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Biochemical reactions that occur in sewer pipes produce a considerable amount of hydro-
gen sulfide gas (H,S corrosive and poisonous), methane gas (CH4 explosive and a major
climate change contributor), carbon dioxide (CO, a major climate change contributor),
and other volatile substances (collectively known as in-sewer gases). These toxic gases
lead to contamination of natural environment, sewer pipe corrosion, costly operational
expense, public safety issues, and legal disputes. In order to prevent biochemical reac-
tions and to maintain healthy sewer pipes, frequent inspections are vital. Thus far, vari-
ous schemes have been designed and developed to identify functional deficiencies in
Wastewater Collection System (WCS). Nevertheless, the current inspection techniques
are not for mapping the sewer gas concentration. In addition, because of such a harsh
and hazardous environment a comprehensive sewer gases inspection has been prohibi-
tively expensive.

In this paper we propose SewerSnort, a low-cost, unmanned, fully automated in-sewer
gas monitoring system. A sensor float is introduced at the upstream station and drifts down
sewer pipeline, while the sensor float collects gas measurements along with location infor-
mation of sampling points. At the end of the journey, the gas measurements are retrieved
from the float and used to generate gas concentration to be used for maintenance or repair.
The key innovations of SewerSnort are the fully automated, end-to-end monitoring solution
and the low energy self localizing strategy. From the implementation standpoint, the key
enablers are the float mechanical design that fits the sewer constraints and the embedded
sensor design that matches the float form factor and complies with the tight energy
constraints. Experiments based on a dry land emulator demonstrate the feasibility of the
SewerSnort concept, in particular, the localization technique and the embedded sensor
design.
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1. Introduction

A Wastewater Collection System (WCS) collects and
transports wastewater generated from households
and industries to treatment plants or disposal sites by
means of a system of underground pipelines. During the
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transportation process a periodic inspection and mainte-
nance of sewer pipe must be performed particularly for
aging pipes reaching or past its life expectancy since
WCS components are prone to damage from aging, exces-
sive traffic, and biochemical reactions [6]. In addition, un-
treated sewer escaped from WCS through leaks or
overflow endangers public health by contaminating the
source of drinking water and polluting natural environ-
ment [5].

Organic material transported by the sewer accumulates
along the bottom (forming a sediment), and walls (forming
a coating known as “bio-film”), of the pipeline. Due to
anaerobic conditions, where insufficient electrons are
available to accept ions, biochemical reactions that occur
in these sediments and bio-film generates substantial
amount of hydrogen sulfide (H,S), methane (CH,4), and
other volatile substances (collectively, in-sewer gases)
[13]. Hydrogen sulfide, which is toxic and odorous gas, is
a precursor to the formation of sulfuric acid (H,SO,4) which
is corrosive to metal and concrete and noxious to human
[48]. On the other hand, methane gas is highly flammable
and forms explosive mixtures with air. Also, methane gas
is an asphyxiant and may displace oxygen in an enclosed
space [38]. In addition, there is growing consensus that
sewage systems contribute a significant fraction of green-
house gases (GHG) such as carbon dioxide (CO,) and meth-
ane [34,10].

Due to such an unfriendly and harsh environment direct
sewer inspection and maintenance operations are life-
threatening. A number of complicated and expensive indi-
rect methods has developed in the past. For example, pipe
leakage detection can be accomplished via the injection of
smoke and fluorescent dyes [42,33] or via remote inspec-
tion with cameras and sonar systems attached to tethered
probes [42] or mobile robots [1]. Sewer flow monitoring can
be achieved by installing flow meters at strategic locations
so that the drainage system can be properly controlled to
prevent or to minimize overflows [43]. Also, sediment con-
trol can be accomplished via localized flushing or chemical
treatments [5].

While pipe damage detection and flow monitoring
have been actively studied in both academia and indus-
try, in-sewer gas monitoring has received little attention
due to the difficulty of in situ measurements and the rel-
ative lack of sensor installations - mostly in treatment
plants. Also, areas that are easily approached and instru-
mented are principally limited to manholes. However,
manhole-based sensor readings are poor indicators of
toxic gas concentration due to the fresh air flowing
through the manhole (called the “chimney effect”). To fill
the gap the United States Environmental Protection
Agency (USEPA) recommends an analytical modeling to
predict sediment buildups and gas concentrations [5].
Nonetheless, it is extremely difficult to model and fit a
sewer system due to the large spatio-temporal variability
and the lack of legitimate data. To this reason, a proper
maintenance is not usually performed, or rather sewer
flushing is performed only when odor complaints are re-
ceived or legal disputes are occurred which results
endangering public health and causing expensive litiga-
tions [2].

Thus, there is a strong rationale for in-sewer gas moni-
toring especially when sewer gas is a key indicator of sew-
er conditions (sediment buildups, corrosion, and
explosion) [13]. Also, accurate and effective sewer gas
monitoring can suggest areas for targeted supplemental
study or corrective actions. In addition, the accurate infor-
mation of toxic gases can reduce the occupational health
and safety risks of personnel working in sewer pipes. As
in-sewer fiber optical cable installations become prevalent,
the safety issues become more of concern [49]. Moreover,
researchers can have a better understanding in-sewer gas
phases and can estimate accurate amount of GHG produc-
tion in sewers [34,10].

In this paper, we design a low cost in-sewer gas moni-
toring system. The proposed system would allow frequent
WCS inspection, comprehensive WCS sewer gas measure-
ment, and early detection of problems. In addition, the sys-
tem allows targeting of accurate sewer flushing measure
which substantially improves service uptime, reduces the
maintenance expense, enhances illegal toxic chemical
dumping enforcement, reduces the risks of contaminating
the source of drinking water, and reduces the risks of pol-
luting our natural environment.

To this end, we propose SewerSnort, a novel method
involving drifting sensors that monitor in-sewer gases. A
SewerSnort node is dispensed upstream of the WCS. It
measures in-sewer gas concentrations while floating
downstream and marks measurement readings along with
their geographic location obtained from a set of beacons
located beneath manholes. Upon the completion of
journey, a SewerSnort node is extracted at a wastewater
treatment plant, pumping station, or sewer manhole. The
data acquired by SewerSnort can be collected through
traditional public network infrastructure systems such as
municipal Wi-Fi, an emerging low-power high-availability
mesh networking system such as Streetline [40]. Addition-
ally, the data in SewerSnort can be manually retrieved
through short-range wireless communication upon retrie-
val since physical contact with the probe once deployed
in the sewer is not advisable due to surface contamination
and biohazard.

In this paper, we make the following contributions to
the field:

e We show the feasibility of a mobile drifting sensor by
analyzing the sewer flow statistics and present the
potential applications of in-sewer gas monitoring.

e We design an “inner-tube” shaped hull to handle the
lateral force that pushes the drifter to the side of the
sewers (known as the bank suction effect).

e We present the first single-supply differential ratiomet-
ric data acquisition architecture that targets electro-
chemical sensors for WCS monitoring applications. The
design is implemented and evaluated. Controlled exper-
iments confirm the accuracy of our gas sensor module.

e We propose a Received Signal Strength Indicator
(RSSI) based localization scheme that provides meter-
level accuracy in the underground GPS-denied sewer
environment. Over ground experiments based on a pro-
grammable mobile robot emulator confirm the viability
of proposed method.
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Fig. 1. Illustration of a sewer system.

