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This document describes Smartline sensor data available to researchers with secure access permission, including:

1) The Smartline sensor datasets, including utility usage and environmental parameters, recorded in 279 properties, ~5-minute intervals. Data are divided into the individual datasets provided, each representing a unique combination of sensor identity and property reference. These datasets span from each sensor’s installation date at the property specified, with the earliest commencing in 2017, and finish at the end of March 2023, or sooner in cases where participating households left the project, the sensor developed a fault, or the sensor was removed.
2) A metadata file containing additional data for each property. 
3) A missingness file showing the temporal coverage of each sensor.

Filenames are in the following format:

· smartline_{HomeID}_{SensorID}.csv: Individual sensor data files, where {HomeID} is a 4-digit property reference, and {SensorID} consists of 1 or 2 letters indicating the type of sensor (see table 3) followed by a 4-digit sensor reference. All reference numbers are unique to this study.

· smartline_sensor_metadata.csv: Metadata file containing specific information about each home for which sensor data is provided.

· smartline_sensor_missingness.csv: Percentage temporal coverage for each sensor during each month of the project.

In Section 2 we introduce the Smartline project, as part of which the sensor data were collected. In Section 3 we describe the study location, the participants, and the homes involved in the study. Section 4 gives an overview of the different sensor types deployed and parameters recorded, followed by technical details for each sensor.  Section 5 provides details of the data files. Section 6 provides a description of faults specific to certain sensor types, and our suggestions for handling these faults where they are retained in the published data. We then describe the missingness file, showing the temporal coverage of sensors, which can be used to facilitate selection of specific sensors or date ranges to suit certain research questions. 
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[bookmark: _Ref129079539][bookmark: _Ref129079585][bookmark: _Ref129079600][bookmark: _Toc140055017]	The Smartline Project

More than 300 households were recruited in 2017 to take part in the Smartline project to provide data on health, wellbeing, community, indoor environment and utility usages. The overarching aim of the project was to explore and trial opportunities for technology to support people to live healthier and happier lives in their homes and communities. 329 households completed survey questionnaires and 279 opted to have sensors installed.  The network of sensors, from which the accompanying data derive, provide opportunities to gain insight in to existing utility usage and environmental conditions in homes. Surveys of participating households were undertaken at several points in the project and linked to sensor data, enabling better exploration of the everyday human lives behind the sensor data.  Many of the sensors have recorded data spanning more than 5 years, capturing regular patterns resulting from participants daily routines, seasonal climatic variation, and local weather activity. Unexpected events such as the Covid-19 pandemic, cost of living crisis, and a record summer heatwave all fall within the timeframe of the sensor data. 
	Using these sensor data alongside participant surveys, we have investigated the effects of smoking and vaping on indoor air quality (Johnes et al., 2023), and shown increased risk of asthma when there is visible mould or a mouldy odour in the home (Moses et al., 2019) Smartline research has also shown that volatile organic compounds (e.g., from cleaning products) are associated with an increased risk of asthma (Paterson et al., 2021). A lab-based model of mould growth was adapted to be able to identify mould from relative humidity and temperature in these noisier domestic environments (Menneer et al., 2022). We found that a colder home is associated with greater mental health risks, and made associated recommendations for more flexible fuel poverty measurements as those with certain conditions and with disabilities may be particularly sensitive to cold exposure (Tu et al., 2022). Additional work suggested that social cohesion was only found to be significantly associated with higher mental wellbeing, not physical or mental health-related quality of life (Long et al., 2022; Williams et al., 2020). We have also detected evidence for compliant behavioural change in the electricity and water usage data during the COVID-19 lockdown periods in the UK (Menneer et al., 2021). We also found that temperature data differed across different Smartline personas, data-driven groups of similar individuals to capture the range of characteristics in the cohort (Williams et al., 2021).

[bookmark: _Toc140055018]Project Partners

The Smartline project (www.smartline.org.uk) was a partnership between University of Exeter, Coastline Housing, Volunteer Cornwall, Cornwall Council, and the South West Academic Health Science Network. Coastline Housing Ltd. is an independent not-for-profit housing association owning and managing over 4500 homes in Cornwall, including the 300+ homes participating in Smartline. Coastline is interested in research to improve home management and support their customers’ needs. Cornwall Council is interested in housing-related public health, such as indoor air quality. Volunteer Cornwall is interested in developing community-based projects, such as green spaces, low-impact exercise classes, and IT training groups, all of which could benefit from Smartline participant feedback. The South West Academic Health Science Network is interested in facilitating and supporting communication of results from regional scientific research, such as Smartline, to other interested organisations and networks.

