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Abstract of environmental state, or dynamics too complex to make
We present an approach to the detection of global en- the development of such a model feasible or tractable. Alter-

vironmental regime changes by a mobile robot performing natively, however potentially simple the system, there may

a task. The approach is based on the useaafjmented be noa priori data with which to instantiate a model.

g - _ e Depending on the task or environment, the time scale of
Markov modelAMMs), a variation of semi-Markov pro the environmental change that must be detected may differ.

cess. We have developed an algorithm that constructsFor example, in one task, the environmental change may be

AMMSs on-line and in real-time with little computational and almost instantaneous. detectable between one moment and
space overhead. AMMs are a general tool for capturing the the next. In another task, the change may be slow and incre-

interaction dynamics between a robot and its environment ental, requiring the examination of a large time interval for
using the history of behavior executed by the robot. We have!" , req 9 9

demonstrated AMMs to be effective in applications such as?oeltfs?%;'rg?rtr?écé)gtggiE)hnecr;)r?ggwggb?e?r?:t?cl;ﬂ%t;%eessiig
fault detected, dynamic leader selection, and reward maxi- 9 P ’

mization in non-stationary environments. In this paper, we that is too small makes the robot incapable of detecting the

extend AMMs to regime detection, using multiple models tO.change. Conversely, a time scale that is unnecessarily large

monitor events at different time scales and provide statisticsmc(;ea.seilthe time req_t_ureld to detect the change and may be
to detect regime changes at those time scales. This approacHn esirable in ime-critical situations.

has been successfully implemented using a physical mobile . .
robot performing a land mine collection task. in the con- ~ As a concrete example, consider the task of collecting
text of this task, we present experimental results, first val-undetonated land mines in a field. Assume that there are
idating our approach, then demonstrating a more complex two types of mines, large and small, with destructive power
proportion-maintaining scenario of the land mine collection Proportional to their size. A robot is given the following in-

task. Finally, we present results using an alternative reward structions: “Go out to the field and first collect as many large
maximization decision criterion in the same task. mines as you can, since they are the more destructive. But

don’t spend all of your time searching for every last large

] mine if you discover that there aren’t many of them. In-

1 Introduction stead, start collecting the small mines. After all, we want to
clear the field as well as possible.” In order for the robot to

In certain classes of mobile robot tasks, it may be nec- accomplish this task, it must have enough data about its en-
essary for a robot to detect significant global changes in the P ' 9

environment and modify its behavior or the task structure vironment (the mine field) to intelligently switch from col-
accordingly. The environment can be in a particular regime €cting large mines to small ones. In this scenario, the robot
(i.e., a period of steady state) and then switch to a diﬁerentlzso(s)tnI()ilnatti)ri?et)of(():?rergc?]nr?wirr?lengozlaite?tganel,t?;ﬂ?#c(l)rr]'?ar?t I;’;lhrgte
regime requiring the robot to modify its behavior. Detecting . P

such environmental regime changes may be difficult for athe more critical large mines be collected first, but that the
number of reasons: robot be able to decide when to switch to the smaller mines.

(Here we assume that the task requires the robot to collect

e The robot may have na priori knowledge of the envi-  one type of mine at a time. Alternatively, the robot might
ronment and thus also lack a baseline for gauging environ-switch between types as necessary. We explore this alterna-
mental shifts. In a system where the environment is evolv-tive when we consider a reward maximization scenario later
ing (i.e., a non-stationary system), determining a basis forin the paper.)
comparison may be difficult. The difficulty of this task is compounded when the issues

e Given only local sensing capabilities, the robot may re- mentioned above apply. The robot may haveargriori in-
quire a significant amount of time to estimate the state of formation about the numbers of large and small mines in the
the environment. Any estimate of state, however, may befield, their distributions, or relative proportions. The robot
outdated in a non-stationary system. may also lack global sensing of the mines in the field and

e The nature of the task may be stochastic, with uncertain-may not know the time scale appropriate to its decision for
ties large enough to preclude an effective predictive modelswitching between mine types. This decision is dependent
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on factors including the size of the field and the relative den- which recognizes one of the symbolsSn

sities of the two types of mines. 3. B,anN x M transition matrix.

