m10 m around
indicators. In order to quantitatively evaluate this camee the robot.m_; is the spatially corresponding part of the
between indicators from different system parts, inforavati respective map at the previous time step. The relative pytro
theoretic analysis is performed on the parameters of the

The relation between the environment and the performange



D (pr_1(D]|pe(1) = pr_1(l) x log p[,l(l)’ (3) Pprobability distribution over the seX = {Xy,..., X%} of the
) ] | ) random variables described above. Formally it is a tuple
for .ceII | is also known as KuIIpack—Le|bIer divergence. Byg _ (G,0), whereG is a Directed Acyclic Graph (DAG)
taking the sum of the symmetric form whose vertices correspond to the random variables. A DAG
Di(pa(DlIpe(H) + i (pe ()] p“l(l))’ implies conditional independence of each varia§lend its
2 (4) non-descendants, given its set of parentsXPa® represents
the relative quantity of inforlmation around the robot the set of parameters that define the transition betweersnode
_ = ; It contains a valued jk = p(X = ki|PaX) = j;) for each
INFO(m-a[m) N |Ezmmfol(mt_1”m) ®) possible valuek; of X Jand each possible set of valugsof
is derived similar to [13], wher&l is a normalization factor. P&’X;). The conditional probability distribution of each node
2) Planning Indicators:In order to asses the quality of the is represented in a Conditional Probability Table (CPT).
path planning module, its generated paths are examined withSince there is no a priori transition information, the space
regard to several quantitative indicators. The most simplef possible DAGs is super-exponential i the number of
indicator is the path lengtls,. Indicators that characterize variables described, and is given by

info; (m_1||my) =

the complexity of the planned path are the numbgrof G(n) — i _)rt (MY kK5 — K 8
waypoints w, the variance v/ (w!,@)) of the angular Q k;( ) k ( ) ®
deviation For the ten indicators discussed in the previous section the

4(\,\,17@) - |arctar(w>1,,wi) _‘Pf‘ elo,m (6) searc_h space contains2410' graphs and cgnnot be ex-
between next waypoini! and robot orientations, and the haustively searched. T_herefore a Markov Cham_ Monte Qarlo
cumulative sum of the angular deviation (MCMCQC) [19] search.|s performeq. The scoring fun.ctpn

Nw o used for the search is the Bayesian Information Criterion
cad= Zf(""l’w_l) (7)  (BIC) [20], which is a function of the log likelihood of
o= the structure according to the training data penalized by th

between consecutive in the path, where argt@vvo) = ®-  complexity of the structure. The number of samples is chosen
Finally, the number of waypointsy which satisfy a maxi- g4 that the search converges to an ordering of nodes close
mum clearance constraint is considered. This can be acquirg, ihe global optimum. To further improve the results of
by using for example distance transformation algorithms. e MCMC search the well-established local greedy search
These metrics can be applied to any global planner whichyrithm K2 [21] is used. The local search is initializediwi
gener.ates paths consisting of a sequence of waypoints. The node ordering acquired by the MCMC search.
planning module of theACE robot [15] performs an A*  Thg K2 search algorithm starts from an empty set of nodes.
search on a hybrid graph composed of nodes extracted frq®ents are added incrementally and the one whose addition
a bounding box structure and a Voronoi graph. Since Voron@icreases the score of the resulting structure most, is. kept
graphs belong to the family of distance transformation algorhe aigorithm stops adding parents to the node, when it is
rithms, the corresponding waypoints satisfy the maximumy, |onger possible to increase the BIC score of the structure
clearance constraint, _ o In the next section, information-theoretic criteria aredis
3) Execution Indicators:The execution efficiency of @ 5 evaluate the coherence between the indicators within the
performed navigation task can be evaluated by observingsrmed network.
the execution time and the consistency of the path. More /| |\ EORMATION THEORETIC-CRITERIA
specifically, the robot speed and the variance of the robot The learned structure of the net provides a first qualitative

Orl,ilrlltzg)orgr:w/?rﬁiz).ned indicators have been chosen to re rview on the mutual interactions among the indicators. In the
P ?ollowing, information-theoretic criteria [22] are apgdl in

sent the internal system state. In the following it is ddzani order to derive also a quantitative measure. Once the strict

how mutual influence among indicators can be learned a%q the net is learned, the CPTs can be computed by using
used to infer from the internal state about the externalavorl the experimental data. For each pair of indicat§rsx;, the

V. LEARNING BAYESIAN NETWORK STRUCTURE mutual information i)
FROM DATA ; : PUkil)

In order to find out whether and to what extent the I(X"XJ)_;p(J) %p(k.“)log p(ki) ®)
above performance indicators interact with each other, ia derived. Intuitively, mutual information measures tie i
Bayesian Network (BN) is learned from experimental datadormation thatX; andX; share, i.e. to what extent knowledge
The topology of the network is unknown beforehand, buabout the one of these variables reduces the uncertaingit abo
the system is fully observable by the data. In order to finthe other. For instance, if two variables are independemni th
the network structure that models the data best, a searkhowledge about one of them does not give any information
through the space of possible structures is performed usiapout the other. Consequently their mutual information is
a likelihood heuristic. zero.