[bookmark: _Toc140055019]Infrastructure Providers

Technical infrastructure design, installation, and maintenance involved several contracted providers. Invisible Systems Ltd (www.invisible-systems.com) were responsible for designing, manufacturing, and repairing the sensors. They also provided cloud-based storage and presentations of the data through their Realtime-Online server, API access for the Smartline Dashboard (Buckingham et al., 2022), and data files via FTP. Blue Flame Ltd (www.blueflameheat.co.uk) were responsible for installing and maintaining the sensors. They also maintained diligent records of home visits for sensor installations and maintenance, which has facilitated cleaning of the sensor dataset. 
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Participating properties were located within the towns of Camborne (50.213°N 5.300°W), Pool (50.228°N 5.266°W), Illogan (50.250°N 5.268°W), and Redruth (50.233°N 5.224°W) in West Cornwall, UK (See Figure 1). Distance between properties varied, with the nearest being immediate neighbours, and the most distant being up to 7km apart. Properties were located at an altitude of 70m to 170m.
	The local climate is oceanic, with the surrounding seas buffering temperature extremes and contributing to relatively mild winters, cool summers, high rainfall, and strong winds compared to other regions in the UK. The Met Office weather station (50.218°N, -5.330°W, https://www.metoffice.gov.uk/research/climate/maps-and-data/uk-climate-averages/gbujwtyv1) in Camborne provides long term local data for temperature, rainfall, and wind-speed, applicable to our study site.  Additionally, the Met Office’s UK Climate Projections User Interface (https://ukclimateprojections-ui.metoffice.gov.uk/ui/home) provides historic and projected climate data, with options to access averages taken over different temporal levels (monthly, seasonally, and annually) and geographical levels (1/5/12/25/60km squares, regions, countries, and whole UK). 
Example data from these sources shows that in our study site from 1991-2020, the warmest month was August with an average high temperature of 18.97°C (England average 20.85°C), whilst the coldest month was February with an average low temperature of 4.6°C (England average 1.53°C). Annual rainfall averaged 1,277.34mm (England average 869.59mm) and wind speed averaged 10.70mph (England average 9.59mph). Over the same period, relative humidity (RH) across our study area was 83.7% compared to the England average of 81.8%. Notably, these example climate data are indicative of conditions that researchers within Smartline have found to increase the likelihood of mould growth occurring inside homes (Menneer et al., 2022), and shown how mould growth in the homes studied compare to similar homes located elsewhere in the country (Tu et al., 2022). The sensor data included here would support further research surrounding domestic mould.
[image: ]
Figure 1. Map showing the four towns of Camborne, Pool, Illogan, and Redruth, where the study took place, detailing their position within Cornwall and the UK. Reproduced with permission from the corresponding author (Walker, Menneer, Leyshon, et al., 2022). 
[bookmark: _Ref129346193][bookmark: _Toc140055022]Participants

The participants, people living in the properties where sensor data was collected, have contributed a wealth of qualitative and quantitative information to the research of the Smartline project. By allowing sensors to be fitted in their homes they facilitated the collection of sensor data that has already produced novel findings and will likely result in further research outputs. Crucially, many participants also completed surveys (Williams et al., 2020) and provided feedback that, when linked to sensor data from their homes, provides a unique dataset. Patterns in sensor data can be examined in the context of the individual households that produced them. 
In view of data protection considerations, it is only possible to include a limited number of factors and level of detail linked to specific homes. Hence information about participants included in the metadata file is limited to: Age (<60 yrs OR 60+ yrs), and Occupancy (1-2 OR 3+). For other factors, we provide overview statistics (see section 3.2.1 below) that may help to illustrate the participant cohort that lived in the properties where sensor data was collected.
The study was approved by the University of Exeter Research Ethics Committee (eUEBS002996 v2.0 on 16 June 2017 and 5 December 2019). Informed consent was obtained from all participants involved in the study.

