Node-to-Node Field Calibration of Wireless Distributed Air Pollution Sensor

Network

Fadi Kizel', Yael Etzion!, Rakefet Shafran-Nathan!, Ilan Levy', Barak Fishbain', Alena

Bartonova?, David M. Broday!*

Faculty of Civil and Environmental Engineering, Technion - Israel Institute of Technology, Haifa,
32000, Israel

2Norwegian Institute for Air Research (NILU), Kjeller, Norway

Keywords: air pollution; distributed sensor network; chain calibration; field deployment of sensor

nodes; exposure

*Corresponding author:

David Broday, Environmental, Water and Agricultural Engineering, Faculty of Civil and
Environmental Engineering, Technion — Israel Institute of Technology, Israel

Tel: +972-4-829-3468

Fax: +972-4-822-8898

E-mail: dbroday@tx.technion.ac.il

10

11

12

13

15

16

17

18

19

20

21

22

23



Abstract

Low-cost air quality sensors offer high-resolution spatiotemporal measurements that can be used
for air resources management and exposure estimation. Yet, such sensors require frequent
calibration to provide reliable data, since even after a laboratory calibration they might not report
correct values when they are deployed in the field, due to interference with other pollutants, as a
result of sensitivity to environmental conditions and due to sensor aging and drift. Field calibration
has been suggested as a means for overcoming these limitations, with the common strategy
involving periodical collocations of the sensors at an air quality monitoring station. However, the
cost and complexity involved in relocating numerous sensor nodes back and forth, and the loss of
data during the repeated calibration periods make this strategy inefficient. This work examines an
alternative approach, a node-to-node (N2N) calibration, where only one sensor in each chain is
directly calibrated against the reference measurements and the rest of the sensors are calibrated
sequentially one against the other while they are deployed and collocated in pairs. The calibration
can be performed multiple times as a routine procedure. This procedure minimizes the total number
of sensor relocations, and enables calibration while simultaneously collecting data at the
deployment sites. We studied N2N chain calibration and the propagation of the calibration error
analytically, computationally and experimentally. The in-situ N2N calibration is shown to be
generic and applicable for different pollutants, sensing technologies, sensor platforms, chain
lengths, and sensor order within the chain. In particular, we show that chain calibration of three
nodes, each calibrated for a week, propagate calibration errors that are similar to those found in
direct field calibration. Hence, N2N calibration is shown to be suitable for calibration of distributed

sensor networks.
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Capsule
Node-to-node calibration is proposed as a general method for field calibration of wireless

distributed air-quality sensor networks.

Introduction

Air pollution is known to levy severe health effects and high risks for the public !, hence air
quality is regularly monitored in many regions worldwide. Regulatory air pollution monitoring is
mainly performed by stationary and routinely calibrated reference Air Quality Monitoring (AQM)
instruments, which measure the concentrations of different criteria pollutants, typically ozone (O3),
nitrogen oxides (NOx), carbon monoxide (CO), sulfur dioxide (SOz2), and particulate matter (PM).
While AQM stations provide reliable and accurate measurements, they are expensive to install and
to operate, and require professional maintenance and personnel. Therefore, the spatial distribution
of AQM stations is rather sparse. The use of geospatial interpolation or regression methods for
estimating ambient concentrations of (and exposure to) monitored pollutants away from the AQM
stations is a common procedure for bridging over the sparse spatial availability of the observations
48 Yet, such a mapping is significantly affected by the spatial distribution of the stations * and the
temporal resolution of the reported data, and may involve spatially biased model errors °. Such
model errors tend to propagate when concentration maps are used for, e.g., exposure estimation,
in particular in areas that are characterized by considerable spatiotemporal concentration
variability *12,

Recently, miniaturization of sensor technology has enabled deployment of multi-sensor

Micro Sensing Units (MSUs, hereinafter nodes) as part of Wireless Distributed Sensor Networks

(WDSNGs) for air quality measurements '3'°. Dense deployment of such sensor nodes can capture
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the spatiotemporal variability of urban air pollution and provide more reliable exposure and risk
estimates. Yet, these sensors have limited accuracy '°, tendency to degrade and age relatively fast
1718 and they suffer from severe interference by co-existing airborne pollutants and
meteorological parameters !> 2°. Many of these limitations are normally unaccounted for during
lab testing and calibration, which are performed in controlled chambers !>2% 2!, These limitations
call for frequent field calibrations under real environmental conditions, to assure reliable
measurements.

Field calibration of WDSN sensors has been studied using the so-called collocation
procedure, where the nodes are placed next to a standard AQM station and the time series recorded
by the sensors are regressed against the co-measured AQM data !> 16 1925, Specifically, this
approach relies on placing the sensor next to a reference device for a certain time-period, averaging
the rich sensor data to fit the lower sampling frequency of the reference device, and performing a
pairwise linear-regression between the sensor and the AQM datasets. The regression coefficients
are then used to correct the sensor measurements and make them follow the reference data.