In this paper, we propose a mechanism for regime detec- 4. L, a set of directed link§ly, 1, . ..,Ip}, connecting
tion that resolves the above issues. The approach uses multi- the states.
pleaugmented Markov model&MMs). It builds upon pre- 5. T, a set of element§t, ts,...,to}, each of which
vious work [1] successfully demonstrating the use of AMMs stores information on a particular two-link traversal
in multi-robot coordination applications such as fault detec- sequence entering and leaving a state.

tion, determination of group affiliation, and dynamic selec-

tion of the best leader in a group. This work demonstrates The data used for constructing an AMM consist of a
regime detection as another, potentially concurrent, appli-stream of symbols belonging & In ourimplemented robot
cation of the model. The AMMs are used to capture, in behavior model, the symbols would be the names of behav-
real time, the dynamics of a robot interacting with its envi- iors that the robot performs, sampled at some appropriately
ronment in terms of the behaviors it performs. One AMM high frequency to avoid aliasing. At each time step, the data
is created and maintained at each time scale that is moniused for generating and updating an AMM consist simply of
tored, and statistics about the environment at that time scaléhe symbol indicating which behavior in thehavior space
are derived from it. As task execution continues, AMMs is currently active. Thdehavior spacés designated as a
are dynamically generated to accommodate the increasinget of mutually exclusive behaviors, which continuously de-
time intervals. Sets of statistics from the models are used toscribe the robot’s activity, and are uniquely labeled.
determine whether the environmental regime has changed. [1] and [4] provide further details of AMM representa-
This approach requires raopriori knowledge, uses only lo-  tion, AMM usage, and model generation using a computa-
cal sensing, and captures the notion of time scale. (with tionally efficient algorithm. One point of interest regard-
priori knowledge, other techniques such as simple thresh-ing the AMM generation algorithm is its ability to represent
olding may also be applicable.) Additionally, it works natu- non-first-order Markovian systems in first-order form by dy-
rally with stochastic task domains where variations betweennamically adjusting the model using higher-order statistics
trials may change the most appropriate time scale for regimeon the behavior of the system. This simplifies many of the
detection. The approach has been physically realized on alculations on AMMs.

mobile robot performing the mine collection task. Experi-  Inthe next section we describe how AMMs may be used
ments and results for this task are presented later in the paas part of a mechanism for regime detection.

per.

It should be noted that it is difficult to define an absolute 3 AMM s for Regime Detection
notion of regimes, especially since it relates to the dynamics
of environmental changes. In a gradually shifting environ-  In the context of mobile robotics, the system we consider
ment, the designation of a regime change can be fairly arbi-is the robot and its environment. Our focus is on the difficult
trary. In this paper, we propose one principled method for but realistic situation in which the robot lacaspriori infor-
regime detection based on statistical hypothesis tests, anéhation about its environment, an environmental model, and
empirically show it to be effective. In the next section, we global sensing. In such a situation, the robot may require a
present AMMSs, then follow with a discussion of their use in relatively large amount of time to detect a trend that signals
regime detection. a global environmental regime change. This is especially the
case if the system is noisy and stochastic, as is generally true
for mobile robotics. Unless a sufficiently large time scale is
2 Augmented Markov Models employed, the regime change may be lost in the variation of

An augmented Markov model (AMM) is a variation of the data. Determining the appropriate time scale, however,
a semi-Markov process (SMP) [2] in which the probabil- may not be possible ahead of time. It may be dependent on
ity distribution associated with the time spent in a particular the exact nature of the task, the structure of the environment
state is identical regardless of the subsequent state. This i§including the presence of other robots), and the nature of
similar to a Markov chain [3], except that Markov chains the system’s stochasticity. The time scale may also depen-
constrain the distribution to be geometric, while a semi- dent on the specific attributes of the system being monitored
Markov process allows arbitrary distributions. for regime changes.