[bookmark: _Toc140055023]Participant overview statistics

Participants in the Smartline study generally demonstrated less varied sociodemographic characteristics compared to other communities, both locally and nationally, as detailed by Smartline research that focussed on the survey data (Williams et al., 2020). Whilst this report focuses on the sensor data, the following table 1 gives an overview of factors describing several key participant characteristics. Mean, median, and standard deviation are given for numerical factors, while percentage splits are given for categorical factors. Factors include Age, Gender, Ethnicity, Educational Attainment, Employment Status, Index of Multiple Deprivation decile (IMD; MHGLC, 2015), Mental Component Summary score (MCS; Maruish, 2012), Physical Component Summary score (PCS; Maruish, 2012), Short Warwick-Edinburgh Mental Well-Being Scale (SWEMWBS; Tennant et al., 2007), Household Size, and Volunteering Rates. Where values are provided for a single person (e.g., Gender), the response for the main participant in the household is provided. It can be seen that the overall demographic is predominantly white female older-adults. Cornwall includes some of the most underserved postal codes in England, as reflected in the IMD data. 
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	Table 1. Participant overview statistics.

	
	All homes that completed the survey (N = 329)
	All homes where sensor data was collected (N = 279)
	Homes where sensor data collection continued in Smartline Extension (beyond 1/03/2020; N = 184)

	Factor
	N
	Mean
	Median
	Standard Deviation
	N
	Mean
	Median
	Standard Deviation
	N
	Mean
	Median
	Standard Deviation

	Age
	325
	54.0
	56.0
	17.4
	258
	55.2
	57.0
	17.9
	176
	56.3
	59.5
	17.6

	IMD
	328
	2.1
	2.0
	1.3
	262
	2.1
	1.0
	1.3
	178
	2.1
	1.0
	1.3

	MCS
	325
	48.0
	52.0
	13.6
	260
	48.6
	52.7
	14.3
	177
	49.0
	53.4
	14.3

	PCS
	325
	40.7
	41.6
	13.9
	260
	40.4
	41.5
	14.0
	177
	40.3
	40.6
	14.2

	SWEMWBS
	325
	24.1
	24.1
	5.4
	259
	24.3
	24.1
	6.0
	176
	24.4
	24.1
	6.0

	Household Size
	329
	2.1
	2.0
	1.3
	262
	2.1
	2.0
	1.3
	178
	2.0
	2.0
	1.3

	
	N
	Category
	%
	N
	Category
	%
	N
	Category
	%

	Gender
	325
	Female
	68.9%
	258
	Female
	67.4%
	175
	Female
	68.0%

	
	 
	Male
	31.1%
	 
	Male
	32.6%
	 
	Male
	32.0%

	Ethnicity
	256
	White
	96.1%
	203
	White
	95.6%
	139
	White
	95.0%

	
	 
	Asian, Black, Mixed, or Other
	3.9%
	 
	Asian, Black, Mixed, or Other
	4.4%
	 
	Asian, Black, Mixed, or Other
	5.0%

	Education beyond 
16 years of age
	324
	No
	65.7%
	258
	No
	65.9%
	175
	No
	67.4%

	
	 
	Yes
	34.3%
	 
	Yes
	34.1%
	 
	Yes
	32.6%

	Employment
	325
	Employed
	17.2%
	259
	Employed
	18.1%
	177
	Employed
	16.9%

	
	 
	Long-term sick 
or disabled
	25.5%
	 
	Long-term sick 
or disabled
	24.7%
	
	Long-term sick 
or disabled
	23.7%

	
	 
	Looking after home
 or family
	14.2%
	 
	Looking after home
 or family
	12.0%
	
	Looking after home
 or family
	10.2%

	
	 
	Retired
	33.5%
	
	Retired
	35.9%
	
	Retired
	41.2%

	 
	 
	Other
	9.5%
	 
	Other
	9.3%
	
	Other
	7.9%

	Formal Volunteering
	328
	No
	76.5%
	261
	No
	75.1%
	177
	No
	72.9%

	
	 
	Yes
	23.5%
	 
	Yes
	24.9%
	 
	Yes
	27.1%
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All homes in the study fall within the UK’s social housing sector, where the owners, a local council or housing association (HA), provide affordable homes at 50-60% below market rents. The homes included in Smartline were all owned and managed by Coastline Housing, a Cornwall-based HA. Whilst the homes varied across several physical measures, data protection inherently restricts the number and scope of metrics that can be linked to specific homes. Thus, the metadata file includes the standard assessment procedure (SAP) energy performance score (SAP < 75 OR SAP 75+). Occupancy (as described in section 3.2) may provide a proxy from which homes’ relative size may be inferred.  Overview statistics describing a broader range of factors describing homes used in the study are included below.

