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Abstract—Biochemical activities in sewer pipes generate various volatile substances that lead to several serious problems
such as malodor complaints and lawsuits, concrete and metal
corrosion, increased operational costs, and health risks. Frequent inspections are critical to maintain sewer health, yet are
extremely expensive given the extent of the sewer system and the
“unfriendliness” of the environment. 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 to the end pumping station, collecting location
tagged gas measurements. The retrieved SewerSnort provides
an accurate gas exposure profile to be used for preventive
maintenance and/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.

I. I NTRODUCTION
A Wastewater Collection System (WCS) conveys sewage
to treatment or disposal facilities using a system of sewer
pipes. Sewer system inspection and maintenance must be done
proactively and with diligence because sewer pipes are prone
to damage from aging, excessive traffic, and biochemical reactions [5]. Exposed sewage from a leak or overflow will cause
serious environmental and public health problems through
groundwater contamination and infection [4].
Organic matter transported by the sewer results in sedimentation coating the walls and collecting along the bottom of
the sewer pipe. Due to insufficient electron accepting ions
(anaerobic conditions), the biochemical reactions taking place
in the sediment and biofilm generate hydrogen sulfide (H2 S),
methane (CH4 ), and numerous other volatile substances (collectively, in-sewer gases) [11]. Hydrogen sulfide, a toxic and
odorous gas, is a precursor to the formation of sulfuric acid
(H2 SO4 ) which is destructive to metal and concrete – as well
as humans [39]. Methane is highly flammable and may form
explosive mixtures with air. It is also an asphyxiant and may
displace oxygen in an enclosed space [30]. There is growing
consensus that sewage systems contribute a non-negligible
fraction of greenhouse gases (GHG) such as carbon dioxide
(CO2 ) and methane [26], [9].
Direct sewer maintenance operations are life-threatening,

as a result, numerous lengthy and costly indirect approaches
have evolved: Pipe damage detection is accomplished via the
injection of smoke and fluorescent dyes [34], [25] or via
remote inspection with cameras and sonar systems attached to
tethered probes [34] or mobile robots [1]. Flow monitoring is
achieved with the installation of meters at strategic locations
such that the drainage system can be properly controlled to
prevent overflows [35]. Finally, once a flow problem has been
detected and localized flushing or chemical treatments are used
to attain sediment control [4].
While pipe damage detection and flow monitoring have
been actively studied in both industry and academia, insewer gas monitoring has received little attention due to
the difficulty of in-situ measurements and the relative lack
of sensor installations – mostly in treatment plants. To fill
the gap the United States Environmental Protection Agency
(EPA) recommends analytical modeling to predict sediment
and gas concentration [4]. Yet, it is extremely difficult to
model and fit a sewer system due to the large spatio-temporal
variability. Accordingly, it seems that municipalities perform
sewer flushing only when they receive odor complaints or
lawsuits [2].
But there is strong rationale for in-sewer gas monitoring.
It is a key indicator of sewer conditions (sediment build up,
corrosion, and odor) [11] and can suggest areas for targeted
supplemental study or corrective action. The collected data can
be used to reduce the occupational health and safety risks of
working in sewers which has recently become more common
due to in-sewer fiber optic cable installations [40] and to help
researchers better understand in-sewer gas phases and estimate
the amount of GHG production in sewers [26], [9].
In this paper, we aim to design a low cost in-sewer gas monitoring system. Such a system would allow frequent inspection,
early detection of problems, and targeted flushing measures –
substantially improving service uptime, reducing the maintenance budget, enhancing illegal toxic dumping enforcement
and improving public health through mitigating the contamination and infection risks. To this end, we propose SewerSnort,
a novel method involving drifting sensors that monitor insewer gases. A SewerSnort node is dispensed upstream of the
WCS. It measures in-sewer gas concentrations while floating
downstream and marks these readings with their geographic
location obtained from a set of beacons located beneath
the sewer’s surface-accessible servicing portals (so called,
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1 A receiving water denotes a stream or river that has water flowing in it,
or a lake, pond, dugout, or slough that has water standing in it.
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A. Wastewater Collection System
A WCS is the set of sewer pipes that collect human-waste
contaminated water (sewage) and carry it to treatment or
disposal facilities. It can be categorized as a separate sewer
system or a combined sewer system depending on whether
sanitary wastewater is separated from stormwater. The separate
sewer system is essentially two wastewater drainage systems
in parallel – a sanitary sewer discharging wastewater to a
wastewater treatment plant and a storm sewer discharging
storm water to a receiving water.1 A combined sewer system
drains both sanitary and stormwater to a wastewater treatment
plant. Hydraulic characteristics also play a role. Gravity sewers
transport wastewater by gravity and can only be constructed
in compatible terrain. Failing that, a pressure sewer, which
transports wastewater through supplemental artificial pressure
from a pump station, must be employed.
A typical separate sanitary collection system (Figure 1) is
organized as follows:
• 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 usually
located underneath streets or utility easements.
• Main sewers are used to convey wastewater from lateral
sewers to larger sewers (trunk or intercepting sewers).