AMMs provide a compromise between the generality of ~ In order to negotiate these challenges and endow a
SMPs and the computational simplicity of Markov chains. robot with the ability to detect global environmental regime
They allow standard expectation calculations from Markov changes, we maintain models (AMMs) of the robot’s inter-
chain theory to be easily combined with statistical hypothe- action with its environment at multiple time scales. As the
sis tests such as the (paramettignd F tests, or their non-  robot performs its task, we extract and store particular statis-
parametric counterparts. Though not suited to every prob-tics from these models, which are used to detect a specific
lem, AMMs are a general modeling tool that is more widely regime change based on a sound criterion of significance.
applicable than modeling the interaction dynamics betweenln our first experimental validation, the regime switch is de-
a mobile robot and its environment, as has been our focus. tected as a significant change in the density of mines, while

An AMM is defined as a five-tupléS, A, B, L, T): in the proportion-maintaining scenario it is detected as a

change in the proportion of mines. Before presenting the
1. S, asetof symbol§si, s2,...,sm}- algorithm for regime detection, we first introduce some no-
2. A, aset of states (or node§);, az, . . .,an}, each of tation used in the algorithm.
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3.1 Notation

e Let7 > 0 be the minimum time scale, or number of
input symbols, used to construct an AMM.

e Let f; be a positive valued function afreturning the
size of (number of input symbols maintained by) the
i-th time scale.

e Letk > 0 specify the number of AMM-extracted val-
ues used in detecting a regime.

e Letthe AMM at time scalgf; bem;.

e Let(; be a sequence of at mdsstatistics for model
m;.

e Letn be the total number of input symbols that have
been used to construct the models.

e Let M be a special AMM that is constructed using all Figure 1: The Don Group: four IS Robotics R2e robots used

of the input symbols that have been seen. individually in the experiments.
This notion is now employed in the regime detection algo-
fitim: 4 Land Mine Collection Task
3.2 Algorithm for Regime Detection To validate our algorithm for detecting global environ-
1. Initialize M, mg, and set + 0. mental regime changes, we used a task analogous to the land
2. Get an input symbol and use it to upddteand all mine collection example of the Introduction.
3. Setn n 4 1. 41 TheRobot
4. For alli such tha(n mod f;) =0 We use one IS Robotics R2e robot (Figure 1) in the exper-

() If no suchm; exists due to the fact that a new iments. The robot is a differentially-steered base equipped
time scale has been reached, then cregtand ~ With two drive motors and a two-fingered gripper. The
initialize it to equall/. sensing capabilities include piezo-electric contact sensors

(b) Call Statfn;) to get the statistic for the model around the base and in the gripper, five infrared (IR) sen-

d insert that value int@;. sors around the body and one on each finger, a color sensor
an ¢ in the gripper, a radio transmitter/receiver for communica-

(c) If the length of Q; equals k, then call  tjon and data gathering, and an ultrasound triangulation sys-
DetectRegime;). tem for positioning. The robot is programmed in the Behav-

(d) If DetectRegimel;) returns true, then the ior Language [5]. Experiments are performed in a rectan-
regime has changed, else it has not. gular enclosure (the Corrall) that was adjusted to be either

(e) Re-initializem; to be an empty model. 11 x 14 feet or 11x 8 feet, depending on the experiment.