This paper significantly enhances our earlier work [17]
as follows. First, we include the description of environmen-
tal/health impact of sewer gas (Section 2). Second, we
provide a detailed description of ratiometric signal condi-
tioning (Section 4). Third, we elaborate the enhancement
scheme for location estimation using flow velocity and
discuss a method of handling the case when a beacon is
unreachable or failed (Section 4.3). Fourth, we analyze
the storage space requirement of SewerSnort (Section
4.4). Fifth, we discuss mechanisms for fault recovery using
a convoy of drifters (Section 4.6). Finally, we present possi-
ble research directions such as drifter mobility modeling
and networked drifters (Section 7).

2. Background
2.1. Wastewater Collection System

A Wastewater Collection System collects wastewater
generated from households or industries and transports
them to treatment facilities or disposal sites. The system
is categorized as a separate sewer system or a combined
sewer system depending on whether sanitary wastewater
is separated from storm water. The separate sewer system
has two wastewater drainage systems in parallel; i.e., a
sanitary sewer discharging wastewater to a wastewater
treatment plant and a storm sewer discharging storm
water to a receiving water basin.! The combined sewer sys-
tem drains both sanitary and storm water to a wastewater
treatment plant. There are two types of sanitary sewers
based on hydraulic characteristics and purposes: gravity
and pressure sewers. The gravity sanitary sewers transport
wastewater by gravity and are commonly used to collect
wastewater from wastewater sources (residential, commer-
cial, industrial sources). Gravity sewers are used when the
natural slopes are sufficient enough to convey a flow. The
pressure or pumped sewer transports wastewater using
pressure to collect wastewater from residential sources

T A receiving water basin denotes a stream or river that has water
flowing in it, or a lake, pond, dugout, or slough that has water standing in it.

where the construction of a gravity sewer is unsuitable
(e.g., uphill slopes). It is also possible to use a combination
of gravity and pressure sewers.

A typical separate sanitary collection system illustrated
in Fig. 1 is organized as follows:

e Lateral sewers (also called branch or collecting sewers)
are used to collect wastewater from buildings (entry
points) and convey it to the main sewer. They are usu-
ally located underneath streets or utility easements.

e Main sewers are used to convey wastewater from lateral
sewers to larger sewers (trunk or intercepting sewers).

o Trunk sewers are large sewers that are used to convey
wastewater from main sewers to the treatment or dis-
posal facilities or to large intercepting sewers.

o Intercepting sewers are large sewers that are used to
intercept a number of main and trunk sewers and con-
vey wastewater to the treatment or disposal facilities.

e Manholes are used for sewer cleaning and inspection.
They are located where the pipe system changes direc-
tion, grade, or diameter, at junctions, and, for small
diameter sewers (d < 1.2 m) at intervals no greater than
120 m.

2.2. In-sewer processes

In-sewer processes that occur during conveyance of
wastewater are physical, chemical and biological in nature.
Physical processes are related to the buildups and erosion
of sewer sediment. Chemical and physico-chemical pro-
cesses occur due to the gas transfer over the air-water
interface (e.g., emission of hydrogen sulfide) and the chem-
ical oxidation and precipitation of sulfide. In biological pro-
cesses, bacteria degrade organic compounds, such as
formaldehyde (CH,0), obtain carbon for cellular growth/
reproduction and energy for cellular activity. As a result,
wastewater compounds are transformed and the biode-
gradability of the wastewater is changed.

As shown in Fig. 2, in-sewer biological processes hap-
pen in five phases [13]: suspended water, bio-film (slime
layer), sediment, atmosphere, and the sewer wall. These
phases interact and exchange relevant substances across
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Fig. 2. Illustration of in-sewer processes.

Table 1
Sewer gases under different redox conditions.

Redox conditions

Possible Sewer Types

Sewer Gases

Aerobic (+oxygen)

Partly filled gravity sewer

Carbon dioxide (CO;)

Aerated pressure sewer

Anoxic (—oxygen, —nitrate)

Anaerobic (—oxygen, —nitrate, +sulfate) Pressure sewer

Full-flowing gravity sewer
Gravity sewer (low slope, sediment)

Pressure sewer with nitrate

Carbon dioxide (CO,)

Hydrogen sulfide (H,S) [sulfate reduction]
Carbon dioxide (CO,) [fermentation]
Methane [methanogenesis]

the phase boundaries. An in-sewer bio-process will have
different behavior based on microbial redox conditions:
aerobic respiration when dissolved oxygen is present, an-
oxic respiration when nitrate/nitrite ions are present and
anaerobic respiration when none of these (oxygen, ni-
trate/nitrite ions) are present.? In Table 1, we summarize
different redox conditions and relevant sewer gases gener-
ated in various types of sewers. Aerobic/anoxic respiration
produces carbon dioxide, whereas anaerobic respiration
generates numerous volatile substances that vaporize or
evaporate at atmospheric pressure such as hydrogen sulfide
(product of sulfate reduction), carbon dioxide (product of
fermentation), and methane (product of methanogenesis).

In particular, hydrogen sulfide diffused into a thin liquid
film on the sewer surface (see Fig. 2) can be oxidized to sul-
furic acid (H,SO4) by microbial reactions [13]. Then, sulfu-
ric acid may react with the alkaline cement (CaSO,) in the
concrete pipes causing corrosion.

Each of these in-sewer processes can be analytically
modeled using differential equations [45,50]. The models
typically consider various factors that influence reactions
[45]. For instance, a sulfate reduction model takes the fol-
lowing factors as inputs: quantity of sulfate, Chemical

2 A microbial “respiration” process consists of two steps (called redox
process): oxidation of organic matter and reduction of an electron acceptor.
In other words, bacteria break down organic matter and transfer electrons
from the electron donor (organic matter) to the relevant electron accepter
(e.g., oxygen, nitrate/nitrite ions, sulfate ions).

Oxygen Demand (COD), temperature, pH, area-to-volume
ratio (i.e., bio-film and sediment), flow velocity, and anaer-
obic residence time [50].3 In practice, however, accurately
fitting a model to in-sewer processes is greatly challenging,
for the present approaches make in situ measurement extre-
mely laborious and substantial data collection must be per-
formed to count and to understand the spatio-temporal
variability of the underlying model parameters while biolog-
ical processes are correlated [45]. Understanding the overall
sewer reactions in sewers is a challenging area of active
interest in the urban water research community. Note that
the goal of this paper is not to accurately estimate the model
parameters of in-sewer processes, but to directly observe
the behavior of various gas phases and to predict their po-
tential impact on sewer maintenance and green-house-gas
emission given the sewer structure.