Lateral sewers
(branch/collecting
sewers)

Trunk sewer

Transformation of organic matter,
nitrogen and sulfur in bulk water,
biofilm and sediment

manholes). It is finally extracted at a wastewater treatment
plant, pumping station, or sewer manhole using a screening
device. The data is collected through traditional public network
infrasture systems such as municipal Wi-Fi, emerging lowpower high-availability mesh networking systems such as [32],
or, failing that, through short-range wireless download upon
retrieval (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:
• 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.
• 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).
• We present the first single-supply differential ratiometric
data acquisition architecture that targets electrochemical
sensors for WCS monitoring applications. The design
is implemented and evaluated. Controlled experiments
confirm the accuracy of our gas sensor module.
• We propose a Received Signal Strength Indicator (RSSI)
based localization scheme, which functions accurately in
the underground GPS-denied sewer environment. Overground experiments based on a programmable mobile
robot emulator confirm viability.

•

Illustration of in-sewer processes

Trunk sewers are large sewers that are used to convey
wastewater from main sewers to the treatment or disposal
facilities or to large intercepting sewers.
Intercepting sewers are large sewers that are used to
intercept a number of main and trunk sewers and convey
wastewater to the treatment or disposal facilities.
Manholes are used for sewer cleaning and inspection.
They are located where the pipe system changes direction,
grade, or diameter, at junctions, and, for small diameter
sewers (d < 1.2m) at intervals no greater than 120m.

B. 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 build-up and erosion of sewer
sediment. Chemical and physico-chemical processes occur due
to the gas transfer over the air-water interface (e.g., emission of
hydrogen sulfide) and the chemical oxidation and precipitation
of sulfide. In biological processes, bacteria degrade organic
compounds, such as formaldehyde (CH2 O), to obtain carbon
(for cellular growth and reproduction) and energy (for cellular
activity). These transformations alter the biodegradability of
the wastewater.
As shown in Figure 2, in-sewer biological processes happen
in five phases [11]: suspended water, biofilm (slime layer), sediment, atmosphere, and the sewer wall. These phases interact
and exchange relevant substances across the phase boundaries.
An in-sewer bio-process will have different behavior based on
microbial redox conditions: aerobic respiration when dissolved
oxygen is present, anoxic respiration when nitrate/nitrite ions
are present and anaerobic respiration when none of these (oxy-

Redox conditions
Aerobic (+oxygen)
Anoxic (-oxygen,-nitrate)
Anaerobic (-oxygen,-nitrate,+sulfate)

Possible Sewer Types
Partly filled gravity sewer
Aerated pressure sewer
Pressure sewer with nitrate
Pressure sewer
Full-flowing gravity sewer
Gravity sewer (low slope, sediment)

Sewer Gases
Carbon dioxide (CO2 )
Carbon dioxide (CO2 )
Hydrogen sulfide (H2 S) [sulfate reduction]
Carbon dioxide (CO2 ) [fermentation]
Methane (CH4 ) [methanogenesis]