[bookmark: _Toc140055025]Homes overview statistics

Overview statistics given below in table 2 provide additional detail to help characterise the physical attributes of the homes from which Smartline sensor data derives. Mean, median, and standard deviation are given for numerical factors, while percentage splits are given for categorical factors. Factors for which overview statistics are given include SAP scores, Build Year, Building Type, Number of Bedrooms, and Heating Type.


	Table 2. Home overview statistics.

	
	All homes that completed the survey 
(N = 329)
	All homes where sensor data was collected 
(N = 279)
	Homes where sensor data collection continued in to Smartline Extension (beyond 1/03/2020; N = 184)

	Factor
	N
	Mean
	Median
	Standard Deviation
	N
	Mean
	Median
	Standard Deviation
	N
	Mean
	Median
	Standard Deviation

	SAP Score
	256
	73.3
	74.0
	7.3
	213
	73.0
	71.0
	29.3
	143
	73.0
	71.0
	30.0

	Year Built
	320
	1976
	1971
	24
	262
	1975
	1971
	24
	178
	1975
	1970
	24

	Number of Bedrooms
	320
	1.79
	2.00
	0.75
	262
	1.80
	2.00
	0.78
	178
	1.77
	2.00
	0.78

	
	N
	Category
	%
	N
	Category
	%
	N
	Category
	%

	Building Type
	320
	Bungalow
	8.4%
	262
	Bungalow
	8.4%
	178
	Bungalow
	9.0%

	
	
	Flat
	52.8%
	
	Flat
	51.1%
	
	Flat
	52.8%

	
	
	House
	38.8%
	
	House
	40.5%
	
	House
	38.2%

	Heating Type
	320
	Air Source Heat Pump
	5.0%
	262
	Air Source Heat Pump
	4.6%
	174
	Air Source Heat Pump
	5.2%

	
	
	Electric
	2.8%
	
	Electric
	1.9%
	
	Gas
	94.8%

	
	
	Gas
	92.2%
	
	Gas
	93.5%
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· Up to six indoor sensors were fitted in each of 279 Smartline homes. Some of the additional households who completed surveys opted not to have sensors installed.
· In each home, sensors monitored up to eight parameters: 
· Utilities monitored included gas, water, and electricity, with sensors being fitted adjacent or directly to utility meters.
· Environmental parameters included temperature and humidity, each recorded in both the living room and the main bedroom of most properties. Sensors were placed ~1.5-2.0m above floor level wherever possible.
· Air quality parameters included fine airborne particulate matter <2.5µm diameter (PM2.5), total volatile organic compounds (TVOCs), and equivalent carbon dioxide (eCO2). Sensors were located in living rooms, typically placed ~1m above floor level depending on position of available electrical outlets.
· 55 external environment sensors were fitted to outside walls of participating homes, each monitoring six parameters:
· Temperature, humidity, TVOC, eCO2, PM2.5, and PM10 (larger airborne particulate <10µm diameter).
· Participants had access to their real-time and historic sensor data. Initially this access was via a platform provided by Invisible Systems and later, from autumn 2021 onwards, through an online dashboard created by the University of Exeter (Walker, Menneer, Tu, et al., 2022).
· Data for individual sensors is occasionally curtailed, intermittent, or subject to known faults, as a result of technical issues, power supply failures, participants unplugging sensors or gateways, or participants leaving the project. This missingness of the data is described in section 5.3 below.
· Most sensors were placed in most homes (temperature, relative humidity, air quality and electricity). However, for external environmental sensors, gas, and water, the numbers of sensors were limited. Homes for these sensor types were sampled across groups of similar homes, identified using cluster analysis, to provide a representative sample from the whole cohort (Menneer et al., 2023).

[bookmark: _Toc140055028]Sensor details

· Sensors wirelessly transmitted data to an Invisible Systems ISL058 Gateway at each home, which stored and transmitted data over a secure cellular web link to Invisible Systems’ Realtime Online cloud server (www.realtime-online.com).
· Occasionally the sampling interval varied from the timings described in table 3 below. This could occur when:
· Different sensors transmitted to a gateway at identical times, with the clash resulting in data loss. 
· Sensors’ internal clocks were not always accurate, exacerbated by the effect of age and temperature on their battery voltage.

	Table 3. Sensor details

	Sensor type
	SensorID Letter(s)
	Sensor model
	Sensor chip(s)
	Sensor technology
	Sampling interval
	Measurement accuracy or operation notes

	Electricity
	E
	ISL067 Smart RF Mk2 single-phase wireless meter
	n/a (monitors electricity supply cable)
	Split core current transformer providing energy and current measurements using the output low AC voltage (0-0.33V AC).
	3 minutes
	±10%

	Gas
	G
	Pulse transmitter
	n/a (pulse data taken from utility meter)
	The sensor takes the pulse output from the utility meter installed in the home, and operates with either rotary or electronic pulse meters.
	7.5 minutes
	In line with equipment it is connected to.