2.3. Environmental and health impacts of sewer gas

High concentration of sewer gas is a warning signal of
system failure that initiates hazardous environments (i.e.
endangering public health and contaminating our natural
environment). Sewer gas not only generates obnoxious
malodors, but also contains harmful toxic gases such as
hydrogen sulfide and carbon dioxide which endanger pub-
lic safety. Moreover, by considering the growing consensus

3 Chemical Oxygen Demand (COD) is defined as the quantity of a
specified oxidant that reacts with a sample under controlled conditions.
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that sewer gas represents a significant fraction of GHG, the
sewer gas substantially pollutes our natural environment.*
However, the current effort to quantify GHG emissions
from wastewater conveyance and treatment industries
has largely overlooked the sewers because of the lack of
basic knowledge about sewer internal dynamics and access
limitations of the current sewer inspection technologies.
Especially when we consider the fact that a significant frac-
tion of wastewater components nowadays (e.g., soaps,
detergents) are petrochemical derivatives with definite im-
pact on GHG, acquiring accurate gas concentration distri-
butions in sewer becomes more critical than ever before.

Up until now the current sewer models have been based
on punctual measurements of methane gas, with immense
loss of the opportunity of measuring a suite of components
throughout the sewer network. Thus, the proposed method
to solve this important environmental problem makes it
feasible to probe the entire WCS and to overcome the lim-
its of current sewer gas emission models that rely only on
punctual measurements.

3. SewerSnort system overview
3.1. System design requirements

Our main goal is to design an in-sewer gas monitoring
system that considers the following requirements:

e The system should be independent of pipe profile (mate-
rial, shape, or size). The most widely used image cap-
ture technologies such as Closed-Circuit Television
(CCTV), Sewer Scanner and Evaluation Technology
(SSET), and sonar only work with a limited set of the
pipe materials and shapes deployed in WCS’s [42].

The system should be scalable. A large metropolitan city
like Los Angeles has a WCS composed of over 12,000
km of pipelines [28].

The system should be able to access the entire extent of the
WCS. All current physical assessment methods are lim-
ited to a comparatively small travel distance from their
access point into the WCS.

The system should be fielded with reasonable cost such
that the deployment, maintenance, and operational
expenses allow for near continual redeployment. At
present, CCTV inspection costs $2.26/foot and SSET
inspection costs $3.47/foot. For the city of Los Angeles
it could cost upwards of $12.7 million USD to perform
a single comprehensive inspection. A reduction of at
least two orders of magnitude for an entire year of
deployments is desired [31].

3.2. SewerSnort: gas monitoring using drifting sensors

We propose SewerSnort, a drifting sensor which moni-
tors in-sewer gases (Fig. 3). Knowing that small sewers are
typically under the aerobic redox condition and do not pro-
duce gases of interest (hydrogen sulfide and methane), we

4 According to New York Mayor’s report in 2007, 17% of GHG emission
was caused by sewer [26].

manhole manhole

((l)) Beacon ((cL)) Beacon

SewerSnort
Drifting Sensor
&) (&) (&> (&>
Sewer flow =p =3

Fig. 3. SewerSnort monitoring scenario.

mainly provide inspection coverage to main, trunk, and
intercepting sewers of WCS. During the deployment, Sew-
erSnort dispensers are deployed at strategic locations by
analyzing the sewer map and inspection demands. The
strategic points are typically located at an entry point to
the sewer. SewerSnort dispensing schedule can be config-
ured based on the application scenario. For instance, if
engineers want to understand how in-sewer gas level
changes over time, they can dispense drifters at regular
intervals for continual sampling.

Once a drifter is deployed, we need to keep track of its
position. Since the Global Positioning System (GPS) trans-
mits signals from very high altitudes using only 50 W
transmitters by microwave-frequency carriers, the GPS sig-
nal does not readily penetrate the ground. Thus, we pro-
pose a GPS-free localization scheme by exploiting
beacons and Received Signal Strength Indicator (RSSI).
First, preprogrammed beacons are installed under sewer
manholes in the region of interest. Then, beacons broadcast
messages which include their physical locations and time-
stamps by pre-determined interval. Second, a SewerSnort
listens to the beacons and collects RSSI values from re-
ceived beacon messages, when traversing down pipes.
Then, a SewerSnort estimates its proximity based on bea-
con messages and the strength of their respective signals
(via off-line processing).

The main advantage of sewer drifters is their immunity
to pipe profile. It is neither sensitive to the materials nor
dependent on the shape of a sewer pipe. Yet, they compare
favorably in other metrics as well. Conventional robotic
systems are bulky, heavy, and require sufficient flow rate,
external power, or internal power generation [24]. Sewer-
Snort drifters are small, light, and battery-operated (e.g.,
<30 cm in diameter, and <0.5 kg in weight) and can operate
during low flow rate conditions.

3.3. Feasibility of drifting sensors in sewers

The fluid flow in a pipe is classified as either laminar (a
stable and streamlined flow) or turbulent (a highly irregu-
lar and random motion). To determine the type of flow we
use its Reynolds number, i.e., Re = pvé/y where p is the
fluid density, v is the fluid velocity, ¢ is geometrical length
associated with flow, and y is the viscosity that character-
izes the degree of internal frictions in the fluid.

We consider the sewer flow to be laminar based on the
following facts. First, sewers contain a high concentration
of suspended solids which create great internal frictions
and decrease the flow velocity. The concentration of sus-
pended solids in a sewer has not been systematically
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measured. However, approximately 100 milligram per liter
(mg/1) of suspended solids exists in the effluent after the
primary treatment in the wastewater treatment plant,
while the tap water contains less than 1 mg/l [46]. Second,
the gravity slope of most pipelines is rather mild to control
the flow velocity, thus preventing sewer erosion. For in-
stance, the sewer design manual of Bureau of Engineering
at Los Angeles specifies 0.003 radian (or 0.1719°) for the
pipe slope [37]. Third, concrete, which creates relatively
more internal friction than copper, plastic or iron, is the
most widely used material for sewer pipelines [5]. Accord-
ing to the Nikuradse’s definition of mean height of rough-
ness; copper and glass are 0.003, iron is 0.15, plastic is 0.03,
and concrete is 6.0. Here, the larger the number, the higher
is the roughness of surface. Thus, the sewer flow can be
classified as laminar; in other words, it is steady and stable
enough not to significantly affect in situ gas measurement.

4. SewerSnort system design
4.1. Hull design

When a surface vessel moves through a constricted
waterway, the current velocity gradient pushes the craft
toward the nearest bank ultimately resulting in a collision.
Our drifter will suffer from this phenomenon, known as the
“bank suction” effect [7]. As our drifter approaches the
sewer wall the water channel size reduces and in turn
increases the velocity of the water on that side. The asym-
metric flow around the drifter causes pressure differences.
As a result, a lateral force will push the drifter to the side of
the pipeline. The drifter will bounce against the wall as it
lacks any on-board motion control. We propose an inner
tube hull that can roll along the pipeline sidewall (Fig. 4).
The sensing unit is placed in the middle of the inner tube
to prevent wastewater from submerging it and the hull is
tall enough to sustain the sensor above waterline in the
event high turbulence capsizes the drifter.

