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Abstract - A mission of chemical plume tracing (CPT) is to
navigate an autonomous underwater vehicle (AUV) to find a
chemical plume, to trace the plume to its source, and to declare
the source location. This paper presents a multisensor integration
strategy for source declaration subsumed in a behavior based
control architecture with several individual behaviors. The
performance of the proposed strategy is evaluated using a
simulated turbulent fluid environment. The results show that, for
1000 test runs, the proposed strategy reaches a success rate in
declaring the odor source of 98% and an average error of the
declared source location about 3.27 meters in an operation area
with length scales of 100 meter. Source verification is developed
using a fuzzy reasoning based segmentation algorithm to
recognize the odor source in color images acquired by a visual
sensor in the vicinity of the odor source.
Index Terms - Autonomous vehicles, behavior-based control,
chemical plume tracing, multiple sensor integration, subsumption
architecture.

I. INTRODUCTION
AN emerging research topic in intelligent systems is to design
an autonomous system to search for environmentally
interesting phenomena, unexploded ordnance, undersea
wreckage, and sources of hazardous chemicals or pollutants in
real world. Such a problem is referred as to Chemical Plume
Tracing (CPT).
Practical strategies attempted to solve the CPT problem
based on flow information and instantaneous chemical
detections. Belanger and Willis [1] presented plume tracing
strategies intended to mimic moth behavior and analyzed the
performance in a computer simulation. Li et al. [2] developed,
evaluated, and optimized passive and active counter-turning
strategies inspired by moth behaviors, that allow an
autonomous vehicle to trace a chemical plume with significant
meander from a possible large initial distance to the odor
source. Grasso et al. [3], [4] evaluated biomimetic strategies,
challenged theoretical assumptions of the strategies by
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implementing biomimetic strategies on their robot lobster, and
compared three variants of plume tracing strategy by using a
single-sensor or two sensors detecting fluoresce. Farrell et al.
[5] adopted hidden Markov methods to estimate a chemical
plume by constructing a plume map in an operation area with
length scales of 100 m. Robots that attempt plume tracing in
laboratory environments were described in [6]-[10]. The works
in [11]-[13] discussed multi robot strategies for plume tracing
and estimation. The passive and active plume tracing strategies
proposed in [2] were implemented on an underwater vehicle,
and their in-water test runs conducted in November 2002 on
San Clemente Island, CA in [14], and in June 2003 at Duck,
NC in [15], respectively.
In order to declare the odor source in turbulent fluidadvected environments, an AUV is assumed to be equipped
with multiple sensors to detect chemical concentration, to
sense fluid flow velocity and direction, and to measure its
current location. This paper presents a multisensor integration
strategy for source declaration. The strategy described herein
is to construct a source identification zone based on last
chemical detection points (LCDPs) in the order of time series
during CPT missions, known as SIZ_T. The mean value of
LCDPs is declared the odor source, if the SIZ_T size becomes
small enough. The simulation studies show that, for 1000 test
runs, the strategy reaches a success rate in declaring the odor
source of 98% and an average error of the declared source
location about 3.27 m in a simulated turbulent fluid
environment with length scales of 100 m. Source verification
is developed using a fuzzy reasoning based segmentation
algorithm to recognize the odor source in color images
acquired by a visual sensor in the vicinity of the odor source.
II. SUBSUMPTION ARCHITECTURE
The multisensor integration strategy for source declaration
presented in this paper is subsumed in a behavior based
control architecture with several individual behaviors, as
shown in Fig. 1. Each of the layers in the architecture can be

Fig. 1. Subsumption architecture for multisensor-based chemical plume tracing.