Let y and x be the registered measurements by the reference device and by the WDSN

sensor, respectively. Assuming a linear relationship between y and x '%24,

y=a-x+f+e, (1)
where @ and [ are the slope and intercept of the linear model, respectively, and e is a vector of
the model errors, which are assumed to have a zero mean. Let & and S be the estimated
coefficients that are obtained using the collocation data. The calibrated measurements, X , are
given by:

X=a-x+p. (2)
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It is noteworthy that the length of the collocation period in which the sensors are adjacent to the
AQM station until a reliable calibration is obtained may vary, depending on the environmental

16.18,26.27 and the sensor technology 2! 2. Moreover, relocating the sensor nodes to the

conditions
AQM station for calibration is labor intensive, and for a WDSN with a large number of nodes can
become cumbersome. Frequent relocations of nodes to the AQM station for calibration involve
also loss of measurements until the sensors are returned to their prescribed deployment sites. As
such, this strategy counteracts the main advantage of the WDSN concept — richness and continuous
data.

A field calibration procedure that does not require collocation at an AQM station has been
suggested 2® for cases where the measurement errors comply with certain limitations. Yet, since
the sensors are calibrated against the mean reading of all the reporting WDSN nodes, they may
still provide values that do not conform with those measured by a reference device. For example,
if all the sensors have a systematic measurement error this method will come short of reporting
accurate concentrations 6.

We propose here an alternative strategy, designated node-to-node (N2N) calibration. The
idea is to employ chain calibration of the sensors in the field, with minimal interruption to the
continuous measurement and fewer hops of the nodes between their deployment sites and the
reference (AQM) site. Whereas N2N calibration is not limited to stationary nodes, for simplicity
we assume in the following WDSNs with stationary nodes. WDSN sensors require proactive
frequent calibrations, therefore a calibration procedure that involves a smaller number of
collocations at AQM stations is advantageous as it enables versatile calibration logistics.

Moreover, continuous measurement at the deployment sites guarantees little missing data and

better spatial and temporal analyses. Reducing the number of collocations is also cost effective
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and environmental friendly, since WDSNs may be deployed quite far from AQM stations, i.e. the
nodes may be closer to each other than to a distant AQM station.

Let AQM <—U, <=U, <= U, <—---<=U_, < U  represent a sequence of collocated nodes,
such that sensor U, is collocated next to an AQM instrument for a period T. Then it is relocated
and collocated with sensor U, (during a non-overlapping period T). Next, sensor U, is relocated
and collocated with sensor U, (during a non-overlapping period T), etc. Finally, the last sensor U,
is collocated next to sensor U, ,. At this stage, sensor U, can be N2N calibrated against the AQM

data. Yet, the process can end also by relocating sensor U, to the AQM station, such that the N2N

calibration process can be evaluated. Namely, the N2N calibration procedure proposes that all the

Sensors {ul ,U,,--, u,} are calibrated one against the other in a sequential manner, with all of them

(but u, ) not collocated at the AQM station. In fact, N2N calibration has been suggested before but

its mathematical model for stationary nodes was developed only for two sequential sensor pairings
2729 Similarly, N2N calibration of mobile sensors was also suggested by pairing events, inherent
for roaming sensors mounted on vehicles '¥, using Geometric Mean Regression (GMR) to reduce
the propagation of the calibration error relative to Ordinary Least Squares (OLS) regression.
However, the study accounted only for the slope and disregarded the effect of the intercept on the
accumulated calibration error.

Here, we study N2N calibration of stationary sensors both analytically, computationally,
and experimentally, demonstrating the effect of the number and order of the nodes on the
propagation of calibration coefficient errors (slope and intercept) and the overall calibration
uncertainty. We present a detailed derivation of chain calibration equations and of the respective

error propagation, followed by computational results that confirm the analytical derivation and
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reveal certain limitations of the process. Next, experimental results of WDSN nodes that were first
collocated at an AQM station and then deployed in the field are presented, and the N2N calibration
process and the propagation of calibration errors throughout the network are demonstrated. We

conclude by discussing the suitability of the method for field calibration of air quality WDSNSs.