4.2. Gas sensing unit

4.2.1. Electrochemical gas detection

Electrochemical sensors detect a particular Gas Of
Interest (GOI) by reacting with it and producing an electri-
cal current proportional to the gas concentration. This
current is developed between the sensor’s anode and
cathode electrodes (Fig. 5) as one is oxidized and the other
reduced. The exact chemistry is specific to the construction
of the sensor and the GOI. In the following, we focus on
hydrogen sulfide gas sensing, as it is one of the key sewer
condition indicators.

Our SewerSnort drifters are equipped with an RAE 032-
0102-000 electrochemical sensor element [32] and a
custom Analog Front End (AFE) that provides bias and
signal conditioning functions. The oxidation reaction that
takes place at the anode is:

H,S + 4H,0 — H,S0, + 8H' + 8e~. (1)

Note that the inputs include water. It is provided inside the
sensor as an electrolyte into which the electrodes are

Micro Controller
Flash Memory

Floating Inner Tube

Fig. 4. SewerSnort drifter design. The size of a tube can be adjusted based
on the size of pipe.

immersed and sealed in by a gas-permeable hydrophobic
membrane (Fig. 5). Besides sealing in the electrolyte (water
is repelled from the membrane - hydrophobia) and offer-
ing mechanical protection to the sensor, the membrane
performs the additional function of filtering out unwanted
particulates. A scrubber filter of activated charcoal is in-
stalled in front of the membrane to further enhance the
sensor’s selectivity (the sensor’s preference for the GOI
over other look-alike gasses).

These internal design choices reflect a fundamental
tradeoff between the selectivity (ability to target just the
GOI - allow fewer molecules in) and the sensitivity
(encourage as much reaction as possible - allow more mol-
ecules in) of the sensor. Given that the detection reactions
are basic public chemistry, the design of the capillary,
choice of the filter material, and the shape of the electrodes
are the most important differentiating elements among
commercial vendors and, correspondingly, these are the
design aspects most heavily patented. Careful attention
should be paid to application requirements when selecting
a vendor. With SewerSnort we chose an element with very
high selectivity and moderate sensitivity.’

4.2.2. Power concerns

It is important to have a stable and constant voltage at
the anode electrode (w.r.t. the cathode), because, unaided,
the voltage will fluctuate as the reaction taking place on its
surface is continuously introducing mobile charges. These
fluctuations void the calibration curve as the voltage
changes in the electrolyte correspond to energy storage in-
stead of a conversion to an electrical current which may be
sensed. However, the SewerSnort drifters are battery-
powered and must remain small, light, and inexpensive —
precluding the use of large battery packs. Although, the
use of modern Switch-Mode Power Supplies (SMPS) can
achieve near 90% efficiencies, a SMPS must operate
continuously to maintain the regulated output voltage
conditioning the electrodes. Given that the SewerSnort
drifter must travel an enormous distance (compared to

5 The data sheet of RAE 032-0102-000 [32] reports that it is highly
selective against carbon monoxide, nitric oxide, hydrogen, etc.
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Fig. 5. A simplified schematic of the electrochecmical gas sensor and analog signal conditioning elements. This differential ratiometric approach consumes
<15 uW in our current implementation. Electromagnetic compatibility elements are not shown for clarity.

its own dimensions) and do so at slow speeds (due to low
flow rate), it will take measurements at a very low sample
rate. During the inter-sample interval, the sensor electron-
ics will be idle, and minimizing power consumed in this
“sleep” state is substantially more important than mini-
mizing active sampling power. This presents the drifter de-
sign with a difficult tradeoff: Regulate the sensor power
supply to stabilize the operating conditions and hence en-
sure the accuracy of the sensor’s calibration, but risk bat-
tery exhaustion, or allow the voltage to drift, empower
data collection over the entire trip, but compromise the
sensor calibration and, therefore, collect potentially mean-
ingless data.

4.2.3. Ratiometric signal conditioning

In this work we explore an alternative that proffers to
circumvent the conflict between calibration accuracy and
power consumption and in the process present the first
single-supply differential ratiometric data acquisition
architecture that targets electrochemical sensors for WCS
monitoring applications. To maintain the sensor’s calibra-
tion curve the sensor must experience a nominal 0 V bias

SewerSnort H,S
Sensor Board

RAE H,S
Gas Sensor

¥ MicaZ mote

Fig. 6. The SewerSnort gas sensor board with a MicaZ mote.

condition (Vgnode = Veathode fOT Ietectroiyte = 0) and the ampli-
fier must have sufficient dynamic-range (head room) to
handle the increasing voltage of the amplified output. To
meet these two conditions without the use of a power sup-
ply, we connect the amplifiers directly to the battery in a
single-sided configuration (no negative voltage provided).
An intermediate reference voltage is generated that is an
arithmetic ratio of the battery voltage (in our implementa-
tion we used a ratio of 1). This ratiometric reference poten-
tial is routed to both the transconductance amplifier
responsible for sinking current from the cathode and the
feedback amplifier responsible for driving the anode. As
both terminals of the sensor are biased by the same poten-
tial, absent charge injection from a reaction (no GOI pres-
ent), the OV condition is achieved. As the battery voltage
decreases over its cycle life, the reference voltage de-
creases as well preserving the amplifiers head room.

4.2.4. Implementing signal conditioning

Series resistors R, and R, form a voltage divider deliver-
ing 7R percent of the battery’s native voltage to the
voltage-follower amplifier U1. The choice of values for R,
and R, are controlled to achieve two objectives - minimize
quiescent power and obtain the desired divider output
voltage.

Achieving the former requires the use of large valued
resistors which are limited only by the constraint:

Vbattery,max
Ri +R,

where Vigtrerymax 1S the battery voltage when fully charged
and Iy, pigs is the input bias current of the U; amplifier.
Due to the mass trasport requirements (diffusion, limited
aperature, catalytic conversion) inherent in electrochemi-
cal sensing, its transient performance is rather poor. For
the chosen sensing element, the 10-90 response time is

> IUl‘bias (eg > ]O Iul‘bias); (2)
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30s [32]. At this bandwidth, low-frequency, low-bias,
operational amplifiers with Junction Field Effect Transis-
tor (JFET) based input architectures are ideally suited.
[22] from Microchip Corporation is an example of this
type of amplifier. Over the industrial temperature range
its input bias current requirement is a mere 0.1 nA.
Accordingly Eq. (2) indicates that Ry + R, could be as large
as 300 Gigaohm when supplied from a 3 Volt battery.
However, as resistance increases its Johnson thermal
noise component increases as well. For a 300 Gigaohm
resistor this translates into a 22.5 pV offset at 0.1 Hz of
bandwidth, but to achieve this performance the signal
must be sampled contiuously over the 100 ms period.
Microcontroller-based computer systems consume active
power in the order of tens of milliwatts so supporting
shorter sampling aperatures by increased sampling band-
width requires the use of a smaller resistance to offset the
increase in thermal noise from the increase in frequency.
In our implementation we chose 10 Megaohm values as a
good compromise.

