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Abstract. The city of Munich has been a pilot city in the ICOS Cities project, which aimed to develop greenhouse gas mea-

surement methodologies and related services for urban areas to support climate action. A part of Munich’s city observatory

is SCOUT (Street-level Carbon Observatory for Urban Terrain), a network of 100 battery-powered, low-cost, non-dispersive

infrared (NDIR) CO2 sensors. This publication describes the sensor network, the applied data processing strategy, and assesses

sensor performance. Data from May 2023 to December 2025 are covered. We propose a novel sensor calibration approach that5

accounts for the strong, non-stationary temperature dependence of the raw sensor signal, thereby improving the manufacturer’s

measurement accuracy by a factor of four to eight. In the first stage, a rolling ordinary least squares regression is used to esti-

mate the time-varying, temperature-induced signal component. This is followed by a multilinear regression that infers the final

CO2 concentration and corrects for humidity and pressure effects. Evaluated across 21 sensors over three to twelve months

outside the training time period at a reference site equipped with a calibrated Picarro analyzer, the proposed model achieves a10

median RMSE of 9.46 [6.1-12.7] ppm and a R2 of 0.76 [0.55-0.89] for hourly averaged values. It also shows minimal residual

dependence on environmental parameters. Long-term drift is corrected by relating the sensor signal to nearby reference stations

during favorable atmospheric conditions with homogeneous CO2 concentration across the city. We consider three distinct cor-

rection scenarios and estimate a city-wide, location-dependent correction uncertainty of σ between 2.3 and 3.1 ppm. Combined

with the measurement uncertainty, this yields a total uncertainty of 9.95 [6.4-13.1] ppm. We deployed the sensor systems in15

pairs and present a strategy to combine the signals from duplicate measurements at the same site. The network can characterize

local emission regimes: winter morning CO2 enhancements show a high correlation with Munich’s gridded 2024 emission

inventory (r = 0.79), indicating that street-level low-cost networks can serve as proxies for local emissions.
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1 Introduction20

Anthropogenic climate change, primarily caused by greenhouse gas (GHG) emissions from fossil fuel combustion, industrial

processes, and land-use change, is one of the greatest challenges facing humanity. Human-caused global warming reached 1.36
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°C in 2024 compared to 1850–1900 (Forster et al., 2025), and the remaining carbon budget to limit global warming to below

1.5 °C is expected to run out within the next four years at the current rate of global emissions (Friedlingstein et al., 2025).

Continuing current policies are likely to result in global warming of 2.8 °C (2.1–3.9 °C), and even if all conditional nationally25

determined contributions (NDCs) and net-zero targets are met, an average warming of 1.9 °C (1.8–2.3 °C) must be expected

(UNEP, 2025).

Cities play a crucial role in both exacerbating and mitigating this threat. A total share of 67 to 72 % of global emissions,

including direct and indirect emissions from the production of electricity, goods, and services that are consumed in cities,

can be attributed to urban areas (IPCC, 2023). City administrations worldwide are implementing climate protection strategies30

to reduce CO2 emissions, often with more ambitious targets than national entities (Matsumoto et al., 2019). Measurement,

reporting, and verification capabilities are vital in guiding these efforts, aiding in establishing targeted strategies, tracking

progress, and assessing the outcome. Urban atmospheric CO2 measurements provide additional constraints on direct carbon

emissions and their spatial and temporal variability, thereby supporting urban climate action planning (Lian et al., 2023).

Measurements provide valuable near-real-time insights, whereas accurate data required to assemble emission inventories are35

often only available with a multi-year time delay (Ke et al., 2023; Hu et al., 2025).

The ICOS Cities PAUL project (Pilot Application in Urban Landscapes) developed frameworks to measure and model GHG

emissions in urban areas and to deliver related services (ICOS, 2025). Various GHG measurement techniques have been tested

in three pilot cities: Paris, Munich, and Zurich. In Munich, the total-column network MUCCnet (Dietrich et al., 2021) has

been operating since 2019 and has now been complemented by the ACROPOLIS mid-cost sensor network (Aigner et al.,40

2026a), eddy covariance (EC) and relaxed eddy-accumulation (REA) measurements from a central tall tower (Kunz et al.,

2025; Ecosystem Thematic Centre et al., 2026), and biogenic measurements (Li et al., 2026b, 2025a, b; Lan et al., 2025). The

monitoring networks MUCCnet and ACROPOLIS are designed to measure CO2 concentrations at the rooftop level, where the

signal is comparatively well mixed and representative of a broader footprint, making them suited for trend analysis and inverse

modeling (Li et al., 2026a).45

This study adds another component to the city observatory: SCOUT (Street-level Carbon Observatory for Urban Terrain).