Methods

Theoretical aspects of node-to-node calibration

Let sensor u, be collocated next to an AQM reference device for a time-period Ti and let sensor
U, be collocated next to sensor u, for a consecutive time-period T2 that does not overlap with Ti
(Fig. 1). Assuming linear relationships between the sensors’ and the AQM station data, the N2N

calibration process implies that for any pollutant we can obtain the calibrated measurements, X, ,

of sensor Uz by applying Eq. (2) sequentially. Namely, by performing a sequence of sensor-to-

sensor calibration we can first obtain X , i.e. calibration of the raw data from sensor Ui against

AQM <1
the reference AQM data,

< s 5 3

Eomaex 3)

and then use the calibrated sensor to indirectly calibrate sensor Uz to the reference AQM records,

by calibrating it to Ui while they are collocated,
X, =0 '1§2+ﬁ1 = '(dz ‘X, +ﬂz)+ﬂ1 :(&1 'dz)'xz +(d1 b +ﬂ1) : “4)
Clearly, a similar chain calibration can be applied for longer sensor sequences. For example, for a

chain of three sensors that are calibrated against each other during non-overlapping time-periods

with only one sensor collocated next to a reference device, the equivalent expression is
X; =0 (0!2 (as X; +ﬂ3)+ﬂ2)+ﬂ1 = (al ", 'a3) X; +(a1 - Pyta +ﬂ1) :
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)

This expression can be easily generalized to a sequence of N sensors in a row, with the calibrated

measurements of the nth sensor, X, , being

:, =(Hajx+2([Hajﬂj+ﬂ - ©)

Due to the linear nature of the process, Eq. (6) reveals that the order of the sensors in the calibration
sequence is unimportant. In a more concise writing, the linear regression of Un against the AQM

data can be written as

X, = a ‘X, + ﬁ , (7)

AQM<n AQM«n

where

=}

>

IS}
Il

i (8)

AQM«n

Il
UN

and

AQ:gA zzn:(( f_ dij'ﬁjJ+ﬁAl . )

It is noteworthy that Qo? depends on all the estimated sensor-to-sensor regression slopes, &,
AQM<«—n

and that the intercept, ,5’ , is affected both by the slopes, &;, (‘except for &, ) and the intercepts,
AQM«n

A

p.. Consequently, the estimation errors of the regression coefficients of each sensor in the

calibration chain propagate throughout the N2N calibration procedure and accumulate in the
overall calibration error. Yet, as will be demonstrated, by carefully tracking the propagation of the
calibration errors throughout the N2N calibration it may be possible to detect the failure of specific

SENSOors.
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Calibration Sensor _ Assessment Deployment
process relocation process location i

Figure 1. Schematic representation of the N2N calibration process. In blue are the sensors’ initial
deployment locations. Black dashed arrows represent sequential relocations of the sensor nodes,
with time progressing from left to right and with each dashed line representing a non-overlapping
period of T days (for practical reason, T, =T ). Blue arrows represent node-to-AQM or N2N
calibrations, with time progressing from left to right and with each arrow representing a new
calibration period. Collocation sites are designated by boxes. The double headed red arrow

represents the first T-days period following the current n*T days sequence length, where both

evaluation of the N2N calibration and analysis of the propagation of the calibration errors can be
performed, and correction measures can be applied by re-calibrating the nth sensor. This sensor

serves as the first calibrated sensor in a new calibration sequence.

Error propagation in N2N calibration

Let s i , S5, and S, ; be the variance and covariance of the calibration coefficients ¢, and ,3,

B

between sensors u; and u, , (where u,is the reference AQM sensor). For simplicity, we designate
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a= & and f= [ . According to the error propagation theorem 3, the errors of these
AQM«n AQM<n

calibration coefficients are given by

A 2 n S 2 n A A
Sy eyt (10
w\oa ) “ F\op) M F\og op

_ N 8_322 . 5,322 . a_ﬁa_'é
g R g g g

w
Il

7
|

Using Egs. (8) and (9) for calculating the partial derivatives of & and ,5’ (see details in the
electronic Supporting Information) and assuming that they are uncorrelated (e.g. S, ; =0, see

justification below), the calibration error of any measurement by sensor Un, i.e. which accompanies

Eq. (7), is

2
6)2 ’ 2 8)2 2 2 2 2
S, = LS+ Ll s, = /x S.+5S5 , 12
Xn \/(6&) a [aﬂ} ﬂ n “a ﬁ ( )

where X, is an element of x_ . The normalized calibration error is

2.2 2 2

S X2s; +5) s2

s _ X _ n “a s 2 ]
5, = _\/—2 _\/s‘ﬁ—2 . (13)

n

Due to having X. in the denominator of Eq. (13), the normalized calibration error has a lower

bound ( lim §; =s, ) butitis unbounded for very low Xn. Thus, in general, low measurements (Xn)

Xy —>0
are expected to show higher normalized calibration errors. Moreover, Egs. (10)-(13) suggest that

the overall calibration error increases with the length of the calibration sequence.
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Computational calculation of the propagation of calibration errors