The second design goal, orthogonal to the first, is to cre-
ate a voltage somewhere in between the battery and
ground. Given the known polarity of the redox reaction
in the sensor cell, the AFE need not be equally adept at
handling both positive and negative sensor voltage devia-
tions. Electrons are generated at the anode and travel to
the cathode. Due to the difference in convention between
physicists and engineers, electron flow into a terminal will
counter-intuitively raise the voltage of that terminal. How-
ever, the amplifiers, not being provided a negative voltage
source, perform best when the signal is between its two
power supply Voltages. In this case, that is equal to one-
half of the battery’s voltage and choosing R, = R, ensures
this condition is realized and maintained during operation.

As the sensor operates, the voltage at the cathode in-
creases, but the anode may fluctuate as well (as previously
discussed). Amplifier Us provides a Reference-Anode feed-
back drive to ensure that despite U; providing a positive
voltage } the battery’s, from the sensor’s perspective the
potential difference (voltage) anode-to-cathode is effec-
tively 0. This bias condition is necessary to preserve the
sensor by not artificially inducing the redox reaction. U,
functions as a current mirror with a 1000-fold gain. These
values were chosen in a manner similar to selecting R, and
R, — by balancing similar noise floor constraints.

4.3. Localization

We build a radio-frequency (RF) based system to locate
and to track a drifter. RF based localization has been widely
used for indoor positioning via triangulation using mea-
sured signal strengths from multiple beacons [3,21]. We
can use either an empirically measured signal strength
map [3,21] or a theoretical model that captures signal
attenuation over distance [3,29]. Recent measurement
studies by Howitt et al. proposed a radio wave propagation
model for concrete storm drain pipes in 2.4-2.5 GHz fre-
quency band [11]. By using this model we estimate the
location of the drifter inside the sewers. Unlike previous
methods of “online” location tracking methods [3,21,29],
we perform “off-line” signal processing on the measured

signal strength samples to better estimate the trajectory
of a drifter.

4.3.1. RSSI-based SewerSnort localization

To define a geospatial coordinate system RF beacons are
embedded beneath manholes in the area of interest. The
beacons broadcast their identity (i.e. geo-tag) periodically,
which corresponds to a specific physical location.® Aboard
a drifter the beacon message is heard and decoded to deter-
mine the beacon’s identity while the average signal enve-
lope power - the RSSI - is measured.

The relationship between RSSI and inter-radio distance
may be approximated by the radio wave propagation mod-
el for concrete storm drain pipes as [11]:

RSSI(d),, = Pix — Oao) x d — Act, (3)

where RSSI(d), is the received power at distance d, P, is the
transmitted power in dB, o4, is the multimode attenua-
tion loss (dB/m) which is dependent on radius (a) and con-
ductivity (o) of a concrete pipe, and A¢ is the antenna
coupling loss given in dB. A value of Aq changes based on
a position of a beacon inside a pipe [11]. For example, if a
drifter is located at the bottom of pipe, the value of Ac,
when a beacon is located in the center of pipe, is smaller
than the value of A, when a beacon is located on the top
ceiling of pipe. Hence, by anchoring positions of beacons
on the top of pipes, it is possible to calculate the depth of
the water if we know the value of A¢; of the pipe. Also,the
value of A and 0,4 are depending on the radius (a) and
conductivity (o) of the concrete pipe and these values are
empirically derived from multiple experiments [11].

We want to find the distance A for SewerSnort localiza-
tion as illustrated in Fig. 7. Knowing the radius of a pipe
(R), we need to find d;, d,, and B to calculate A. Also, as ex-
plained in section 4, bank suction may drift a SewerSnort
to the wall of pipeline. Thus, we assume d;=0; i.e.,
(dzzﬁ = %2. Then, the current flow level (2R — B) can be esti-
mated, when the drifter passes by the beacon, which can
be detected by tracking the changes of RSSI (i.e., maximum

2
point); i.e., B=R+/R* — (%) . The distance A can be esti-

mated as: A = | (& — (2)") — B>,
(- ®))

4.3.2. De-noising RSSI samples

A de-noising process must be done beforehand to apply
the channel model in a real world. Although destructive/
constructive reflections have a small impact on measured
RSSI values when there exists a dominant LOS [19], they
cause rapid fluctuation. To de-noise the raw RSSI data we
choose to use the Empirical Mode Decomposition (EMD)
[12]. The EMD effectively filters out noise from the
non-stationary time series signals such as RSSI data in
SewerSnort.

5 Numerous techniques for low-power medium access control exist and
could be leveraged to reduce battery drain. These include supplemental
“wake-up” RF circuitry [30] and low-power ultra-low drift clocking
systems [36] to support extremely low duty-cycle time-division protocols
[35].
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Fig. 7. Distance estimation in sewers.

Briefly, EMD is a data-driven signal processing tech-
nique. EMD decomposes signals into n empirical modes
first and produces the residue which is the mean trend or
constants. EMD algorithm is comprised of successive steps
as follows:

(1) Identify all local maxima and local minima.

(2) Connect all local maxima using a cubic spline line as
an upper envelope.

(3) Repeat step (2) for all local minima as a lower
envelope.

(4) Compute the mean as m(t) =
(5) Extract the local detail hy as h(t),
X(t) is a RSSI data at time t.

(6) Repeat steps 1-5 by treating the local detail h; from
the previous sifting as the raw data until
h(t)m = h(t)m—1 — m(t)n. For example, hq, the detail
obtained after the first sifting, becomes data for
the second sifting as h(t), = h(t); — m(t),.

(7) Then, the intrinsic mode function component of the
data becomes ((t) = h(t),. ((t) is a de-noised signal
at time ¢t.

Emax(t) +Epmin ()
> .

= X(t) — m(t) where

4.3.3. Enhancement of location estimation assisted by flow
velocity

The location of a drifter can be estimated using Eq. (3)
and the de-noised RSSI data. However, the dynamic nature
of signal propagation inside the pipe under mobile envi-
ronments can influence the accuracy of de-noised RSSI
data as we have seen in our experiments (Section 5). Under
this circumstance, such a direct mapping can produce
abrupt jumps and reverse of directions which results in
high errors. Knowing that the sewer flow is laminar and
exhibits spatio-temporal coherence as illustrated in the
feasibility analysis section, abrupt changes of drifter prox-
imity are not likely to happen in practice. On the basis of
such characteristics, we propose to utilize the flow velocity
in addition to Eq. (3) and the de-noised RSSI data to im-
prove the accuracy. Also, we exploit the fact that the RSSI
values peak right below beacon nodes and manhole’s loca-
tions are known. Thus, whenever a peak is detected, local-
ization error can be corrected, and location estimation
restarts from the beacon node’s location.