	Water
	W
	Pulse transmitter
	n/a (pulse data taken from utility meter)
	The sensor takes the pulse output from the utility meter installed in the home, and operates with either rotary or electronic pulse meters.
	7.5 minutes
	In line with equipment it is connected to.

	Indoor temperature and relative humidity 
	TL (lounge) 
or
TB (bedroom)
	Ultra-RF for
temperature and relative humidity 
	Sensirion SHT21
	A band-gap temperature sensor and capacitive RH sensor.
	5 minutes
	±0.5°C

	Indoor VOCs and eCO2
	V
	LoRa VOC Transmitter
	ams CCS811 Ultra-Low Power Digital Gas Sensor
	A metal oxide (MOX) gas sensor, which detects low levels of VOCs. Sensor also outputs eCO2 level derived from the VOC levels.
	5 minutes
	VOCs detected: Alcohols, Aldehydes, Ketones, Organic Acids, Amines, Aliphatic and Aromatic Hydrocarbons

	Indoor PM2.5
	P
	LoRa PM2.5 - PM10 Transmitter
	Honeywell HPMA115S0-XXX HPM Series Particle Sensor
	A laser-based sensor, using the light scattering method to detect and count particles in the concentration range of 0 μg/m3 to 1,000 μg/m3.
	5 minutes
	0 μg/m3 to 100 μg/m3: ±15 μg/m3
100 μg/m3 to 1000 μg/m3: ±15%

	External air quality
	X
	Invisible Systems External
AQ Monitor
	Sensirion SHT21, ams CCS811 Ultra-Low Power Digital Gas Sensor, Honeywell HPMA115S0-XXX HPM Series Particle Sensor
	As the indoor temperature, relative humidity, VOCs and PM2.5 sensors. The sensor also provides measures of PM10 using the same technology as for PM2.5.
	30 minutes
	±0.3°C
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Sensor data is split into csv files each with a unique combination of HomeID and SensorID. SensorIDIn most cases, the number of files relating to a specific property corresponds to the number of different sensor types fitted at that property. However, where a sensor in a particular property was replaced with another sensor of the same type, data from the two sensors will be contained in separate files. Similarly, sensors removed from a property were occasionally re-used in other properties, which would again result in separate files being created for the same SensorID but different HomeID.

Column headings in data files from left to right are as follows:

· datetime – Date and time (GMT) that a sensor transmitted a reading. Note that sensors that record multiple parameters will have separate rows for each parameter with datetime being duplicated by the number of parameters. Duplicate datetimes for the same parameter can occur (see Faults below)
· channel – Each different parameter recorded by a sensor has a distinct channel name.
· sensorName – Describes the physical location of the sensor (only where they can vary) and describes the parameter recorded on a given row. Indoors temperature and relative humidity sensors for example contain details in this column such as “Front Room – Humidity” or “Bedroom – Temperature”. For external sensors, this column may also contain details of the approximate orientation of the wall on which they were installed, as well as the parameter, for example “External East – Humidity”.
· utilityType – Varies in line with channel, however different parameters recorded by a sensor always have a different channel, but can have the same utilityType. utilityType is generally redundant information, and channel and sensorName are instead recommended for partitioning data. However, utilityType is retained in the dataset because it provides more context for cross-checking if needed. 
· Value – Sensor reading for the parameter and time/date described for a given row.
· PCF – Pulse Conversion Factor. Applies only to cumulative utility sensor readings, found in gas, water, and electricity sensor data where channel = pulse1. Where channel = pulse1 and that data is sorted by datetime, the difference in Value between any row and the preceding row, when multiplied by the PCF, will give the usage of that utility between the datetimes given in the two. This PCF conversion should not be applied elsewhere or when PCF = 0. Some TVOC readings feature an incorrect PCF (see section 6).
· Unit – Describes the units for a given row once Value is multiplied by PCF.