To examine the theoretical predictions (Eq. 13), we used half hourly O3 concentrations measured
during 14 days in winter 2014 by 16 collocated sensor nodes (Elm, Perkin Elmer, USA; see sensor
specifications in the SI), and calculated the linear regression coefficients between each pair of

sensors (120 pairs in total). The negligible mean covariance between the slope and the intercept,

g =—0.04 £ 0.03, supports our assumption to ignore it in Eq. (12). Starting with a single pair

of sensors (i.e. a chain length of one), we simulated adding one sensor at a time and generating
sensor sequences of increasing lengths, from one and up to 20 sensors. To simulate the N2N
calibration process, the sensor sequence was developed by drawing a random pair from all the
permissible possibilities, accounting for the last sensor that has been added but allowing the use
of sensors more than once throughout the calibration process (as will be demonstrated in the field
study, Fig. S1). To avoid a possible selection bias, construction of the calibration chains was
repeated 10 times, creating 10 different sequences for each sensor-chain length. The regression
coefficients between each pair in the sequence were used for calculating the normalized calibration
error, Eq. (13), as sensors were added to the chains.

As derived theoretically, the normalized calibration error is larger for lower concentrations,

X, , regardless of the sensor sequence length, and it increases with the sensor sequence length (Fig.

2) and can attain large values for long chains. However, this can be circumvented by avoiding long
calibration chains and/or by using better sensors (e.g. super-nodes), since the rate at which the
calibration errors accumulate depend on the performance of individual sensors. In general, more
accurate sensors enable maintaining longer calibration chains before the error exceeds a preset

threshold.
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STD(%)
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Length of N2N sequence (number of nodes) 234

Figure 2. Normalized calibration errors (Eq. 13) of N2N calibration as a function of the length of 235
the sensor sequence. The curves represent average results of 10 chains for which the concentration 236

reported by the last sensor to be added, X, is as noted. The color of the dots represents the STD 237

of the 10 chains (of the same length and X, ). 238

239
Experimental design 240
Study area 241

To evaluate the N2N calibration procedure (Fig. 1), air quality measurements were conducted in 242
the Neve Shaanan neighborhood and at the Atzmaut downtown area of the Mediterranean coastal 243
city of Haifa, Israel (Fig. 3). Collocation measurements were performed at two AQM stations, 244
located in two different yet typical urban microenvironments. The Neve Shaanan (NSH) AQM 245
station is located in a planar residential area on the northeastern slop of Mount Carmel, about 200 246
m a.s.l. A major road crosses the neighborhood and connects the northeastern and southwestern 247
slopes of the Carmel Ridge, passing through the Ziv junction - a small yet busy neighborhood 248

commercial area. The mean traffic volume in the neighborhood during the day ranges from 300 249

12



vehicles h'! in quiet roads and up to 2000 vehicles h™! in the neighborhood main artery. The
Atzmaut (ATZ) AQM station is a roadside (e.g. transportation affected) site, located in a
downtown commercial area near the Haifa harbor and train station. The mean daytime traffic

volume in its vicinity is ~3000 vehicles h™!.

750

Atzmaut ,-\QR-I

Haifa

Neve Shaanan AQM% 3
4

Mediterranean Sea

740
T4

Figure 3. Study area, with the Neve Shaanan and Atzmaut AQM stations (marked by triangles)

and the Neve Shaanan neighborhood (marked by a red polygon).

Sensor technologies

Two ambient pollutants were studied: NO (a primary pollutant emitted in urban areas mainly by
traffic) and O3 (a secondary pollutant). The measurements of these pollutants were performed by
distinct sensor technologies and platforms. Namely, ambient O3 concentrations were measured
using metal oxide (MO) sensors (Aeroqual, New Zealand) mounted in Elm nodes (Perkin Elmer,
USA) ' whereas NO concentrations were measured using electrochemical (EC) sensors

(AlphaSense, UK) mounted in AQMesh pods (Geotech, UK) '° (see the SI for additional sensor
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specifications). Data were recorded every 30 min (O3) and 15 min (NO) by the two WDSN arrays

(Table 1).
Table 1. Details of the collocation campaigns.
Sensor type
Experiment*  Pollutant Sensor ID AQM station Collocation period
& platform’
Set 1 O3 MO (PE) 414,422,624,626  Neve Shaanan  (29/04/14) — (28/05/14)
Set 2 O3 MO (PE) 418, 621, 620 Neve Shaanan  (09/06/14) — (10/07/14)
Set 3 NO EC (GT) 135, 136, 468 Atzmaut (03/02/15) — (26/02/15)
Set 4 NO EC (GT) 220, 465, 471 Atzmaut (27/02/15) — (28/04/15)

266

267

268

269

* Sensor data in Sets 1 & 2 were re-sampled from the original time resolution (15 min) to the AQM time resolution (30 min). AQMZ2(d10

in Sets 3 & 4 were re-sampled from the original time resolution (5 min) to the sensor time resolution (15 min).