A drifter’s location estimates can be improved using
flow velocity as follows. For a given beacon node, we first
de-noise the measured RSSI samples. From de-noise data,
we find the peak and use the beacon’s location as a depar-
ture position. Assuming that the drifter has travelled at a
constant velocity V, we substitute the distance d in

Eq. (3) with Vt where t is time, i.e., RSSI(Vt)x = Px — %(a,0)
x Vt — Aq. Recall that all the variables in Eq. (3) except
the velocity V are known. Thus, we can find the velocity
V that minimizes the sum of square errors between the
modified model and the de-noised RSSI data.

In the event that a drifter has received RF signals from
two adjacent beacon nodes while drifting (denoted as A
and B), we have two different velocity estimates (V4: mov-
ing away from A, and Vp: approaching to B). Since error is
minimized right below a beacon node, both speeds are
used to estimate locations as follows: from A, V, is used
for t4 unit times (A to B), and from B, Vj is used for tg unit
times (B to A). Say the distance between A and B is dsp and
drifting duration is t4p, then, the following conditions must
be satisfied to properly align estimated location from both
directions: (1) Vaty + Vptg= dap and (2) t4 + tg = tyz. Hence,
we have t4 = M and tp = ”ﬁ,‘*‘ﬂi‘j“ However, note that
there is a sudden speed change in this scheme (say after
ta unit times).

For a given pipe, parameters in Eq. (3) such as o/ 4 and
Ac, are affected by the changes of water depth. Calibrating
these model parameters under a set of different water
depths is greatly laborious task when there is a sewer flow.
An alternative is to estimate the average speed between
two beacon nodes, namely dgp/tss. In this case, there is
no sudden change of speed within a pipe segment formed
by these consecutive beacons (e.g., A and B), yet can result
in higher errors compared to the previous approach. None-
theless, this approach can be very useful for handling the
case when the distance between two consecutive man-
holes is too far to receive beacon messages or an interme-
diate beacon fails.”

4.4. Data acquisition

The acquired data can be packed and stored onboard all
the way through the journey and collected after it is re-
tracted. Even though the amount of data, with high sam-
pling frequency, will grow rapidly, the required storage
can be reduced significantly by compressing and storing
the difference from the previous value.

First, we summarize the approximate storage require-
ments for the acquired data before the compression as
listed in Table 2. Then, we can compress data by taking
their characteristics into account.

Since, the sensor measurements are collected totally
asynchronously from the beacon sensing, we account the
storage requirement as:

Storage = (2bytes « f) + (7bytes x I), 4)

where fis sampling frequency and I is beacon interval. For
example, if f=1 sample/500 ms® and I=1beacon/1s,

7 In practice, we do not anticipate an extended unreachable distance,
because the average distance between sewer manholes is 71.93m [27] and
the transmission range of 802.15.4 radio is 30m indoor and 70m outdoor
[51].

8 In general, the sewer flow velocity is approximately 0.2-1 m/s. Thus,
the sampling frequency of 500 ms provides a reading for every 10-50 cm,
and this is sufficient for “Meter” type accuracy. Since factual traveling path
of SewerSnort may unprecedented, this velocity does not account for the
nonlinear traveling path of SewerSnort.
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Table 2
The approximate storage requirements.

Type Data size (byte)

Ha,S gas

Total (sample data)
GeoTag

Timestamp

Signal strength (RSSlval)
Total (beacon)

No= AN NN

we collect 39,600 bytes/h = 14,400 (sampling) bytes/
h + 25,200 (beacon message) bytes/h. In general, 24 h is
sufficient for a drifter to travel from upstream to a waste-
water treatment plant [42]. Thus, a drifter may collect up
to 1 MB for the entire trip. However, the required storage
can be reduced significantly by compressing data and stor-
ing a difference from the previous value.

For example, considering the fact that the range of H,S
gas real-world sample data is no greater than 100 ppm and
the environment does not change drastically from one re-
gion to the right next [4], we can use delta-compression.
Since delta between two consecutive samples can be
stored in one byte, we can truncate meaningless leading
8 bits without loss of information. Thus, we can reduce
the storage requirements for sample data by half. Also, a
beacon message can be extensively compressed by consid-
ering the fact that GeoTag is sequential and timestamp has
small delta between adjacent timestamps. Thus, we can
truncate leading 8 bits from a delta of GeoTag and leading
24 bits from a delta of timestamp without losing data.
Consequently, a beacon message can be compressed
into 3 bytes. After compressed the data, we have
18,000 bytes/h=7200 (sampling) bytes/h + 10,800 (beacon
message) bytes/h and 432 KB in 24 h.

Although, a drifter can carry all acquired data to the
destination, we may upload a portion of data to a base
station for an emergency. When a drifter uploads data,
the energy cost can be estimated as:

Etota = Eix x (Mbits + Headers), (5)

Lamppost

802.15.4

)

sidewalk
— | __pavement

( gateway

manhole cover

(
(beacon H

manhole

Fig. 9. Images of manhole cover.

where E, is energy required to transmit one bit, and M is
total bits to be uploaded. For example, if 2 KB (payload
2048 * 8 bits + UDP Header 64 bits +IP Header 160 bits
+802.15.4 header 112 bits) are uploaded, we would de-
plete approximately 76.5 mAs and free 2048 bytes in flash
memory assuming that there is no retransmission and we
spend 5 mj/bit to upload while 1 pJ/byte to read/write
flash memory using IEEE 802.15.4 and MICAz flash mem-
ory [51]. Depending on the urgency and on the amount
of data to be uploaded, we may equip a drifter with addi-
tional batteries.

4.5. Emergency notification

Wastewater collection systems are buried underground
and they are not noticeable until a system failure occurs.
Although most of system failures are caused by aging infra-
structure, malicious attacks such as terrorism or sabotage
can result catastrophic disaster. The disastrous series of
sewer gas explosions in Guadalajara, Mexico on Wednes-
day, April 22, 1992, which caused death of 206 people
and left almost unrecoverable damages to the city [44],
demonstrates the potential impact of terrorist attack using
underground sewer lines.

To deliver prompt alarms in case of emergency spills,
fraudulent dumps, or astronomical explosive gas concen-
tration, SewerSnort may upload collected data to base sta-
tions on a street level while traversing WCS before it
reaches to the destination. As illustrated in Fig. 8, urgent

Lamppost
GSM/802.11

Gateway

802.15.4

sidewalk
pavement

Fig. 8. Illustration of gateway/base station.
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Fig. 10. Illustration of fault recovery.

data can be transmitted to a beacon node installed under a
manhole cover. Then, the beacon node can relay the re-
ceived data to a gateway node deployed on a nearby lamp-
post which will eventually deliver the data to a central
node (to make a decision and take an action on it).

For wireless communications, ZigBee can be used be-
tween a beacon and a gateway if the distance is within
the radio range of ZigBee. Alternatively, Wi-Fi can be used
if the distance is not within the ZigBee radio range. Finally,
a gateway node can transmit data to the central office
either via wireless access networks such as 2/3G or wired
access networks such as Digital Subscriber Line (DSL) and
Passive Optical Network (PON).