The Corrall had up to 36 small plastic cylinders (pucks) of

Stat() is a function on an AMM, returning application- two different colors: clear (representing large mines) and
dependent statistics extracted from the model (e.g., the meablack (representing small ones). The pucks were evenly dis-
time in a state/behavior). DetectRegime() performs a statis-tributed throughout the Corrall, except in the drop-off area,
tical hypothesis test (such as Studentis ANOVA) on a list called Home, a ninety degree sector of a circle with a radius
of values. DetectRegime() returns true if the result is signif- of two feet, located in one corner (Figure 2).
icant, false otherwise. Essentially, DetectRegime() provides i
ameta-thresholased on a statistical hypothesis test. The 4.2 Behaviors
threshold is not a set number, but rather a measure of the  The Behavior Language, used for programming the
statistical significance of the shift in the environment. robots, provides a natural structure for implementing
_ The algorithm maintains multiple AMMs at different  penayior-based controllers. Behaviors are defined as sets of
time scales. At each time step, each AMM (andM) is — ¢oncyrrent, real-time, asynchronous rules receiving inputs
updated with a new input symbol. If no; exists foranew, - from sensors and other behaviors, and sending outputs to
larger time scalef), then that model is created and initial- - 5cqat0rs and other behaviors. A set of these behaviors can
ized to}. If a modelm; has received its maximum num-  sften trivially map to the behavior space for an AMM, as
ber of input symbols (as designated Ry, then Statu;) IS s the case with our experimental mine collection task. The

called to extract the appropriate application-dependent datg,|iowing 9 behaviors constitute the behavior space for our
from it, andm; is reinitialized to be empty. The data from 5¢y-

m; is inserted into a queu®; of maximum lengthk, and
if | Qi |= k then DetectRegimé];) is called to test for e avoiding: avoid any object (detected by IR and contact
significant differences in the values €. It is just such a sensors) deemed to be in the path of the robot.
significant difference or shift in the data which is designated e wandering: move forward and, at random intervals,
as a regime change. turn left or right through some random arc.

In the next section we describe our experimental setup e puck detecting: if avoiding is not active, and if an object
and example. is detected by the front IRs, lift up the gripper fingers
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11 feet

11 feet

Home

Buffer

radio link to an off-board Power Macintosh G3/266 which
performed the regime detection algorithm and notified the
robot of any regime changes. This was done because pro-
gramming limitations of the R2’s and the Behavior Lan-

guage made implementing the algorithm on-board an R2
Boundary extremely difficult. These limitations are platform-specific

er| o . . 0 and do not exist on many, even low cost, mobile robots.
L. A Note that although the regime detection computations were

. o . performed off-board, they were done in on-line and in real-
Lt time.) In the second version, the Corrall is decreased in size

‘& - . to 11 x 8 feet (small) and only 18 clear pucks are used (Fig-

ure 2: Right). The key statistic of interest in these two ver-
sions is the time scale at which the robot detects a regime
change and decides to begin collecting black pucks (small
mines).

We complete the description of the validation experiment
by presenting the parameter values used in the regime detec-
tion algorithm: the minimum time scate = 5; the num-
ber of statistics kept for each model was= 8; func-

i . tion f; = 2'r; Stat(n;) returned the number of pucks
to determine whether the object is short enough to bethat had been collected during the lifetime of AMM,;;

a puck. If it is, approach the object and try to place ang petectRegimé];) performed an analysis of variance

it b;etween _tg_e fingers and pick it up. If unsuccessful, (ANOVA) on two groups of data (namely, the first and sec-

periormavoiding. o ond £ values in@;), to determine if the means were differ-
¢ ;:r(])lor detecting: if puck detectingis successful, detect ent at a significance level df0%. Since in each trial the

e color of the puck. If it is the desired color, then per- bot nitialized t lect cl ks (I .
form homing, else perforneave puck. robot was initialized to collect clear pucks (large mines),
DetectRegime);) essentially determined if the number of

e leave puck: drop the puck and continue searching for A ;
. T . : clear pucks changed significantly enough dveonsecutive
more, usingavoiding, wandering andpuck detecting. intervals of sizef; to indicate a regime change.

e homing: if carrying a puck, move towards the desig- We conducted five experimental trials in each of the

nated goal, Home. . .
e _ two environments and gathered data about the time scale
¢ ghﬁlengbynvrnznbne%{gvli_‘o?me’ perform a slower, more ac at which regime detection occurred. In each of the 10 tri-
oL e . : .. als, the algorithm successfully detected a regime switch. In
* ax(')tr;neg' i in the Home region, drop puck and exit the large Corrall environment, the mean time scale of detec-
. . . tion was 1024, while in the small Corrall it was 256. (Since
* reversshoming: move away from the Home region. data were collected at 2 Hz, this translates to approximately

