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Fig. 1: The instrumentation and parameters that make up the sensor system come from
three sources: an ROV, an ASV, and a sensored underwater buoy.

1 Problem Statement, Motivation, and Related Work

This paper describes experiments that tested the effect of robotic movement on
the reliability of aquatic sensor readings. It also demonstrates the utility of a
heterogeneous system of robots to advance limnological monitoring and research.
An Autonomous Surface Vehicle (ASV) and an underwater Remotely Operated
Vehicle (ROV), both equipped with multiparameter water quality sondes, were
deployed weekly in Lake Sunapee, NH, to collect routine measurements horizon-
tally over the water surface and vertically in the water column, respectively. We
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then compared the robot-collected data with data from fixed underwater instru-
ment platforms (buoys) outfitted with a complementary suite of sensors as well
as manually collected samples. The ASV was also deployed on one date in China
Lake, ME, to test robotic procedures and evaluate potential environmental ef-
fects, including heterogeneity in water quality. We found that sensor response
time and robotic movement (e.g., turns, stops, collisions) produced small discrep-
ancies between the robot-derived and other datasets. Further, robotic coverage
patterns impacted water quality parameter measurements, affecting our under-
standing of horizontal heterogeneity in biological and chemical data across the
lake surface.

A principal goal of aquatic monitoring is to provide data which can be used
to inform protection of and management of good water quality for drinking or
recreation. However, the limited spatial and temporal coverage of traditional lim-
nological monitoring may constrain inferences about water quality. For example,
monitoring typically involves measuring water clarity, temperature, dissolved
oxygen, nutrients, and biological variables such as chlorophyll-a, at weekly to
monthly intervals, usually during the ice-free season, at a single site. Although
continuous sensor measurements on fixed-location buoys has increased temporal
sampling frequency of many variables [I5], the number of buoys in a lake and
type/number of sensors are typically limited by cost constraints, thus limiting
spatial coverage. Moreover, buoy locations and depth of sensors are often se-
lected based on discretized zones, such as pelagic (open water) areas or above
and below the thermocline [12]. However, heterogeneity within commonly ac-
cepted lake zones is increasingly being recognized as critical for understanding
lake ecosystem functioning [I2]. We therefore seek to monitor the key factors
that drive water quality by collecting and integrating higher spatial and tempo-
ral resolution data using autonomous vehicles.

A limnology-computer science interdisciplinary approach of designing sam-
pling strategies for ASVs and underwater ROVs within robot-based limitations
is a promising method to monitor waterbodies more effectively [BIOITOIT3]. Two
types of robotic approaches have been used: complete coverage and adaptive sam-
pling [2]. Coverage approaches are based on area decomposition to identify unit
cells covered with a specific motion (e.g., lawnmower pattern) and on optimiza-
tion techniques to order the cells to visit, which minimizes a cost function (e.g.,
traveled distance) [II6I11]. For example, Garneau et al. [7] used an ASV to collect
high resolution water quality data, but due to the slow response time of the dis-
solved oxygen probe, the coverage was limited only to a 2D transect line across
a lake. As an alternative, adaptive sampling techniques process real-time sensor
data strategically visiting spots of high interest [4J5]. Hitz et al. [8] extended
their earlier work [7/9] with a 3D real-time planner for an ASV that continu-
ously collects data at different sensor depths while traveling to pre-established
waypoints. They did not use a dissolved oxygen sensor, removing the limitations
enforced on robotic speed. These prior studies highlight that research is needed
to better understand how robot movement may interact with sensor character-
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istics to impact data quality and bridge the gap for implementing effective and
reliable sampling methods in real-world environments.
We address the following questions:
{ How do robotic motions affect water quality sensor response time?
{ How do water quality measurements compare between robots and fixed-
location buoys?
{ How can robotic coverage paths best complement and extend monitoring
data from discrete water samples (i.e., chlorophyll-a concentrations)?
The main contribution of this paper is to provide insights that will improve
robotic sampling techniques for collecting reliable sensor data, thereby providing
higher resolution temporal and spatial information about water quality.

2 Experimental Methodology and Setup

Our integrated system for water quality data collection is illustrated in Fig.
The system includes the following robots:

{ BlueROV2: An underwater ROV with downward-looking sonar, front-facing
RGB camera, acoustic transducer for short baseline localization, and YSI
EXO2 sonde (Sonde A) recording water temperature, depth, pH, conductiv-
ity, chlorophyll fluorescence, dissolved oxygen (DO), salinity, pressure, and
turbidity at 1 sec intervals;

{ Catabot [I0]: An ASV with sonar, surface and underwater RGB cameras,
GPS, anemometer, and Sonde B (similar to Sonde A, but no turbidity sen-
sor).

The weekly robotics experiments reported here occurred at Lake Sunapee, NH,
from ice-out in April until September 2020. We were particularly interested in
comparing robotic water quality measurements to existing limnological data:

{ Winter Buoy: A fixed, instrumented, subsurface buoy (44 m from the home
location in Fig. [6) with sensors along its vertical line (1 ~ 8m). Dissolved
oxygen (DO) was measured at two depths (1 and 8m) at 10 min intervals
using PME Mini-DOT loggers. Water temperature was measured every 0:5
1m along the full vertical profile at 2hr intervals using HOBO pendant
temperature loggers;

{ Summer Buoy: A fixed, instrumented, surface buoy (313 m from the home
location in Fig. @ with the same sensors along its vertical line as the Win-
ter Buoy. Here, we focus on the PME Mini-DOT sensor at 1m depth that
measured water temperature and DO at 10 min intervals;

{ Hand-collected water samples (grab samples) that were subsequently ana-
lyzed for chlorophyll-a [14].