Although severe signal attenuation between a beacon
node and a gateway is encountered since the beacon node
is located below ground (i.e., beneath the thick metal man-
hole cover as shown in Fig. 9); therefore, it makes the data
communication challenging, a number of schemes has
been designed and developed in an effort to address this
transmission challenge. One solutions is employing the
techniques used to enable wireless underground sensor
networks where the sensor nodes buried underground
can report sensor data to nodes on the surface wirelessly
[14]. The other alternative is using an external antenna
(over the surface) from the underground beacon node.
We install external antennas on the surface of manhole
covers to transmit data from underground to aboveground.
However, the external antennas (or surface nodes) can be
easily destroyed because manholes are typically located
on human accessible roads and antennas can be run over
by vehicles/pedestrians or be scrapped with snow plows.

In order to handle this problem, we can leverage the fol-
lowing two approaches proposed in the recent studies.
Mastarone et al. [23] proposed to install a thin slot antenna
into a conventional cast-iron manhole cover (by milling
the manhole cover and placing a coaxial RF connector in
the hole). However, this approach cannot fully protect an
antenna from the harsh environment of the active roadbed
and the continuous feeding of wire erosion. Thus, Jeong
et al. [16] built a noble composite manhole cover with
fiberglass fabric below which a thin slot antenna is at-
tached to isolate from the external physical environment
yet to efficiently radiate electromagnetic waves.

4.6. Fault recovery

Since a drifter is carried by sewer flow and has no con-
trol on its movements, it is unable to move around an

obstacle when it gets stuck in blockage. To rescue a
stranded drifter it is necessary to estimate its position.
We can utilize base stations as follows. Each base station
keeps a log of the periodic message exchanges heard from
drifters that pass by. By analyzing the logs, we can find
the section where the stranded drifter resides. As illus-
trated in Fig 10, base station 5 heard drifter 7, but base
station 6 did not; drifter 7 is stuck between base station
5 and base station 6. For a more precise estimate, if we
deploy a “convoy” of drifters that can hear and log each
other probing messages, we can more precisely determine
the location of the lost drifter. Upon retracting the surviv-
ing drifters at the end of the journey, we can estimate
from their logs how many drifters are lost and can com-
pute their approximate lost positions.

5. Experiments

We validate the end-to-end capability of our custom
H,S sensor board by comparing it with that of QRAE PLUS
Multi-Gas Monitor. QRAE is an off-the-shelf gas monitor
that is equipped with the same type of RAE H,S electro-
chemical sensor element. Mounting our sensor system
atop an Amigobot, a commercial mobile robot, and using
it to mimic the sewer’s flow rate, we evaluate the overall
system performance.

5.1. SewerSnort gas sensor board evaluation

Industrial grade electrochemical sensor data acquisition
modules cost in the thousands of dollars (far outside viabil-
ity for SewerSnort). It is then incumbent to demonstrate
that our low-power low-cost alternative (Fig. 6) performs
sufficiently well. Sensing fidelity is fundamentally limited
by the electrochemical element itself. For our chosen ele-
ment [32], the maximum sensitivity® to HpS is 0.75 A
yet internal fluctuations and variations over temperature,
limit accuracy to +3 ppm. We chose a value of 4.7 Q for
the transconductance element R; (Fig. 5) and a gain of
1000 (R4=Rs x gain) as it minimizes offset and Johnson
thermal noise, while still resolving 0.5ppm H,S changes into
an output signal above the quantization threshold of the 10-
bit ratiometric Analog-to-Digital Converter (ADC) in our
chosen low-cost low-power processing node (a Crossbow

9 In this context, Parts Per Million (ppm) denotes the number of particles
of a desired gas per one million particles of the background gas or gases.
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Fig. 11. Measured gas concentration using the QRAE industrial gas
monitor and our SewerSnort AFE. The results agree almost exactly given
that the sensor element uncertainty is 0.5 ppm.

MicaZ). The transfer function for a 1 ppm signal (0.75 pA)
follows:

mV g5 MA g R 35V 6)
ppm ppm " R; ppm

For evaluation, we placed the QRAE and SewerSnort mon-
itors in an airtight container and introduced a 10 ppm H,S
gas via a sealed injection tube. Fig. 11 presents the mea-
sured gas concentration in ppm. The figure shows that
the measurement results from our AFE are within
0.5 ppm of the QRAE on average - e.g. below the sensor
element’s internal uncertainty. Since the experiments
was performed on only H,S gas, the sensor’s selectivity
was not analyzed at this time.

5.2. SewerSnort evaluation in a mobile environment

The SewerSnort gas board is interfaced with the MicaZ
mote. Since the MicaZ mode has a 2.4 GHz IEEE 802.15.4
compatible radio, we also use it as a beacon node. We de-
velop a TinyOS driver for the SewerSnort gas sensor board.
The driver stores the following information in its flash
memory: the gas measurements, the beacon messages that
include the position of a beacon node, and the received sig-
nal strength of the beacon messages.

In the experiments, we first tried to derive the values
of Aq and o.4) in Eq. (3) for 10m concrete pipes with
diameters of 1.5m and 1.8 m. In order to estimate A
and oy, ) for each pipe, we used a robust linear algorithm
in Matlab. We place a beacon at the end of the pipes, and
measure the RSSI values from 0 m to 10 m, incrementing
the measure point by 0.5 m. Each measure collects 20
RSSIs, where every RSSI is averaged over a set of 500 sam-
ples. Thus, every measure requires 10,000 samples. We
configure the beacon to send out a beacon packet every
10 ms, at the highest transmission power of the MicaZ.
Figs. 14 and 15 show results of linear regression using
Eq. (3).

After obtaining Ac, and o) for Eq. (3), we consider
the mobility scenario of the SewerSnort drifter. We mimic
the mobility of a SewerSnort drifter by using an Amigobot

(&)
SewerSnort
Node
Amigobot \:_4 - H.S Gas
B = (10ppm)

II:—S.Sm ——| 10m

Fig. 12. Experiment scenario.

robot, a programmable, wirelessly controllable mobile ro-
bot. The SewerSnort node is placed on top of the Amigo-
bot. We program the Amigobot to move from one end to
the other with a constant speed of 1 m/s in a straight line.
A H,S gas cylinder (10 ppm) is placed 3.5 m away from
the starting point. The overall scenario is summarized in
Fig. 12. In our experiment, mainly the sensor’s sensitivity
was examined and there was no effect of wind or ventila-
tion. In the future, we plan to include chimney effect by
incorporating wind or ventilation to lab experiment
scenarios.

Fig. 13 shows that the measured gas concentration
starts rapidly increasing around the 3.4 m and then dras-
tically decreasing after the 3.7 m. This range includes the
position where we place the gas cylinder. The reason
why we observe lower concentration than 10 ppm is
due to gas diffusion in the air. A spike located at around
2.5m in 1.5m pipe is due to randomness of the gas
diffusion.