Street-level CO2 measurements provide a near-surface perspective influenced by local emission sources, including traffic,

residential heating, and biogenic processes. The SCOUT network comprises 100 commercial, battery-powered, low-cost CO2

sensors (Decentlab DL-LP8P), which were first deployed in a scientific network by Müller et al. (2020) in the Swiss Carbosense

project and subsequently deployed in a dense network in Zurich (ZiCOs-L) (Creman et al., 2026). The built-in sensor Senseair50

LP8 costs around 60 ein retail, while its successor Senseair Sunrise is available for less than 40 e. Combined with supporting

electronics for power supply and data communication, the sensor system is orders of magnitude less expensive than the GHG

analyzers used in traditional atmospheric measurement networks, enabling dense deployments with negligible installation

effort and minimal site requirements. The sensor systems can easily be co-located with street-level air quality sensors or

traffic detectors, enabling extended correlation analysis and site-to-site comparisons. Nevertheless, the manufacturer-specified55

accuracy is typically ± 50 ppm (Senseair AB), rendering the sensors unsuitable for urban outdoor measurements without

careful calibration and data processing.
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The performance potential of low-cost NDIR CO2 sensors has been investigated in several studies, and various calibration

methods have demonstrated significant improvements in accuracy. Martin et al. (2017) applied multiple linear regression to

six Senseair K30 sensors trained and evaluated during a four-week outdoor side-by-side campaign, while Dubey et al. (2024)60

assessed the performance of three sensors and six different sensor models during a three-month outdoor deployment. Both

studies demonstrated that individual sensor calibration can substantially improve the accuracy. However, these investigations

were limited in spatial extent and duration and do not address the challenges associated with large-scale, multi-year deploy-

ments. Cai et al. (2025) extended the evaluation period to 30 months and found that environmental correction alone reduced the

RMSE from 5.9 to 1.6 ppm for a Senseair K30 sensor, but long-term drift necessitates regular recalibration. Unlike the Senseair65

LP8, which uses pulsed light to drastically reduce energy consumption, the K30 uses a continuous light source, making it more

stable but unsuitable for battery-powered devices. The Senseair LP8 was used by Müller et al. (2020) and Creman et al. (2026),

who both proposed individually calibrated linear sensor models combined with comprehensive approaches for drift correc-

tion and outlier removal. Their pioneering large-scale deployments in Switzerland and Zurich highlighted key challenges of

long-term outdoor operation, including evolving response characteristics, gradual and abrupt sensor drift, and humidity- and70

temperature-induced artifacts.

Building on this, we introduce a novel, time-adaptive calibration model that explicitly estimates the sensor’s temperature-

induced signal component. The dependence arises from multiple factors, including temperature-dependent detector sensitivity,

variations in the infrared light source, thermal stress that induces mechanical changes in low-cost optical components, and

degradation of optical performance over time. This produces a non-stationary temperature response that static calibrations fail75

to capture. To this end, our model uses rolling ordinary least squares regression (ROLS) to estimate the temperature-induced

signal component in a first stage, followed by a multilinear regression to correct for humidity and pressure effects and to retrieve

CO2 mole fractions. We further present a multi-scenario drift-correction strategy to maintain stable absolute measurements

over time. Paired sensor deployments at each site are leveraged for automated fault detection and outlier identification, and the

effect of a solar radiation shield on measurement accuracy is evaluated under real-world conditions. Finally, we demonstrate80

the network’s capability to assess local emission patterns.