viewed as an abstract behavior for a particular task. A
behavior can be viewed as a mapping of sensory inputs to a
pattern of motor actions which then are used to achieve a task.
The behavioral layers operate concurrently and independently.
The subsumption architecture is composed of six fundamental
behaviors: find a plume (Find-Plume), maintaining the plume
(Maintain-Plume), reacquire the plume (Reacquire-Plume),
declaring the source location (Declare-Source), avoiding an
obstacle (Avoid-Obstacle), and constructing a plume map
(Construct-Plume-Map). Maintain-Plume and ReacquirePlume are abstracted by the location of pheromone-emitting
females by flying male moths [16], [17]. Find-Plume is
abstracted from fluid mechanics forces in [18], [19].
Construct-Plume-Map and Avoid-Obstacle are discussed in [5]
and [20], respectively. This paper will discuss the DeclareSource issue. For CPT, the control commands from the
architecture to the vehicle guidance are speed and heading
commands. In the architecture, the outputs from a higher layer
can override, or subsume, the output from behaviors in the
next lower layer using inhibition or suppression mechanisms to
coordinate potential conflicts of the commands from the
various behaviors.
In [15], we use a finite state system to handle the outputs
from different behaviors. For a behavior-based control system,
however, the subsumption architecture has more advantages
[21]. First, the finite state system, describing logic
relationships between the behaviors, works as an arbitrator like
an inhibition mechanism in the architecture, whereas the
subsumption architecture describes a functionality of the
behavior-based control system, e.g., how perception and action
modules in the architecture are grouped to form individual
behaviors with competence. Second, the subsumption
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architecture provides a bottom-up method of implementing the
behavior-based control system layer-by-layer, so the
subsumption architecture has easily expanded from having
four behaviors in [14] to having six behaviors proposed herein.
Next, the finite state system cannot be expected to handle
outputs from different behaviors effectively, whose conflicts
are necessarily coordinated by a suppression or a fusion
mechanism [20].
III. DESIGN OF DECLARE-SOURCE BEHAVIOR
A. Multiple sensors for source declaration
Factors that complicate source declaration include the
chemical source concentration being unknown, the advection
distance of any detected chemical being unknown, and the
flow variation with both location and time. Therefore, multiple

Fig. 2. Chemical concentration time series with threshold.

sensors are required for the source declaration.
The first type of sensor is a fluorometer used to detect above
threshold chemical concentration. Fig. 2 shows a typical
example of the sensed chemical concentration resulting from a
simulated model [22]. At medium and high numbers, the
evolution of the chemical distribution in the flow is turbulence
dominated [22]-[24]. The turbulent nature of transport
mechanism causes the sensed concentration to be only
intermittently above a positive sensor threshold. Such
intermittency has several consequences. First, algorithms
based on instantaneous gradient-following in an intermittent
plume would be inefficient. The instantaneous gradient varies
too rapidly to be calculated. Second, approaches to inferring
the proximity of the source based on changes in concentration
or to declaring the source based on a maximum concentration
must be very carefully designed so as to work reliably, because
a local maximum or a relatively high proximity of chemical

(a). AUV starts a CPT mission from the home location, including
plume finding and plume tracing.

Fig. 4. Track-In and Track-Out activities in the Maintain-Plume behavior.

detection points above threshold can occur in all part of a
plume developed in the turbulent fluid-advected environment.
A sample rate of the AUV control system also affects the
maximum or the proximity. Third, intermittency causes the
concepts of “in the plume” and “not in the plume” to be
difficult to define, when a plume tracing strategy is designed.
In the proposed strategy, the chemical sensor works as a
“binary detector”. The Boolean value is “1” if the chemical
concentration is above the threshold, while the Boolean value
is “0 if the chemical concentration is below the threshold.
The second kind of sensor for source declaration is used to
provide information about instantaneous fluid flow velocity
and direction, which vary spatially and temperately, as shown
in Fig. 3. A chemical plume is developed in the fluid flow field
in three modes: fluid advection, slow growth of the filaments,
and centerline relative diffusion [22]. Fig. 3 displays a plume
that results when advection, centerline relative diffusion, and
filament growth are all active. In the proposed strategy,
instantaneous flow direction is used to trace a chemical plume.
The next kind of sensor is used to measure AUV positions
during CPT missions. Information about the AUV locations is
required to estimate the odor source in combination with
chemical concentrations and to report the coordinates of the
declared odor source. In addition, a visual sensor is
recommended to recognize the source odor, when the source
location is declared.
B. SIZ_T based source declaration algorithm
Declare-Source is to estimate and declare the chemical
source location. The declaration must be accurate and reliable
in the sense that it makes no false declarations. Being different
from Maintain-Plume and Reacquire-Plume, there is no clear
analog to the AUV declare source behavior for male moths.
The idea of designing the source declaration algorithm is to
dynamically construct a SIZ_T by LCDPs, which are
maintained in a list. This algorithm relies on the plume tracing
strategy, consisting of two moth-inspired behaviors: MaintainPlume and Reacquire-Plume [2]. Maintain-Plume is broken