For localization, we apply the EMD algorithm to de-
noise the RSSI measurement data in Figs. 16 and 17. We
identify all local maxima Xpa(t) as X(t — 1) < Xnax(t) >
X(t+1) and all local minima Xg,(t) as X(t—1)>
Xmin(t) < X(t + 1) where X(t) is RSSI value at time t. We then
use cubic Bezier curves and Bernstein polynomials to con-
nect all local maxima and all local minima for the upper
envelope and for the lower envelop respectively as follows:

Ex)=31, (?)Xi(l —t)*7't, After the 4th iteration of

Gas Concentration inside 1.5m pipe
Gas Concentration inside 1.8m pipe -

Concentration (ppm)

Distance (m)

Fig. 13. Measured H,S gas concentration (ppm) in 1.5 m, 1.8 m pipes.
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Fig. 15. Average received power results for 1.8 m pipe.

sifting, we reach the termination condition. Figs. 16 and 17
show the final residue after de-noising.

Eq. (3) can be directly used to estimate distance using
measured RSSI data. As shown in the figures, however,
the resulting distance estimates over time tends to fluctu-
ate and may have abrupt jumps and reverse of directions,
resulting in higher errors. For better location estimation,
we exploit the fact that a flow velocity is relatively steady
within a short pipe segment. Assuming that SewerSnort is
drifting along the pipe at a constant speed V, we substi-
tute d in Eq. (3) with Vt. This allows us to search for
the drifter speed V that minimizes the errors from the
smoothed RSSI values. In Figs. 16 and 17, we plot mea-
sured RSSI values, EMD filtered RSSI values, and our linear
model with speed V that minimizes errors. The results
show that the estimated speed is very close to the exper-
iment scenario (less than 5% error). This meter-level accu-
racy may be sufficient for most sewer gas monitoring
scenarios. If an application requires more accuracy, we
need additional devices such as an inertial navigation de-
vice and a probabilistic localization model, which is part
of our future work.
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Fig. 16. Comparison with measured RSSI, EMD filtered RSSI, and linear
RSSI-distance model (1.5 m pipe).
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6. Related work

Wireless sensor networks have been widely utilized in
various environmental monitoring systems. Among the
wealth of research contributions, this section reviews
only the few that are most significantly related to
SewerSnort.

6.1. Advanced pipeline monitoring systems

Mobile robots can perform sewer inspection
(e.g., anomaly detection) by autonomously navigating a
pipeline. They are typically equipped with lights and cam-
eras for pipeline profiling, and various sensors (e.g., sonar,
infrared, laser) for autonomous navigation. To name a few
prototypes, there are KURT developed by Kirchner et al.
[18] and KANTARO by Ahrary et al. [1]. Mobile robot re-
search in sewers has been focused on localization using
an internal map and feature detection (e.g., manholes
and inlets). Teichgrdber et al. [41] proposed SEK, a
“cable-guided” floating inspection tool that conducts
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camera inspections, recording major abnormalities such as
erosion, deposits, obstacles and leaks in the gas space. SEK
differs from SewerSnort in that (1) SewerSnort is an
“unteathered” lightweight drifter that monitors in-sewer
gases, and (2) SewerSnort performs localization using the
beacons installed beneath sewer manholes.

Wireless sensor networks have recently employed in
sewer monitoring [39,15]. PipeNet [39] uses a network of
fixed wireless sensors to detect and locate leaks in the “full
flowing” water transmission pipeline. The system collects
pressure, flow velocity, and acoustic/vibration data at the
fixed points along the pipelines. Then, an analytic algo-
rithm is applied to detect and to locate the leaks. The IDEAS
laboratory in Purdue university used a wireless sensor net-
work for developing a system to prevent Combined Sewer
Overflow (CSO) in South Bend, IN [15]. The system trans-
mits an alert alarm through a wireless channel to facilitate
automatic flow diversion when the flow level reaches the
threshold.

6.2. Mobile robot localization in sewers

Mobile robot localization may be classified as relative,
absolute, or a mixture of both. Relative localization uses
internal sensors to estimate its current location such as
odometry using internal sensors and dead reckoning
using gyroscopes and compasses. As the robot moves,
its actual position may deviate due to the accumulation
of errors (e.g., wheel slippage). Thus, periodic absolute
localization is crucial to long-term performance. Absolute
localization requires either active beacons that transmit
signals with position information (e.g., GPS), or known
landmarks recognizable by the robot. The most popular
approach is relative localization with landmark recogni-
tion. In sewers, there are only a few local features such
as manholes, junctions, pipe joints and inlets that can
be used as landmarks for localization [24]. Unfortunately,
landmark detection in sewers experiences uncertainty
with regard to detection and identity. Bayesian models
are typically used to solve this problem using the condi-
tional probability of the estimated location with respect
to the observation and to the a priori probability distribu-
tion. Popular Bayesian methods include Kalman filtering
[25], Markov [9], and Particle filtering (or Monte Carlo
localization) [8]. A SewerSnort drifter localizes itself using
active 802.15.4 beacons installed in sewer manholes. We
are currently exploring augmenting the drifter with an
inertial navigation sensor suite based on the works of
[47]; and the Hidden Markov model (used in speech reor-
ganization) will be used to find the trajectory that mini-
mizes the error [20].

7. Conclusion and future work

This paper has presented an innovative sewer gas mon-
itoring system based on a floating, drifting embedded sen-
sor platform, the SewerSnort. We discussed the feasibility
of a mobile drifting sensor by analyzing the sewer flow sta-
tistics and present the potential applications of in-sewer
gas monitoring. Then, we designed an “inner-tube” shaped

hull to handle the lateral force that pushes the drifter to
the side of the sewers, presented the first single-supply dif-
ferential ratiometric data acquisition architecture that
targets electrochemical sensors for WCS monitoring appli-
cations, and proposed a Received Signal Strength Indicator
(RSSI) based localization scheme for SewerSnort. Experi-
ments based on a dry land robotic emulator have demon-
strated the feasibility of the system, with extremely
accurate gas readings aboard the float and adequate loca-
tion estimates (errors within 5% over hundreds of meters).

The preliminary results are encouraging and will stimu-
late further research in the field. First, we will develop new
applications sensors (or augment existing approaches)
using drifting sensors such as pipe maintenance, flow char-
acteristics monitoring, leak detection, exceptional dump
monitoring, and sewer surveillance. For instance, preven-
tive metal pipe maintenance will be assisted by the com-
parison of historical gas readings with typical pipe decay.
Second, these applications may require a convoy of drifters
deployed for better coverage (time/space), and enabling
wireless communications among drifters will be very use-
ful for adaptive sensing, localization, and near real-time
data reporting. We will analyze communication patterns/
requirements and develop efficient networking protocols
for sewer drifter networks. Third, we will develop a realis-
tic mobility model for drifters in sewer pipes, which will
allow us to better understand sensor coverage and net-
working protocol performance (e.g., network connectivity
and packet delivery ratio), especially when a convoy of
sensors is deployed. Finally, we will study the trade-offs
between localization accuracy and beacon deployments —
the more the number of beacons, the better the accuracy.
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