2 Methods

2.1 Sensor system and data transmission infrastructure

The sensor node, Decentlab DL-LP8P, is built around the Senseair LP8 non-dispersive infrared (NDIR) CO2 sensor. It is

complemented by a Sensirion SHT21 for temperature and humidity measurements, as well as a Bosch BMP280 for atmospheric85

pressure sensing. The added pressure sensor is the only significant difference compared to the sensors in the Carbosense and

ZiCOs-L networks. The LP8 uses an indium antimonide (InSb) detector with a built-in optical band-pass filter (Asahi Kasei

Microdevices Corporation (AKM), 2016) and an infrared light source manufactured by OSHINO Lamps. Figure 1 shows

a complete and a disassembled CO2-Sensor which consists of three parts, a circuit board hosting the detector, lamp, and

electronic components, and a two-piece optical cell. The air to be measured diffuses through a filter membrane behind the light90

3

https://doi.org/10.5194/egusphere-2026-6001
Preprint. Discussion started: 26 October 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 1. Disassembled Senseair LP8 NDIR CO2 sensor. The main parts are a mid-infrared InSb detector with an optical bandpass filter,

a broadband light source, and a reflective optical cell. Ambient air diffuses into the cell through a filter membrane located below the light

source. The top left shows the complete sensor, comprising the circuit board and the optical assembly. The top-right shows the circuit board,

and the bottom view depicts the two parts of the optical assembly with the light collector and detector window facing downward.

source into the measurement cell. The Senseair LP8 sensor is highly energy-efficient, allowing the node to run on two alkaline

C batteries (LR14, Varta Longlife Power, 1.5 V/ 7800 mAh) for between 2.4 and 5.1 years, depending on the strength of the

network signal (Decentlab GmbH, 2018).

The sensor node measures CO2 and the environmental parameters at 1-minute intervals and transmits 10-minute averages

via a public LoRaWAN network. LoRaWAN is a particularly energy-efficient communication network protocol designed to95

connect battery-powered devices over a long range (up to 15 km) (LoRa Alliance ®, 2025). We connected 77 of our nodes

to The Things Network1 (TTN), a free, community-based LoRa network that offers good coverage in Munich. At locations

with poor TTN reception, we switched to the paid Helium network2, which costs approximately 0.5 e per node per year. Data

packets are forwarded to an InfluxDB hosted by the device manufacturer Decentlab, where the data are stored permanently. On

their platform, it can be visualized as dashboards and directly accessed via an API. The metadata, including the deployment lo-100

cation, configuration used, and any relevant additional comments, is stored in JSON-formatted files within a version-controlled

repository on GitHub.

2.2 Sensor characterization and network deployment

Prior to deployment in Munich, all sensor nodes were placed in a climate chamber, where varying temperatures, humidity, and

CO2 levels were set, along with a calibrated reference analyzer (Picarro G2401). These tests were conducted in collaboration105

with Empa using identical procedures as Creman et al. (2026) and yielding the same conclusions: data from controlled tests

1https://www.thethingsnetwork.org/
2https://www.helium.com/iot
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Figure 2. The sensors were mounted on lamp posts at a height of 3 m above ground level in Munich. They were deployed in pairs at

independent sites (a) or co-located with other instruments, such as low-cost air-quality sensors (b).

provide valuable insights into sensor behavior. However, an outdoor side-by-side campaign with a reference analyzer is more

effective for calibrating a sensor model. Following the chamber tests, side-by-side measurements were then carried out under

field conditions for three months at the Empa-Dübendorf reference air-quality monitoring site, which is equipped with a cal-

ibrated Picarro G2301 analyzer. An additional month of measurements was performed using a calibrated Picarro G2301 at a110

rooftop site at the Technical University of Munich (TUMR). This reference data are used to optimize the sensor model param-

eters for each sensor. The calibrations of the reference analyzers were performed against the WMO CO2 X2019 calibration

scale (Hall et al., 2021).

Field deployment started in May 2023, and the sensors were mounted on streetlamp posts in pairs enabling fault detection

and quality control (Fig. 2). For many sites, we opted for co-location with additional measurement devices, like traffic detectors115

(8 sites), governmental air quality stations (5 sites), low-cost air quality sensors (7 sites), rooftop mounted, calibrated mid-cost

CO2 sensors (Aigner et al., 2026a) (6 sites), a high-precision CO2 analyzer (Picarro G2301, 1 site), and a meteo station (1 site).