BNs are well-established tools for representing uncertain However, in order to make comparisons between different
relations between several random variables [18]. A BN ipairs of variables a distance metric is required. In thipees
an annotated directed acyclic graph, that encodes a joitfite conjunctional entropy



H(X, Xj) = H4 (X)) +H(X;) (10)
is additionally calculated, whetg(X) = — S yx p(x)logp(X)
is the entropy of the random variab}e The conjuctional
entropy measures the uncertainty about the two variables.
The final distance metric is then derived by

SV [0 S)

006 X) = 55y <L (11)
It can be proven [22] thay satisfies all properties of a metric
such as the triangle inequality, non-negativity and symynet
If two variables are independent thgriX;, Xj) = 0, whereas
when the variables are fully dependent and knowledge about
the one completely reduces the uncertainty about the other
n(%, Xj) = 1.

In the next section the outcome of a field experiment and

the application of the described methods is presented.

VII. EXPERIMENTAL RESULTS

In order to validate the proposed method, system interde-
pendence analysis has been performed by using experimental
data which was gathered during autonomous navigation in an
urban area by the Autonomous City Exploré&CE) robot.

The objective of the experiment was for t&CE robot to

reach Marienplatz, the central square of Munich, starting
from the Technical University of Munich. This is a distance
of approximately 1.5 km in the most active part of downtown

Munich. The robot did not have prior map knowledge Olig. 2. Bottom: Downtown area of Munich. The route of the rofomn the

GPS and relied only on interactions with passers_by to géechnical University of Munich to Marienplatz is indicatég the yellow
ine. The blue box indicates the (8)dewalksituation and the yellow box the

directions and on .ItS on-board sensors in order to na\”gaﬁ%destrian zoneTop: (1) Corresponding pictures and (2) the respective
safely. The experiment was conducted successfully on ps generated by tf&LAM module during navigation.

August 2008. The route can be seen in Fig. 2. , o

The ACE robot is based on a differential drive platform. ZP‘\J -
A laser range finder is used for navigation. A SLAM module § % & @@ o1 o o koo
running at 2Hz, was used to build a large occupancy gridﬁJ\—‘\, [\A—A ‘ ‘ “U:VWUV‘ Vo W‘ V V‘V ‘
map on-line. Parts of 200 /200 m of the acquired map areg s ® 0 ® o, 0y o e T TR
illustrated in Fig. 2 (a2)-(b2) with a resolution of 15cm. A T
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part of the occupancy grid around the robot, is used for p%h var(Z(wh, @)
planning. Replanning was performed at 2 Hz. More details gni A (:’ &;& I N ng A M l; ,

the experimental platform as well as the SLAM and plannirys Ve .
2|

algorithms, can be found in [15]. %Wh&m_ﬂﬂﬂﬂﬂﬂﬂbﬂwm
. . 20 40 60 80 100 1 120 140 160 180
In order to quantitatively evaluate the performance andgF var(@)
the influence of environmental variations to the system,| PSRN | VA | WU A SO A W WY A W
the presented method has been applied to two exemplary Sidewalk Samples ! Pedestrian zone

situations encountered during the outdoor field experimertig. 3. Discretized indicator (vertical axis) values exteal from exper-
The first situation, illustrated in Fig. Z(a), demonstrategnental d_a_ta, for two different _environments. The_dashed I'r_lmﬁcates
navigation on a sidewalk in a less populated district _'I'hté'oist;iﬂfi'\t,g’gaﬁ)‘f’eeﬁﬂn:gzr_env'm"mems' The horizontas akiows the
second situation is illustrated in Fig. 2(b) and is a typical
example of navigation in a densely populated pedestrig@bot orientation variance vigg) have mean values that are
zone. 43% and 45% higher, respectively. The same applies to their
Several considerable differences exist between the tw@riance which is 6.3 and 6.5 times higher in fedestrian
settings. In the first, which is referred to &dewalk the zone Intuitively this can be explained by the lower dynamics
moving ability of the robot is constrained by the narrowin the Sidewalk Before the structure of the BN is learned, the
sidewalk but the dynamic characteristics of the environimeslata must be discretized and transformed into a predefined
are low. In the second case, referred toPaslestrian zone nhumber of states. For the following results a discretizatio
the environment is extensive but primarily characterizedhf ~of three steps was used for all indicators.
high dynamics and local complexity. This is already obsgérve As described in Sec. V, a MCMC search — using 2000
from the indicator values. Part of them is shown in Fig. 3. Fosamples to converge — was performed on the preprocessed
example in thePedestrian zonéhe map uncertaintid™ and data to acquire the node order for the BN. The overall



affected indicators by settingl™ to specific states. Fig. 6
illustrates the marginal distributions which are calcetht
from the learned BN by applying Bayesian inference, for
all assigned values dfi™. When map uncertainty increases,
HP also increases. The motion of the robot becomes more
variable as indicated by the uniformly distributed preelitt
states of vaig ).