(b) AUV returns home after declared the source location.
Fig. 3. The head-to-tail arrows indicate the vehicle trajectory. The
grayscale indicates above threshold concentration. The arrows in the
operation area indicate the magnitude and direction of the local flow
vector at the tail of the arrow.
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down into Track-In and Track-Out activities due to the
intermittency of a plume transported in a turbulent fluid flow
environment. The AUV alternatively utilizes Maintain-Plume
and Reacquire-Plume in making progress towards the source
location in the up-flow direction. That means, once the vehicle
detects a plume, it activates Track-In ( ∆T1 and ∆T3 in Fig. 4)
and continues Tack-Out ( ∆T2 in Fig. 4) when the AUV loses a
contact with the plume within λ seconds. After λ seconds ( ∆T4
in Fig. 4), it switches to Reacquire-Plume for casting the
plume again based on Cloverleaf trajectories, as shown in
Fig. 5. A chemical detection point, where the AUV loses the
contact with the chemical for λ seconds, is defined as a last
chemical detection point (LCDP), (xlast, ylast), at time T− last
in Fig. 4. The important fact is: LCDPs are separated along the
axis of the plume, when the AUV is far from the source
location, while LCDPs get closer and are located near but
down-flow from the odor source, when the AUV is
approaching near the source. Fig. 5 shows a pattern for LCDPs
distribution during CPT missions.
When the AUV switches its behaviors from Maintain-Plume
to Reacquire-Plume, a new LCDP is created and inserted into
the list, and a certain amount of the most recent LCDPs are
maintained in the order of the time when they are detected.
The size of SIZ_T is built by
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in the order of time series. The mean value of the LCDPs
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is declared as the odor source, if the diameter of SIZ_T
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Monte Carlo simulation studies are used to verify the
effectiveness of the proposed strategy for declaring source
locations in a simulated turbulent fluid environment, as shown
in Fig. 3. The operation area is specified by [0,100]×[-50,50]

Success rate

εT = 6m

980 of 1000
(98.0 %)

Ndec = 6

in meter. The filament release rate is 10 filaments s-1, the
simulation time step is 0.01 s, and the mean fluid velocity 2 m
s-1. During the simulation studies, the measured fluid flow is
corrupted by additive noise that is white normal random
process. The vehicle home location is defined as (80, -30) m in
the operation area. The coordinates of a “true” source location
are chosen as (20, 0) m, which are just used to check the
accuracy of the declared source locations, but unknown to the
AUV during CTP missions. The simulation time is limited
within Tmax =1000 seconds.
A CPT mission is defined as follows: The vehicle starts
from the home location and utilizes Find-Plume, MaintainPlume and Reacquire-Plume activities to find a plume, trace
the plume towards the source location. The time cost for a
source declaration activity is defined by the period from the
time when the AUV reaches a point within 10 m to the “true”
source location to the time when the odor source is declared.
The AUV returns home after it declares the odor source, and
then this CPT mission completes, as shown in Fig. 3. A CPT
mission fails, if the AUV could not declare the source location
within Tmax . The simulation studies are to continuously
perform 1000 CPT missions, which keep changing a plume in
a fluid-advected environment over 100 hours. The parameters
of the strategy are selected as εT =6 meters and Ndec=6. Table I

(3)

IV. MONTE CARLO EVALUATION

Parameters

Fig. 5. Pattern for the source identification based on LCDPs in the order
of the up-flow direction, which is assumed from left to right.

documents the results of these missions in the three aspects:
reliability, accuracy, and time cost. A success rate in declaring
the source location is about 98.4%. In the 1000 test runs, the
strategy has 6 spurious declarations and 14 “over time limit”
runs. A spurious declaration is defined by a declared source

TABLE I
PERFORMANCE OF SOURCE DECLARATION ALOGORITHM
Spurious declaration
Source error,
Error within
Error within
/ over limit
meters
2 meters
2-5 meters
6 of 1000 /
802 of 980
∆x = 3.27 m 86 of 980
10 of 1000
(81.84%)
∆y = 0.00 m (8.78%)
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Error within
5-10 meters
91 of 980
(9.29%)

Time cost for declaration
and mission, seconds

TD =218.48s
TT =387.98s

(a). Fuzzy sets for color difference

(a). Scenario about the plume and its source was taken by a
camera system while the AUV was approaching to the source.