T MO — metal oxide, EC — electrochemical, PE - Perkin Elmer (USA), GT — Geotech (UK)

Calibration period
It has been shown !© that convergence of the estimated regression coefficients requires a minimum

calibration period. Let t, be the number of collocation days needed until convergence of the

calibration coefficients is attained, T be the actual number of days of sensor collocations, and 7
be the number of days a sensor can operate reliably between consecutive calibrations. Assuming

t. and 7 to be constant (i.e. not to change from collocation to collocation or among seasons), the
N2N calibration (Fig. 1) can be applied for a sequence length of n=7/T sensors before re-
collocation at the AQM station of one of the nodes. Both 7 and t; are sensor characteristics that

depend on the quality of the sensors and their sensitivity to the measurement conditions (physical

environment, meteorology, etc.) '¢!%2°, On the other hand, T can be arbitrary as long as T >1..
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Clearly, smaller T values enable longer chain sequences, n. It is noteworthy that according to the
N2N calibration scheme (Fig. 1), each sensor is relocated and calibrated only once in 7 days.
Moreover, applying a continuous N2N calibration, each sensor will be eventually collocated at the
AQM station once in nN-z days (for a period of T days) and directly calibrated against data
collected by the AQM reference instrument. Since 7depends on the sensor technology and
environmental conditions, it must be carefully assessed as part of the calibration scheme. Based

on our previous work 620

, a conservative estimate of 7 for both the O3 and NO sensors used in
this study is six weeks (based on continuous sensor monitoring for up to five months and
accounting solely for sensor aging).

The minimum number of collocation days needed for reliable calibration of a given sensor

type, t., was determined based on the convergence of the calibration coefficients and of the

regression goodness of fit (coefficient of determination, R?). We calculated the linear regression
(Eq. 2) based on an increasing number of records, taking 24 h (i.e. daily) incremental steps as
practical time steps of a field calibration procedure. Specifically, each additional calibration day
added 48 (O3) or 96 (NO) data points. The actual number of collocation days for a given sensor
type, T, was set as the fixed (protocol) period for field calibration of all the sensors of this type
throughout the study, both against the reference AQM device and against each other. Due to
practical reasons, we applied a common T that was suitable for both sensor technologies, as
explained below. Initially, all the sensor nodes were collocated at the AQM stations (Table 1),

enabling easy assessment of the required calibration period.
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N2N chain calibration

N2N chain calibration was studied using two experimental designs: with the nodes collocated
solely at the two AQM stations and while they were deployed as an operative WDSN in the Neve
Shaanan study area. In the former, we used data from Sets 1-4 (Table 1), where the sensors were
next to the NSH or AZT AQM stations. Two scenarios were examined for each Set, with the same
sensor in each scenario calibrated using three sensor chains (sequences) of different lengths: a
direct calibration of the sensor against the AQM device and indirect calibration through one or two
intermediate sensors. Based on our results, we set the number of collocation days used for
calibration, T, for both sensor-to-AQM and sensor-to-sensor for one week. The calibration error
was calculated for each of the above sequences by comparing the calibrated data of the last sensor
in the chain against the AQM reference data, using records that were not used for the N2N
calibration. This design enabled us to compare direct calibration and N2N calibration under
identical environmental conditions and time-periods, i.e. with minimal uncertainty. Moreover, this
design enabled evaluation of N2N calibration for a varying length of the sensor chains, and thus
to compare the actual propagation of the calibration errors with the computational predictions (Fig.
2).

In the second experimental design, we tested N2N calibration under real deployment
conditions against data from an AQM reference device, using five Elm nodes deployed across the
Neve Shaanan neighborhood, Haifa, between 29/4-29/7, 2014 (with only one node initially
collocated at the AQM station, Figs. 1 and S1). The dynamic deployment plan of the O3 sensors
enabled us to study two N2N calibration sequences (see SI and Fig. S1). Data collected by the last
sensor in the sequence were calibrated by means of the N2N calibration procedure (Eq. 6) and

compared to the measurements of the AQM device, such that the performance of the N2N
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calibration process could be assessed. In addition, the measurements of this sensor passed also an
independent (i.e. direct) calibration against the AQM data (Eq. 2), enabling the onset of a new
N2N calibration chain with this node as the first node. To evaluate the accuracy and precision of

N2N calibration we examined the residuals, &,

9C% o

g =X-Yy, (14)

and the normalized calibration error, &; (k) / y ( k) , of data points that were not used for calibration.

The statistics used for evaluating the N2N calibration are detailed in the electronic Supporting

Information.