TABLE I
S EWER GASES UNDER DIFFERENT REDOX CONDITIONS

gen, nitrate/nitrite ions) are present.2 In Table I, we summarize
different redox conditions and relevant sewer gases generated
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 Figure 2) can be oxidized to sulfuric
acid (H2 SO4 ) by microbial reactions [11]. Sulfuric acid may
react with the alkaline cement (CaSO4 ) in the concrete pipes
causing corrosion.
Each of these in-sewer processes can be analytically modeled using differential equations [36], [41]. The models typically consider various factors that influence reactions [36].
For instance, a sulfate reduction model takes the following
factors as input: quantity of sulfate, Chemical Oxygen Demand
(COD), temperature, pH, area-to-volume ratio (i.e., biofilm and
sediment), flow velocity, anaerobic residence time [41].3 In
practice, however, accurately fitting a model to in-sewer processes is greatly challenging, for the present approaches make
in-situ measurement extremely laborious and substantial data
collection must be performed to count and to understand the
spatio-temporal variability of the underlying model parameters
while biological processes are correlated [36]. 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
potential impact on sewer maintenance and GHG emission
given the sewer structure.
III. S EWER S NORT S YSTEM OVERVIEW
A. System design requirements
Our main goal is to design an in-sewer gas monitoring
system that considers the following requirements:
• The system should be independent of pipe profile (material, shape, size). The most widely used image capture
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)
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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SewerSnort monitoring scenario

technologies such as Closed-Circuit Television (CCTV),
Sewer Scanner and Evaluation Technology (SSET), and
sonar only work with a subset of the pipe materials and
shapes deployed in WCSs [34].
The system should be scalable. A large metropolitan city
like Los Angeles has a WCS composed of over 12,000
km of pipelines [17].
The system should be able to access the entire extent
of the WCS. All current physical assessment methods are
limited 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 [23].

B. SewerSnort: Gas monitoring using drifting sensors
We propose SewerSnort, the use of drifting sensors to
monitor in-sewer gases. Given that small sewers are typically
under the aerobic redox condition and thus will not generate
gases of interest (hydrogen sulfide and methane), SewerSnort
provides inspection coverage only to the main, trunk, and
intercepting sewers of the WCS. SewerSnort dispensers are
deployed at strategic locations by analyzing the sewer map
and inspection demands. They are typically located at an
entry point to the sewer. The dispensing schedule can be
configured based on the application scenario. For instance,
if the operators want to understand how in-sewer gas level
changes over time, they can float drifters at regular intervals
for continual sampling.
Once a drifter is deployed, we need to track its position. Because the Global Positioning System (GPS) transmits
from very high altitudes using only 50W transmitters and
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SewerSnort drifter design

microwave-frequency carriers, the GPS signal does not readily
penetrate the ground. We propose integrating a wireless beacon
into the underside of every manhole cover in the region
of interest. These beacons are preprogrammed with their
positions allowing a drifter to localize itself by listening to
the identity of nearby beacons (which implies their location)
and the strength of their respective signals.
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 [19]. SewerSnort drifters are
small, light, and battery-operated (e.g., < 30cm in diameter,
and < 0.5kg in weight) and can operate during low flow rate
conditions.
C. 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 irregular
and random motion). To determine the type of flow we
use its Reynolds number, i.e., Re = ρυδ/γ where ρ is the
fluid density, υ is the fluid velocity, δ is geometrical length
associated with flow, and γ is the viscosity that characterize
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 suspended solids
in a sewer has not been systematically measured. However,
approximately 100 milligram per liter (mg/l) 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 [37]. Second, the gravity slope of most
pipelines is rather mild to control the flow velocity, thus
preventing sewer rosion. For instance, the sewer design manual
of Bureau of Engineering at Los Angeles specifies 0.003
radian (or 0.1719 ◦ ) for the pipe slope [29]. Third, concrete,
which creates relatively more internal friction than copper,
plastic or iron, is the most widely used material for sewer
pipelines [4]. According to the Nikuradse’s definition of mean
height of roughness; copper and glass are 0.003, iron is 0.15,
plastic is 0.03, and concrete is 6.0 where the higher number
is the more rough is. Thus, the sewer flow can be classified

Fig. 5. A simplified schematic of the electrochecmical gas sensor and analog
signal conditioning elements. This differential ratiometric approach consumes
< 15µW in our current implementation. Electromagnetic compatibility
elements are not shown for clarity.
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as laminar; in other words, it is steady and stable enough not
to significantly affect in-situ gas measurement.
IV. S EWER S NORT S YSTEM D ESIGN
A. 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 [6]. 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 asymmetric 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
keep bouncing against the wall as it lacks any on-board motion
control. We propose an inner tube hull that can roll along
the pipeline sidewall (Figure 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.
B. Gas sensing unit
1) Electrochemical Gas Detection: Electrochemical sensors
detect a particular Gas Of Interest (GOI) by reacting with it
and producing an electrical current proportional to the gas
concentration. This current is developed between the sensor’s
anode and cathode electrodes (Figure 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 (H2 S) gas sensing, as it is one of
the key sewer indicators.