Control of the robot’s drive motors was the basis for 512 seconds and 128 seconds, respectively.) A hypothesis
selecting the constituent members of this behavior spacetest based on Studentsdistribution [6] indicates that the
When active, each of the behaviors has exclusive control off WO means are statistically different at a significance level

the motors, and together they account for all activity (or in- ©f 1%. Thus, we have validated our approach by showing
activity) of the motors for the duration of the task. that regime changes do occur at different time scales (even

in the same task but with different environments), and that
4.3 Validating the Approach our algorithm is able to detect such changes. Next, we de-
In order to validate our approach to regime detection, we

scribe a more sophisticated use of our approach.

show that: (1) regime changes do happen at different time4 4 M aintaining the Proportion of Mines
scales, and (2) our algorithm using multiple AMMs can de-
tect such changes, as brought about by shifts in large mine In a more complex version of the mine collection task,
density. We compare results from two versions of the mine the robot is required to maintain the proportion of large to
collection task that are identical except for the environmen-small mines in the environment at a specified vghiueA
tal setup. The hypothesis is that the decrease in environmergignificant switch in this value indicates a non-local regime
size and the increase in clear puck (large mine) density in theswitch, sincep itself is a non-local measure. Once again,
second version pushes the regime change to a different tim¢he robot begins by collecting large mines, but this time
scale, most likely smaller. switches to small mines when the observed propottign

The first version of the task uses an %114 foot (large) is significantly different fronp, andp,;s < p. Conversely,
Corrall with 9 clear and 18 black pucks evenly distributed the robot switches back to large mines whgp, > p and
throughout (Figure 2: Left). With na priori information this difference is significant. The goal of this experiment
about the environment, the robot must collect only the clearwas to determine whether the robot could detect multiple
pucks (i.e., large mines), while executing the regime detec-consecutive regime changes in its environment due to shifts
tion algorithm to determine when to switch to black pucks in the proportion of large to small mines.
(i.e., small mines). (In reality, data were sent via a serial  For this experiment, the Corral wa$ x 8 feet and con-

Figure 2: Two versions of the mine collection task environ-
ment: (Left) 11x 14 foot Corrall with 9 clear and 18 black
pucks; (Right) 11x 8 foot Corrall with 18 clear pucks.
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Otherwise, the small mine should be left and a large mine

Puck type Trial # sought. The complementary inequality is used when a large
112|345 mine is found. The

Clearpucks| 4|8 15] 10| 14 The main issue in evaluating the inequality is calculating

Black pucks|| 8 | 4 | 16 | 9 | 10 ¢ andr/ for each mine type. One could maintain internal

variables that record these values. Our approach, however,
is to calculate these values from the robot’s AMM, provid-

each trial of the proportion maintaining mine collection task. Stochastic transition matrix?, of the Markov chain desig-
prop 9 nated by the AMM is extracted. In order to continue with the

calculation,P must be ergodic (i.e. any state must be reach-

tained 18 each of clear and black pucks. The parameter val@Ple from any other state). The requirement of regularity is
ues used in the regime detection algorithm were:= 5; usually met in repetitive tasks such as mine collection.
k = 4; f(i) = 2ir; Statgn;) returned the proportion of Next, the fixed point probability vecta indicating the
clear to black pucks encountered; and DetectRegje( proportion of time spent in each state is calculated from
performed an analysis of variance (ANOVA) at a signifi- WP = w. The fundamental matrixZ, is now calculated
cance level ofl0% on Q; and a list of lengthk having all ~ asZ = [I — (P — W)]"", where each row of is w. Fi-
values equal tp. The proportiorp was set to 1.0, indicat-  nally, Z is used in the calculation of the mean first passage
ing that the robot should try to maintain equal numbers of Matrix E = (I — Z + JZqg) D, where J is a matrix of ones,
the two types of mines. Whenever a regime switch was de-Zdg iS the main diagonal of, andD is the diagonal matrix
tected, the regime detection algorithm was re-initialized soWith di; = 1/w;. ([3] provides more detail about Markov
as to be able to detect the next regime change. chains and these computations.) Each element,of E