Results and discussion
Calibration period

Data from Sets 1-4 (Table 1) were used for determining the required collocation period, based on
the convergence of &, ,5’ and R? against the calibration period length (Figs. S2 and S3). For the
O3 sensors, convergence of R? is apparent after seven days whereas for the NO sensors,
convergence of R? is apparent after two days. As seen, the convergence of the slope, & , is faster
than that of the intercept, ,5’ . It is also noteworthy that the slope of O3 sensor 626 (Set 1, Fig. S2)

drifted over time due to the sensor being faulty and not due to a change in the environmental
conditions, as the other sensors did not show a similar pattern. Based on these results, the sensors’
operational calibration duration, T, was set to be one week for all the sensors (this decision reflects,
in part, practical and convenience considerations). This calibration duration applied for both direct

calibration of the sensors against the AQM device and the N2N (sensor-to-sensor) calibration.
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Individual sensor performance

Figures 4 and S4 depict scatter plots of directly calibrated (X ) and AQM (y ) measurements, and

histograms of the normalized calibration errors. Apart from O3 sensor 626 (Set 1), all the sensors

showed an almost zero mean calibration error. Since the mean absolute error (MAE) of sensor 626

(MAE,,, =5 ppb) was higher than the average MAE of the other O3 sensors in Set 1 (MAE =2.7
ppb) while its standard deviation (SD,,,; .,, =4.1 ppb) was similar to the average SD,,; of the

other sensors in Set 1 (S_DMAE =3.5 ppb), sensor 626 is clearly inaccurate, as was already noted.
This analysis shows how a careful examination of the WDSN data can be used to identify faulty
sensors and, therefore, to reduce the propagation of measurement errors throughout the N2N
calibration process, by avoiding their use.

As a contrary example, measured NO concentrations in Set 4 ranged between zero and
about 500 ppb (Fig. S4) and showed a considerably higher standard deviation than in Set 3 (Fig.

4). However, the average of the mean absolute normalized error, which is blind to the magnitude
of the measurement, is similar for Sets 3 and 4 (MAnE =26% and 21.3%, respectively), and the

SDwase of these sets is 35% and 30%, respectively. Hence, it seems that the NO sensors performed
well during Set 4 measurements and that the higher NO concentrations measured in Set 4 (0-500
ppb) relative to Set 3 (0-300 ppb) were reliable.

Thus, we demonstrated for two pollutants (O3 and NO), two sensor technologies (MO and
EC) and two platforms (Elm and AQMesh) that pooled analysis of calibrated sensor data, collected
by relatively low-cost sensors under common ambient pollutant levels, can be used for assessing

the reliability and performance of individual sensors.
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Figure 4. Scatter plots of directly calibrated O3 measurements by the Elm nodes (Set 1) against
Neve Shaanan AQM O3 data (a), and of directly calibrated NO measurements by the AQMesh
nodes (Set 3) against Atzmaut AQM NO data (b). The lower row presents the corresponding

histograms of the normalized calibration errors for O3 (¢) and NO (d).

Sensor Calibration Stability

Without continuous calibration the quality of the concentrations reported by the sensors will
quickly deteriorate, deeming the WDSN untrusty. In particular, use of erroneous sensor data for
air resources management, environmental epidemiology studies, or citizen engagement may bias
the estimated exposure and/or raise unwarranted public concerns. For a calibration procedure to
be effective, it should be stable for long time-periods, thus avoiding the need for a frequent
calibration duty-cycle. In practice, however, the stability of the calibration coefficients is limited
and they may change due to varying environmental conditions '® 18-20: 24 [n fact, calibration
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consistency is a problem also of standard monitoring equipment, and AQM operation guidelines
respond to this by requiring frequent automated checks of the monitoring equipment. For example,
the USEPA guidelines require that Level 1 zero and span checks will be performed every two
weeks, and AQM stations in Israel do this automatically on a weekly basis. Similarly, detection of
changes in the sensor calibration coefficients can be achieved by regular surveillance of the
records, as part of a quality assurance/quality control procedure.

Here, we report the stability of the calibration coefficients of four sensors that have been
collocated next to an AQM station for a week (time period I), deployed in another location (time
period II), and then re-collocated at the same AQM station for yet two more weeks (time period
IIT) (Table 2). Calibration coefficients for each sensor were estimated based on measurements from
the first period and from the first week of the third period. The two sets of calibration coefficients
were applied to raw measurements from the second week of period III, and the calibrated records
were evaluated against the AQM measurements from this period. Figure S5 depicts scatter plots
of the pre-calibrated and the calibrated measurements, and histograms of the normalized
calibration errors. Table 2 reveals that calibrations based on more recent data (i.e. from the first
week of period III) were more accurate, showing considerably smaller node-specific calibration
errors. Specifically, both the MAE and MAnE increased by a factor of ~3(x1.5) over a course of
six weeks, and Figure S5 and Table 2 show that the calibrations of sensors 414 and 626 were less
stable than of sensors 624 and 625. In fact, this is unfortunate since, by chance, the former two
sensors were involved in more re-locations during the evaluation of the N2N calibration procedure

in this study.
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Table 2. Mean absolute error (MAE) and mean absolute normalized error (MAnE) of calibrated

O3 sensor measurements and AQM data from the second week of period III (16-22/7, 2014),

based on calibrations using measurements from period I (22/5-28/5, 2014) or from the first week

of period III (9-15/7, 2014).