Our SewerSnort drifters are equipped with an RAE 0320102-000 electrochemical sensor element [24] and a custom
Analog Front End (AFE) that provides bias and signal conditioning functions. The oxidation reaction that takes place at
the anode is:
H2 S + 4H2 O → H2 SO4 + 8H + + 8e−

(1)

Note that the inputs include water. It is provided inside
the sensor as an electrolyte into which the electrodes are
immersed and sealed in by a gas-permeable hydrophobic
membrane (Figure 5). Besides sealing in the electrolyte (water
is repelled from the membrane – hydrophobia) and offering
mechanical protection to the sensor, the membrane performs
the additional function of filtering out unwanted particulates.
A scrubber filter of activated charcoal is installed 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 molecules 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.
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
instead 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 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 electronics will be idle, and minimizing power consumed in this
“sleep” state is substantially more important than minimizing
active sampling power. This presents the drifter design with a
difficult tradeoff: Regulate the sensor power supply to stabilize
the operating conditions and hence ensure the accuracy of the
sensor’s calibration, but risk battery exhaustion, or allow the
Voltage to drift, empower data collection over the entire trip,
but compromise the sensor calibration and, therefore, collect
potentially meaningless data.

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 calibration curve the sensor must experience a nominal
0V bias condition (Vanode = Vcathode for Ielectrolyte = 0
and the amplifier 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
supply, 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 implementation
we used a ratio of 12 ). This ratiometric reference potential 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 potential, absent charge injection
from a reaction (no GOI present), the 0V condition is achieved.
As the battery Voltage decreases over its cycle life, the
reference Voltage decreases as well preserving the amplifiers
head room.
C. 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 measured
signal strengths from multiple beacons [3], [18]. We can use
either an empirically measured signal strength map [3], [18]
or a theoretical model that captures signal attenuation over
distance [3], [21]. Recent measurement studies by Howitt et
al. proposed a radio wave propagation model for concrete
storm drain pipes in 2.4 - 2.5GHz frequency band [12]. Using
this model we estimate the location of the drifter inside
the sewers. Unlike previous methods of “online” location
tracking methods [3], [18], [21], we perform “off-line” signal
processing on the measured signal strength samples to better
estimate the trajectory of a drifter.
1) RSSI-based SewerSnort localization: To define a geospatial coordinate system an RF beacon is embedded beneath the
manhole covers in the area of interest. The beacons broadcast
their identity periodically, which corresponds to a specific
physical location.4 Aboard the drifter the beacon message is
heard and decoded to determine the beacon’s identity while
the average signal envelope power – the RSSI – is measured.
The relationship between RSSI and inter-radio distance may
be approximated by the radio wave propagation model for
concrete storm drain pipes [12]:
RSSI(d)rx = Ptx − α(a,σ) × d − ACL

(2)