In this experiment, a trial was considered complete whengives the mean time (number of steps) to get from state
the robot detected two consecutive regime changes. Thdo statej. E also contains the values fo¥ andr?. 7/ is
robot successfully did so in each of the five trials that were Simply the entry inE associated with the minimum mean
conducted. Table 1 shows the numbers of clear and blackime from thewandering state to thecolor detecting state,
pucks remaining in the environment at the end of eachandr? is the minimum mean time from thelor detecting
trial. The correlation between the numbers is quite large State to thavandering state, for each color of puck. _
(p = 0.70) and indicates that their proportion tended to be ~ Regime detection enters the scenario when the environ-
close to 1.0. Thus, not only was the robot able to detect mul-ment is non-stationary, i.e., pucks are not replenished. As
tiple consecutive regime changes, but was also effective inthe environment changes, average values/oéind ¢ be-

maintaining the desired proportion of pucks (mines)_ come inaccurate and thus not effective for reward maximiza-
S tion. At some point, the robot must decide that the environ-
45 Maximizing Reward mental regime has changed and that it is appropriate to use

more current values for/ andr¢. [7] describes the algo-
rithm used to maintain current values foand more detail
about the experiments below. We have tested the efficacy of
our approach to reward maximization in both abruptly and

We now present results for a third experimental scenario,
requiring the robot to maximize the expected reward gar-
nered from collecting mines. Instead of designatnuiori
that the robot begin by collecting large mines (as in the pre- s ; .
vious experiments), here the robot is told the reward Va|uegradually shifting non-stationary environments.

associated with each type of mine and must decide which to_ N our experiments  with abruptly changing non-
collect in order to maximize its total reward. Reward values stationary environments, the Corrall initially contained 18

are set in proportion to a mine’s explosive power, thus mak-dlear (EIJLtJ)th?I (Iakrge n;mes), "l‘l’h"?h afte_rrﬁo mmlutes \f[ve(rje tre-
ing reward maximization identical to minimizing the mine placed by black pucks (small mines). The goal was to deter-
field's destructive potential. mine whether the robot adapted more quickly to this regime

We now more formally define the problem. L&Y, and change when it was able to compensate for the shift in the
R, be the rewards for small and large mines, respectively.env'ronme.nt by maintaining up-to-date statistics. We ran
Let 7/ be the expected time required for the robot to find a WO €xperiments using reward maximization with adapta-

small mine. and let? be the expected time to deliver the tion to regimes, and three experiments using reward maxi-
. ’ s = PS . ~. mization alone. In these experiments, the reward for a white
mine to the goal location once it has been found. Simi-

7 . X : puck was 7 points and the reward for a black puck was 1
larly, 7 and7; represent these times for large mines. The noint. For reward maximization alone, the mean time to
robot maximizes its reward by deciding for each mine found adaptation was 47 minutes, while with adaptation it was
whether to deliver it or leave it in search of a higher valued 18 3 minutes. A¢-test indicates that these means are dif-
mine. The action chosen is the one that maximizes the exferent at a significance level of 0.01. This strongly supports
pected reward per unit time (and thus the overall expectedihe importance of being able to accommodate environmen-
R R In other experiments, we tested the effectiveness of
_; fil regime adaptation for reward maximization in a gradually
Ts 7+ shifting environment initialized to contain 18 clear pucks

o ) . worth 10 points each, and 18 black pucks worth 1 point
holds, then delivering the small mine maximizes reward.
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each. Instead of abruptly changing the color of the pucks,in a more complex mine proportion-maintaining scenario,
as in the previous experiment, here the environment shiftedand described experiments using an alternative reward max-
slowly as the robot collected pucks. Due to the high degreeimization decision criterion.

of variance in the mine collection task using physical robots,
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