MAE (ppb) MAnRE (%)
Calibration Calibration Calibration Calibration
based on based on based on based on
collocation collocation in | collocation in  collocation in
Sensor # | in period I period IIT period I period IIT
414 55 1.9 13.2 4.8
624 3.1 1.6 7.3 3.9
625 2.8 1.3 6.7 33
626 6.8 1.3 17.7 34

Evaluation of Node-to-Node Calibration

Collocated nodes

The MAE and MAnRE of all the N2N calibration sequences are summarized in Table 3. Together,

Table 3 and Figs. S6 and S7 show that N2N calibration (with up to two intermediate nodes) did

not propagate considerable calibration errors (MAE <3.6 ppb and <16.1 ppb for O3 and NO,

respectively, MAnE <7.9% and <27.6% for O3 and NO, respectively) relative to direct calibration

MAE <2.9 ppb and <16.2 ppb for O3 and NO, respectively, MAnE <7.6% and <26% for Oz and
pp pp p y

NO, respectively). It is noteworthy (although anecdotal) that in some cases (e.g. Set:scenario 1:2

and 4:2, Table 3) the N2N calibration with two intermediate nodes performed even better than the

direct calibration. Furthermore, for the small number of nodes (<3) for which we could test the
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theoretical N2N calibration predictions, the experimental results of the collocation setup showed

only limited sensitivity to the length of the calibration chain (Tables S1 and S2 in the SI show the

effects of the N2N sequence length on the calibration parameters, & and ﬁ ).

Table 3. MAE (ppb) and MAnE (%) of direct and N2N calibrations in the collocation

experiments. (The statistics are detailed in the SI).

MAE (MAnE)
N2N calibration N2N calibration
Experiment Direct
with one with two
calibration
intermediate node intermediate nodes

Scenario 1 (Fig. S4a) 2.4 (7.6) 2.3(6.9) 2.4(7.4)
Set 1

Scenario 2 (Fig. S5a) 2.4 (7.6) 1.9 (5.8) 2.0(6.2)

Scenario 1 (Fig. S4c) 2.9 (6.8) 3.1(7.1) 3.6 (7.9)
Set 2

Scenario 2 (Fig. S5¢) | 2.9 (6.8) 2.9 (6.8) 3.1(6.9)

Scenario 1 (Fig. S4b) | 5.0 (26.0) 5.4 (26.1) 5.2 (25.7)
Set 3

Scenario 2 (Fig. S5b) | 5.0 (26.0) 6.1 (26.6) 5.6 (26.5)

Scenario 1 (Fig. S4d) | 15.7 (21.4) 16.1 (26.9) 16.1 (27.6)
Set 4

Scenario 2 (Fig. S5d) | 16.2 (21.1) 15.2 (23.4) 15.2 (22.9)

Field Deployment

To test N2N calibration under real urban deployment conditions, we used five O3 sensors mounted

on Elm nodes to build two N2N calibration sequences of length n =3 (Fig. S1), and compared

their results to that of the direct calibration (Fig. 5 and Table 4). Differences of MAE <2.4 ppb

(MANE <5.7%) between N2N calibration with two intermediate nodes and direct calibration were

22

424

425

426

427

428

429

430

431

432

433

434

435

436



evident. The corresponding differences in the collocation setup (Set 1 and 2, Table 3) were MAE
<0.7 ppb and MAnE <1.4%. Namely, for a chains of n=3 O3 sensors the differences in both MAE
and MAnE between in-situ N2N calibrations (Table 4) and the corresponding direct calibrations
(i.e. during collocation at the AQM station; Table 3) are larger by a factor of about 3. Hence, while
N2N chain calibration can be applied for in situ calibration of deployed WDSN nodes, it does
propagate calibration errors that limit its accuracy for long chains, as was shown also in Fig. 2 (and
in contrast to the results of our collocation experiment). Clearly, firmer conclusions require further
testing on a larger scale. In part, our results represent the quality of the sensors used in this study
(see Sensor Technologies), which affects the minimal collocation period required for reliable
calibration (tc) and the maximal time-period between consecutive calibrations (7). With better
sensors the general properties of the N2N calibration will still be valid (e.g. its dependence on the
quality of individual sensors and on the length of the sensor sequence in the calibration chain) but
our specific results (tc, 7, max n before the normalized calibration error is larger than, e.g., 30%,

etc.) may change .
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Figure 5. Evaluation of direct and N2N calibration of O3 Elm sensors 626 (left) and 414 (right)
against AQM NSH Os data. Panels (a) and (b) present the scatter plots, and panels (c) and (d)
present the histograms of the normalized residual errors. Black: uncalibrated data, red: directly
calibrated data based on collocation during the 4" week of the experiment (see text), blue: N2N
calibration with two intermediate nodes, calibration based on paired measurements from the first
three weeks of the experiment and evaluation based on data from the 4™ week, each pair of sensors

was collocated for one week in a different location (see Fig. S1).