In this analysis, we compare vertical data on temperature and DO from the
ROV to the Winter Buoy, and surface measurements of temperature, DO, and
chlorophyll-a made by the ASV near the Summer Buoy and home location.
We also evaluated the effect of sensor response time and field conditions
on data quality at Lake Sunapee and China Lake, ME. In the laboratory, we
measured sensor response time defined as the time to equilibrium for temperature
and DO when moving between buckets of hot (40°C) vs. cool water (20°C) or
still vs. bubbled water. These times were then compared to field measurements
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in which the ROV traveled vertically along the Winter Buoy line, stopping at
individual sensor locations for set amounts of time. For the ASV, we analyzed
sensor response time and instability by internal factors { when it moved (with
linear and angular motion) and stopped in one place or continued to move to
waypoints during a path coverage { and external factors { when it encountered
adversarial environmental conditions. We also quanti ed the impact of the ROV
hitting bottom and stirring up the sediment on sensor readings.

Finally, we determined how di erent ASV coverage paths inform the ade-
quacy of sampling spatial resolution relative to spatial variability in water qual-
ity variables within the environment at both Lake Sunapee and China Lake. At
Lake Sunapee, the ASV took three lawnmower path patterns (see Fid.|6) with
overlap to gain better spatial distribution: 1) Black path { vertical lawnmower,
2) Blue path { diagonal lawnmower, and 3) Red path { quadrilateral. We de-
termined the principal direction of the paths by avoiding dominant adversarial
external conditions, i.e., wind (from NW ) and current (towards SE) to attain
motion e ciency and sensor reliability from our previous study [10]. The three
paths were executed in the following order: 1)Black, 2) Blue, and 3) Red.

3 Experimental Results and Analysis

Our experiments revealed (1) e ects of sensor characteristics and robot motions
on sonde readings; (2) small di erences between data collected with the robots
and those collected from stationary buoys or via grab samples; and (3) a measure
of spatial heterogeneity of water quality measurements as compared to grab
samples.

3.1 Sensor response times and robot motions have a modest impact
on sensor reliability

Sensor response times under controlled scenarios (i.e., hot-cold, still-bubble) av-
eraged 26 sec (3 sec standard deviation [SD]) for temperature {C) and 27 sec
(4:3sec SD) for DO (mg-L) to achieve a stable reading. Although these two times
are very similar, the proportional temperature di erential was greater than that

for DO, suggesting that DO readings take slightly longer time to stabilize for a
given di erential. This is expected, as optical-based sensors have slower response
times than electrical sensors. For reference, temperatures are unlikely to change
more than 5°C over 0.5 m, whereas DO can change drastically from 4 6 mg=L

to < 2mg=L over the same water column.

To compare these response times to those in real environmental conditions
(see Fig. 2), the ROV collected data as it moved vertically along the buoy line and
stayed at each depth associated with a sensor on the buoy for 1 min. In these
pro les, temperature and DO measurements from the ROV sensors stabilized
after about 10 15sec, as indicated by SD below:01. Each sensor's response
time is not only based on thetype of sensorit is, but also the current variability
of the environment (i.e., change in the variable being measured over area or
depth). For example, the onset of thermal strati cation by May 17 meant that
both temperature and DO now changed with depth. In comparison with the
nearly isothermal conditions in previous weeks, the ROV control would need to
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Fig. 2: ROV with Sonde A (points) vertical pro les compared to xed-location Winter
Buoy sensors (star) at Lake Sunapee, NH. (a) Temperature (°C) measurements match
well. On May 17 (black), the ROV captured the beginning of thermal strati cation. (b)
DO (mg=L) measurements also agree { values are within known measurement error.
Note, the DO range is very small. The results reinforce the need for higher resolution
data throughout the water column.

(@) (b)
Fig. 3: ASV deployment at Lake Sunapee, NH on June 17.(a) Proprioceptive data of
ASV. (b) Measurements of surface water DO (mg=L). After the ASV initiated and
nished motion (between two gray dashed vertical lines; 0 secand 82 seg, it completely
stopped in one place starting at 95 sec(orange dashed vertical line). DO measurements
took about 30 secto stabilize after the ASV ceased movement.

actively be aware of how readings change with a given depth and pause longer at
speci ¢ depths when needed. Furthermore, water movement (e.g., due to wind or
currents) and required ROV motion (e.g., depth hold) caused some uctuation
in sonde readings, even after readings had stabilized.

For the ASV, two main factors a ected sensor stability during a path cover-
age:motion attributes (internal) and environmental conditions (external). First,
rotational and translational movement at each waypoint may delay sensor re-
sponses. For example to monitor the sensor reading stability, the ASV arrived
at home location at 82sec and stayed in one place at 95sec to monitor the
sensor reading stability (Fig. 3). The DO sensor readings stabilized after ap-
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