[bookmark: _Toc140055031]Metadata file description

A metadata file, smartline_sensor_metadata.csv, is included, providing firstly detail about individual properties where sensor data was recorded, and secondly information about the residents of those properties. The number and format of factors included is limited for statistical disclosure control. Column headings in the metadata file are, from left to right:
· HomeID – Anonymised unique identifier of the property to which the following metadata relates.
· SAP – Standard Assessment Procedure score taken from each home’s EPC. Categorised as either <75 or 75+.
· occupants – The total number of people who regularly slept at the property at the time of the survey. Categorised as either “1 or 2” or “3+” occupants.
· occupantAge – Age of the lead participant from the household. Categorised as either <60 or 60+ years. 

[bookmark: _Ref129351998][bookmark: _Toc140055032]Missingness file description

A missingness file is included to indicate the temporal coverage provided by each sensor data csv file. The missingness table is structured with a row for each data file, and the following columns, from left to right:
· filename – Name of the sensor data csv file, from a specific sensor at a specific home.
· SensorID – Unique identifier of a specific sensor. A SensorID may appear more than once where a sensor is removed and subsequently reinstalled at another property.
· HomeID – Anonymised unique identifier of the home where the sensor was installed.
· SensorType – Describes the physical location (only where they can vary) and type of a specific sensor (see section 4.1).
· coverage columns – Sequential sub-columns for every month when sensor data was collected, commencing October 2017 and ending March 2023. Coverage is displayed as the percentage of days within each month, when a sensor produced more than 70% of the expected number of daily readings. 

The provided missingness table is formatted as described above in order to provide an initial guide to researchers, enabling them to:
· Explore a specific type of sensor data (e.g. gas usage), and select a time period within the project where there are a relatively high number of gas usage sensors operational and relatively little data is missing.
· Select time periods where relatively good coverage for different sensor types overlap (e.g. indoor temperature, outdoor temperature, and electricity usage).
· Select sensors with relatively long and/or consistent temporal coverage (e.g. when comparing utility usage in winter 2020-21 with usage during previous/subsequent winter periods).

We have counted the days on which a sensor produced more than 70% of the expected number of readings as contributing towards its coverage for each month. This threshold is used in order to include sensors that produced plausible readings, despite the number of daily readings being slightly below the expected total. The reasons for reduced readings per day could be due to a short-term power failure, a temporary break in signal transmission from sensor to gateway or gateway to cloud storage, or sensor setting causing the sensor to produce readings at slightly longer intervals than expected. The provided missingness table is derived entirely from the sensor data files included. Other thresholds or methods of calculating missingness could therefore be applied to the sensor data files as needed. 

[bookmark: _Ref129356381][bookmark: _Toc140055033]Limitations in the data

· Some VOC/eCO2 files have values that are 1000 times smaller than in other files, which are not always reflected by a corresponding change in units. Sometimes that change happens within the same file. Changes occurring within the same file could be identified by extracting the minimum non-zero value and the maximum value to compare scales
· Some electricity files have meter readings ending in 00, which usually means the readings need dividing by 100 to be in the correct units.
· Some differences between consecutive electricity file values provide an impossible negative value. The readings should show cumulative energy used and hence cannot be negative. These negative values are typically preceded by a large positive spike. This could hint those duplicate readings, or at least timestamps, may have caused reading values to be added together so the difference to the next, non-duplicated, reading appeared to be negative. This problem could have resulted from a practice, early in the project, of recovering 77 days of data post hoc when any data was found to be missing, resulting in potential duplication. 
· Gas and water meters are limited to a maximum reading of 65535 after which they restart from 0. This should be taken into account when analysing values from the associated sensors.
· PCF values for electricity files are occasionally set to zero, when they should be set to 0.000124230728 to give kWh.
· PCF for water meter sensors should always be 0.001 to give readings in cubic meters. Occasionally they are set to 1 which produces cubic litres. 

[bookmark: _Toc140055034]Funding

“Smartline” or “The Smartline Project”, in the context of this report, refers to the entire project from which the accompanying sensor data derives. However, funding was structured as two sequential projects:  Smartline (March 2017 to February 2020; 05R16P00305) received £3,740,920 and Smartline Extension (March 2020 to June 2023; 05R18P02819) has received up to £3,307,703 of funding from the England European Regional Development Fund as part of the European Structural and Investment Funds Growth Programme 2014-2020. The Ministry of Housing, Communities and Local Government (and in London the intermediate body Greater London Authority) is the Managing Authority for European Regional Development Fund. Established by the European Union, the European Regional Development Fund helps local areas stimulate their economic development by investing in projects which will support innovation, businesses, create jobs and local community regenerations. For more information visit https://www.gov.uk/european-growth-funding.  With additional funding of £25k from the Southwest Academic Health Science Network and £200k from Cornwall Council.  
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