24

452
453

454

455

456

457

458

459

460



Table 4. MAE (ppb) and MAnE (%) of direct and N2N chain calibrations of MO O3 sensors
mounted in WDSN nodes that were deployed in the Neve Shaanan urban neighborhood between

29/4-29/7, 2014 (Figs. 3 and S1).

MAE (ppb) MAnRE (%)
N2N calibration N2N calibration
Direct Direct
with two with two
calibration calibration
intermediate nodes intermediate nodes
Scenario 1 1.4 3.8 34 9.1
Scenario 2 1.9 2.6 4.7 6.9

In-situ N2N chain calibration has few limitations. First, if nodes are moved around
deployment sites the continuity of their measurements is interrupted, yet this is also true for
calibration by collocation at an AQM station. Second, N2N calibration involves accumulation of
calibration errors that may result in a considerable overall calibration error as the length of the
sensor chain increases. Nonetheless, using relatively short chains (in our case N<3) enables N2N
calibration with manageable calibration errors. In practice, this means that a large WDSN will
require a considerable number of extra nodes to enable reliable N2N calibration. Based on our
results, it seems that ~30% nodes in excess of the number of deployment sites are required for
maintaining the N2N calibration process. Alternatively, instead of using identical nodes a
dedicated set of high-quality nodes (“super nodes”) can be used for the N2N calibration, i.e. using
the super-nodes as roaming nodes. The analytical derivation of the propagation of the calibration
error suggests that using such high-end nodes will reduce the overall calibration error as a result

of (a) reducing the error of any individual calibration (due to the improved sensor performance),
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and (b) limiting the calibration chain to n=2 (with n=1 being the super-node). Whereas super-nodes
will cost more than simple WDSN nodes, their own calibration against the AQM reference device
will last longer and enable numerous pairings of the super-node and regular nodes between

consecutive calibrations of the super-node (i.e. a larger 7).

Conclusions

We studied N2N chain calibration of WDSN sensors analytically, numerically and experimentally,
and confirmed that after collocation at an AQM station convergence of the slope, intercept, and
goodness of fit of the linear calibration is attained, in agreement with 6. The theoretical results
revealed that the length of the sensor sequence that can be used for N2N calibration strongly
depend on the performance of individual sensors, as well as on the measured concentrations. In
particular, the higher the ambient concentrations the more accurate the sensors are and the longer
the chain that can be applied for N2N calibration while the accumulated calibration errors are still
low, in accordance with !°. This suggests that WDSN for air quality measurements will perform
better in traffic-affected inner-city sites 2°, in more polluted geographical regions (e.g. megapolises
in India, China, Pakistan, Nigeria, Bangladesh, etc.), and when ambient pollutant levels span a
decent range that enables reliable calibration.

The experimental evaluation of N2N calibration was performed using two study designs:
with the measurements collected during collocation of the nodes at AQM stations, and with the
measurements collected while the nodes were deployed in an urban neighborhood, imitating an
operational WDSN. We showed that a N2N calibration of individual sensors is possible, and that
when the calibration is performed while the sensors are collocated at the AQM station the N2N

calibration is comparable to a direct calibration. Yet, a N2N calibration during collocation has no
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real merit and it was examined only to gain better understanding of the propagation of calibration
errors throughout the in-situ N2N calibration process. In general, the flexibility of N2N calibration
enables more frequent calibrations of sensors that require it although, for practical reasons, we
applied a uniform calibration period (T =7 days) throughout the study. It is noteworthy that with
current sensor technology, sensor performance must be monitored continuously on a sensor-by-
sensor (rather than on a batch-by-batch) basis.

Owing to the sensor sensitivity to varying environmental conditions and to aging (drift),
WDSN calibration is a major obstacle to their deployment and use. We believe that the N2N
calibration scheme can provide a reasonable solution to the required frequent calibrations of
WDSN nodes. We were able to test N2N calibration chains of up to three sensors, i.e. an overall
calibration period of 3 weeks, which for the sensors we used is about half of the calibration
persistence (7 ~6 weeks). While future improvements in sensor technology may spare the need for
frequent calibrations, in the meantime in-situ N2N field calibration can support the spread of

WDSN technology for air pollution surveillance.
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