(b) Fuzzy sets for defuzzification
Fig. 6. fuzzy-reasoning based color segmentation algorithm.

location with a distance to the “true” source location is greater
than 10 m. The average accuracy of the declared source
locations is about 3.27 m. Columns 5-7 in Table I also show a
distribution of the declared source locations in three groups:
within 2 m, between 2 and 5 meters, and between 5 and 10 m.
The strategy reaches a rate of the declared source locations
88.2% within 2-5 meters, for the 1000 CPT missions. The
average time cost for the odor source declarations is 218.48 s,
and the total time cost is 387.98 s.

The area where the
odor source is
probably located

V. SOURCE VERIFICATION
One version of source declaration algorithms was
implemented on an AUV for in-water tests [14], [15]. Fig. 7a
shows a scenario about the chemical plume and its source
taken by a camera system while the vehicle was approaching to
the odor source. It is proposed to design a Source-Verification
module to allow visual confirmation the correct declared odor
source interactively or automatically. When the AUV
approaches the declared odor source, this module takes a
picture and tries to verify the odor source. Because the vehicle
operates in near-shore ocean environments with uncertainty,
fuzzy reasoning based image segmentation is recommended in
[25]. The following brief discussion addresses a fuzzyreasoning based color segmentation algorithm for SourceVerification [26]. The first step of the algorithm is extraction
of the components of red, green, and blue in an image. Then,
for each component value, the differences between a
component value and a pattern value are computed. These
differences are inputs to the fuzzy sets, as shown in Fig. 6a.
After fuzzy reasoning, the weights for the sets Matched and
Unmatched are determined in Fig. 6b. Finally, the plume or
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(b). Extracted color components of the chemical plume (top) and extracted
color components of the odor source (bottom).
Fig. 7. Plume source recognition by Source-Verification

the odor source is segmented from the image. Fig 7b illustrates
the extracted color components of both the plume and the odor
source, respectively. Such information would be useful in
recognizing the plume source, because the fluid-advected
chemical plume ends its source location. More detail
discussions about this algorithm will be addressed in our
further work.
VI. DISCUSSIONS AND CONCLUSION
CPT in the real world is a very challenging task. Obstacle
avoidance should be considered during CPT. Usually, in
traditional path planning, a target for a robot can be specified
in advance, but in CPT mission, there is no any information
about a chemical plume and its odor source available before
CPT missions. Especially, in an operation area with large
scales, strategies for efficiently finding a plume and tracing the

plume in presence of obstacles must be developed. The field
tests show that, avoiding soft obstacles, such kelp forests or
seaweed in deep water, is more serious than avoiding hard
obstacles, because some filaments of the chemical can be
transported among gaps in kelp forests, which cause the AUV
to become stuck during CPT missions in [20].
Sensing soft obstacles makes another significant challenge
to the current marine sensors. Sonar sensors, which are able to
detect hard obstacles, do not work for soft obstacles well. For
CPT in near-shore ocean conditions, an AUV operates in deep
water from few meters to over twenty meters. A visual sensor
is impractical to detect soft obstacles in this case, because the
AUV must illuminate dark environments by a very powerful
lighting system during CPT missions. However, a small and
light underwater vehicle has very limited power. A visual
sensor is just recommended to verify the declared odor source
when the source location is declared.
Chemical plume tracing in near shore ocean conditions is a
three dimensional (3-D) problem. In particular, finding a
plume in 3D is very time consuming, because there is no any
information about the plume prior to CPT missions. However,
neutral buoyancy of the chemical [27] or stratification of the
flow [28] will often result in a plume of limited vertical extent,
which may be approximated as a two dimensional (2-D)
problem. In the field tests, the AUV was so controlled that
operated in a fixed altitude terrain-following mode intended to
keep the vehicle in the bottom boundary layer, and no test runs
failed due to the 3D problem.
Reverting back to Find-Plume can be avoided when the
AUV fails to re-contact the chemical plume by ReacquirePlume, if Construct-Plum-Map is integrated. However, the
current test runs are intent to evaluate performance of FindPlume, because Find-Plume is hard to study.
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