The indicators INFO and; show no influence from and
to other indicators. This depicts that these indicatorsoain
give any information about the internal system state or the
influence of the environment on the system. The complexity

FLg- 4. ﬂl?irectlett?! Acygliiw Grap?h(DAG) |e?m|e<2 V\I/Iith )MCr'\:gC(and J§2 of the system and the application domain cannot be captured
showing e relations between e perceptual (yellow)nm green . . .
and execution (blue) indicators. by simple and purely local indicators.

. H" 1 H® . varg) In order to asses the environmental influence on the indi-
I cators, two additional BNs are trained using the data fraen th
05 08 I 05 Sidewalkand thePedestrian Zoneespectively. A comparison
g - L m__ of n, which is shown in Fig. 5, reveals the differences for
g, H" ) HP varg) the two scenes. A stronger influencertf on var( £ (wt, @ ))
s I and vafq ) in the Pedestrian zonés identified. The presence
g 08 - I o° of moving people results in higher map uncertainty, less
g oL M o em E m directed, i.e. more variable planned path and consequently
. H7 . HP L var(@) more complex robot motion. On the other hanglis stronger
related ton,, in the Sidewalkscene. In this situation the robot
° I°‘5 I” has to navigate through narrow passages, where a maximum
o o 0 R— clearance path is desired. Consequently, the nodes of the

Discreiized state \Voronoi graph are more often used
Fig. 6. The marginal distributions of the dependent indicaté” and I grap . used. .
var(@) as calculated from the learned BN, for assigned valued Bf In summary, the interdependence analysis of system state

b . . his orderi h indicators and the environment, identified map uncertainty
est BIC scoring was -1415. Using this ordering, the Kgm as an indicator with very strong influence on the system.

algquthm ger_lerated the final BN, shown n Fig. 4, Wh'dbonsequently, the intuitive assumption is verified thatvidro
achl_eves a higher BIC score of -1329. This corresponds Eﬁjge of the environment — in this case map knowledge — is
an _|mproveme_nt of appromrn_ately 6%. The rgsu_ltmg BN, crucial factor for the robustness of an autonomous robotic
indicates the interdependencies between the indicatars @s'/stem. Also it is shown that simpler and local complexity
cannot express the intensity of these relations. For tlasore indicators such as; and INFO cannot characterize the
information-theoretic criteria are applied, as described - ior of theACE robot. In general, by using the proposed
Sec. V. - ) _method for system analysis, several indicators can bedteste
The learned structure was utilized to train a BN with, respect to their representation ability. By using theried
all the data. Sequential Bayesian parameter updating Wa§ and inference techniques, predictions can be made about
performed and the respective CPTs were acquired for thge pehavior of performance indicators given the values of
network. An implementation based on the Bayes Net Toolbo¥ihers as evidence. Furthermore, the method enables also
for Matlab [23] was used. The distance metric given by (11je reverse interpretation. By observing the internal tobo
is calculated for each possible pair of indicators. Thelt8Su giate conclusions about the current environmental sitoati
are illustrated in Fig. 5 by the green solid line. can be drawn. This way, the robot would be able to asses
A strong interdependence ofH™ on HP, cad, the situation and the effect that changes in performance
var(Z(w',@)) and vaf@) is observed. The relation ingicators of specific system components have on the rest
between H™ and HP is obvious, since without map of the system. Such information could be traced back into
knowledge it is impossible for the robot to localize itself.the on-line behavior selection, used for any kind of on-line

Also the influence ofH™ on the planning indicators is |earning techniques or at least considered during theirsf-I
intuitive, since the path quality is directly dependent oryystem design.

the used map. Map knowledge influences the planned

path and therefore the motion of the robot, as reflected VIII. CONCLUSIONS AND FUTURE WORKS

by the dependency betwedd™ and vaf@). Furthermore A method for quantitative system interdependence anal-

Ny is strongly interconnected ta, and sp, which can be ysis has been introduced. The coherence between several

ascribed to the fact that both of them are indicators for thgerformance indicators of different system components, as

complexity of the calculated path. well as the influence of environmental parameters on the
The influence ofH™ to other indicators can be further system, can be learned and quantitatively evaluated. This

qguantified by examining the marginal distributions of thavay the robot can anticipate failures, by predicting the
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Fig. 5. Learned dependency valugéx;, X;) (vertical axis) for all indicators, where the i'th graph sfothe dependencies of indicator i to all indicators
j (horizontal axis). Sincey(X;,X;) = 1, these values were skipped for illustrative purposes.
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