4 Numerous techniques for low power medium access control exist and
could be leveraged to reduce battery drain. These include supplemental “wakeup” RF circuitry [22] and low-power ultra-low drift clocking systems [28] to
support extremely low duty-cycle time-division protocols [27]
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where RSSI(d)rx is the received power at distance d, Ptx
is the transmitted power, α(a,σ) is the multimode attenuation
loss (dB/m) which is dependent on radius (a) and conductivity
(σ) of a concrete pipe, and ACL is the antenna coupling loss
given in dB. The value of ACL changes based on the position
of the beacon inside the pipe [12]. Assuming the drifter is at
the bottom of the pipe, the value of ACL is smaller when the
beacon is at the center of the pipe than at the top of the pipe.
Hence, assuming that the position of the beacon is fixed at the
top of the pipe, it is possible to calculate the depth of the water
if we know the value of ACL of the pipe. The value of ACL
and α(a,σ) are dependent on the radius (a) and conductivity (σ)
of the concrete pipe and these values are empirically derived
from multiple experiments [12].
We want to find the distance A for SewerSnort localization
(see Figure 7). Knowing the radius of a pipe (R), we need
to find d1 , d2 , and flow level (B) to calculate A. Also, as
explained in section IV, bank suction may drift a SewerSnort
to the wall of pipeline. Thus, we assume d1 = 0; i.e.,
(d2 − d1 )/2 = R/2. The current flow level (2R − B) can be
estimated, when the drifter passes by the beacon, which can
be detected by tracking
the change of RSSI (i.e., maximum
√
2 − R2 . The distance A can be estimated
d
point); i.e.,
B
=

as: A = (d2 − R2 ) + B 2 .
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 [15], they cause rapid fluctuation. To de-noise
the raw RSSI data we choose to use the Empirical Mode
Decomposition (EMD) [10]. The EMD effectively filters out
noise from the non-stationary time series signals such as RSSI
data in SewerSnort.
Briefly, EMD is a data-driven signal processing technique.
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.
min (t)
.
4) Compute the mean as m(t) = Emax (t)+E
2
5) Extract the local detail h1 as h(t)1 = X(t)−m(t) where
X(t) is a RSSI data at time t.
6) Repeat step 1–5 by treating the local detail hi from

Fig. 8. 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 ±0.5ppm.

the previous sifting as the raw data until h(t)m =
h(t)m−1 − m(t)m . For example, h1 , the detail obtained
after the first sifting, becomes data for the second sifting
as h(t)2 = h(t)1 − m(t)2 .
7) Then, the intrinsic mode function component of the data
becomes C(t) = h(t)m . C(t) is a de-noised signal at
time t.
V. E XPERIMENTS
We validate the end-to-end capability of our custom H2 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 H2 S electrochemical 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.
A. SewerSnort gas sensor board evaluation
Industrial grade electrochemical sensor data acquisition
modules cost in the thousands of dollars (far outside viability
for SewerSnort). It is then incumbent to demonstrate that
our low-power low-cost alternative (Figure 6) performs sufficiently well. Sensing fidelity is fundamentally limited by the
electrochemical element itself. For our chosen element [24],
μA
, yet internal
the maximum sensitivity5 to H2 S is 0.75 ppm
fluctuations and variations over temperature, limit accuracy to
± 21 ppm. We chose a value of 4.7Ω for the transconductance
element R3 (Figure 5) and a gain of 1000 (R4 = R3 × gain)
as it minimizes offset and Johnson thermal noise, while still
resolving 0.5ppmH2 S changes into an output signal above
the quantization threshold of the 10-bit ratiometric Analog-toDigital Converter (ADC) in our chosen low-cost low-power
processing node (a Crossbow MicaZ). The transfer function
for a 1ppm signal (0.75μA) follows:
μA
R4
mV
mV
= 0.75
R3
≈ 3.5
ppm
ppm R3
ppm

(3)

For evaluation, we placed the QRAE and SewerSnort monitors in an airtight container and introduced a 10ppm H2 S gas
5 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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via a sealed injection tube. Figure 8 presents the measured gas
concentration in ppm. The figure shows that the measurement
results from our AFE are within 0.5ppm of the QRAE on
average – e.g. below the sensor element’s internal uncertainty.
B. 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 develop
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 signal strength of
the beacon messages.
In the experiments, we first tried to derive the values of
ACL and α(a,σ) in Equation (2) for 10m concrete pipes with
diameters of 1.5m and 1.8m. In order to estimate ACL and
α(a,σ) 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 0m to 10m, incrementing the
measure point by 0.5m. Each measure collects 20 RSSIs,
where every RSSI is averaged over a set of 500 samples.
Thus, every measure requires 10000 samples. We configure
the beacon to send out a beacon packet every 10ms, at the
highest transmission power of the MicaZ. Figure 10 and Figure
11 show results of linear regression using Equation (2).
After obtaining ACL and α(a,σ) for Equation (2), we
consider the mobility scenario of the SewerSnort drifter.
We mimic the mobility of a SewerSnort drifter by using
an Amigobot robot, a programmable, wirelessly controllable
mobile robot. The SewerSnort node is placed on top of the

Amigobot. We program the Amigobot to move from one end
to the other with a constant speed of 1m/s in a straight line.
A H2 S gas cylinder (10ppm) is placed 3.5m away from the
starting point. The overall scenario is summarized in Figure
9. In our experiment, there is no effect of wind or ventilation.
Figure 14 shows that the measured gas concentration starts
rapidly increasing around the 3.4m and then drastically decreasing after the 3.7m. This range includes the position
where we place the gas cylinder. The reason why we observe
lower concentration than 10ppm 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 denoise
the RSSI measurement data in Figure 12 and Figure 13.
We identify all local maxima Xmax (t) as X(t − 1) <
Xmax (t) > X(t + 1) and all local minima Xmin (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 connect all local maxima and all local minima
for the upper envelopeand for
the lower envelop respectively
n  3
3−i i
t . After the 4th
as follows: E(x) =
i=1 i Xi (1 − t)
iteration of sifting, we reach the termination condition. Figure
12 and Figure 13 show the final residue after denoising.
For the purpose of geo-tagging, we assume that SewerSnort
is drifting along the sewers at a constant speed. Note that
Equation (2) can be used to estimate distance using measured
RSSI data, but the resulting distance estimates over time
fluctuate; for instance, a drift may flow against the flow direction. Instead, we search for the drifter speed that minimizes
the errors between our linear model and the smoothed RSSI
values. For each direction, we start from the peak RSSI value.

In Figure 12 and Figure 13, we plot measured 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 experiment scenario (less than 5%
error). This meter-level accuracy may be sufficient for most
sewer gas monitoring scenarios. If an application requires
more accuracy, we need additional devices such as an inertial
navigation device and a probabilistic localization model, which
is part of our future work.
VI. R ELATED W ORK
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.
A. 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 cameras 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. [14] and KANTARO by
Ahrary et al. [1]. Mobile robot research in sewers has been
focused on localization using an internal map and feature
detection (e.g., manholes and inlets). Teichgräber et al. [33]
proposed SEK, a “cable-guided” floating inspection tool that
conducts 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 [31], [13]. PipeNet [31] 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 algorithm is applied to detect
and to locate the leaks. The IDEAS laboratory in Purdue
university used a wireless sensor network for developing a
system to prevent Combined Sewer Overflow (CSO) in South
Bend, IN [13]. The system transmits an alert alarm through
a wireless channel to facilitate automatic flow diversion when
the flow level reaches the threshold.
B. 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 longterm 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
recognition. 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 [19]. Unfortunately, landmark
detection in sewers experiences uncertainty with regard to
detection and identity. Bayesian models are typically used to
solve this problem using the conditional probability of the
estimated location with respect to the observation and to the
a priori probability distribution. Popular Bayesian methods
include Kalman filtering [20], Markov [8], and Particle filtering (or Monte Carlo localization) [7]. 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 [38]; and (2) the Hidden Markov model (used in
speech reorganization) will be used to find the trajectory that
minimizes the error [16].
VII. C ONCLUSION
This paper has presented an innovative sewer gas monitoring
system based on a floating, drifting embedded sensor platform,
the SewerSnort. Experiments based on a dry land robotic
emulator have demonstrated the feasibility of the system,
with extremely accurate gas readings aboard the float and
adequate location estimates (errors within 5% over hundreds
of meters). The results are encouraging and will stimulate
further research in the field. Besides deploying an in-situ sewer
experiment campaign, we plan to address new applications
such as measuring flow levels, detecting leaks and monitoring exceptional (if not illegal) dumps. Preventive metal pipe
maintenance will be assisted by the comparison of historical
gas readings with typical pipe decay. Finally, attention will go
to manhole beacons: localization accuracy will be investigated
under different beacon placement strategies, localization may
need to handle cases where a mobile node is not within the
range of any of the beacons due to a large distance between
manholes, and; manhole beacons will be equipped with storage
to track the float, for remote progress monitoring and for float
retrieval in case of mechanical failure.
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