For the remaining 21 sites, we chose locations with different local characteristics (e.g., traffic-dominated, urban/suburban, and

biogenic-dominated). Figure 3 shows the location of all selected sites in Munich.

2.2.1 Installation of solar radiation shields120

During the first summer in the field (June to September 2023), several sensors recorded temperatures significantly higher than

ambient air temperature. This discrepancy was caused by solar radiation, leading to elevated temperatures inside the enclosures

relative to the surrounding environment. Furthermore, different sensor orientations led to temperature variations between the

two units deployed as a pair at the same location. To mitigate these effects, sensors at 35 sites were upgraded with solar

radiation shields. We used an Electro-Mation EMF 8001 weather and radiation protection shield with an internal diameter of125

110 mm and a height of 210 mm (ELECTRO - MATION GmbH, o.D.). It fits two sensor nodes into a self-developed internal

bracket, using only the circuit board and removing the manufacturer’s casing. Figure 4 shows the radiation shield and the

internal bracket. An assessment of the radiation shield’s effect is presented in section 3.5.
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Figure 3. Map of the city of Munich showing the municipal boundaries and the locations of the SCOUT sensor sites. The nodes are densely

deployed in the city center, and many are co-located with other measurement devices, such as traffic detectors, governmental and low-cost

air-quality stations, as well as calibrated mid-cost CO2 sensors.

Figure 4. To avoid excess heat, sensors at 35 sites were mounted in pairs inside a solar radiation shield (a) (image source: ICOS RI). A

custom-designed, 3D-printed bracket fits two nodes inside the shield. Image (b) shows the fully assembled configuration. Image (c) provides

a view inside the bracket, with two sensor nodes oriented in opposite directions.
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Figure 5. Overview of processing pipeline applied to the sensor data. The six steps are sequential and explained in detail in the subsequent

section.

2.3 Data processing pipeline

The low-cost sensors are not placed in a temperature- or humidity-controlled environment, but are exposed to changing outdoor130

conditions. These have a major impact on the measurement performance and data quality, which must be handled through

careful data processing. The process starts with downloading the raw data into a local database, followed by offline processing

steps outlined below, and concludes with uploading the processed data to the ICOS Carbon Portal. Figure 5 provides an

overview of the sequential processing steps applied. We developed a calibration model based on the sensor’s log-transformed

raw IR measurements (log IR) rather than on the CO2 concentration reported by the sensor’s firmware, thereby establishing a135

physical relationship with gas absorption via the Beer-Lambert law. The LP8 sensor uses a pulsed light source with correlated

double sampling: the raw IR signal, which is defined as the difference between the illuminated and dark detector readings,

decreases with increasing CO2 number density in the optical path (Appendix A). The raw IR signal is predominantly dependent

on the ambient temperature, governed by the temperature-dependent sensitivity of the infrared detector. In addition, thermal

stress can induce mechanical changes in the low-cost sensor optics. In addition, the sensor characteristics can change during140

field use through drift in the electronics or the buildup of contamination on the low-cost optics. These effects contribute to

drift in the raw IR signal. Achieving robust performance across seasons and varying temperature conditions would ideally

require a side-by-side reference period that captures the full range of possible ambient variability. In practice, this is rarely

justifiable given the significant time and effort required, underscoring the need for a calibration model with good generalization

capabilities.145

2.3.1 Step 1: Raw data pre-processing

The sensor system transmits 10-minute averaged measurements to the vendor’s data platform at nominal 10-minute intervals.

Due to LoRaWAN’s ALOHA-based MAC protocol (Augustin et al., 2016), transmissions occur at non-deterministic times,

leading to irregular data arrival. If the data cannot be sent or received, it is not buffered but lost, and the sensor starts a new
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measurement cycle. Therefore, after downloading the data via the corresponding API, the raw data were resampled to a regular150

10-minute interval to enable convenient synchronization with other datasets (e.g., reference and meteorological data). Bins

with no observations at this 10-minute resolution were treated as missing values and were dropped. Then, an outlier-detection

algorithm proposed by Müller et al. (2020) was applied to flag outliers solely based on the sensor’s raw data. We refer to this

algorithm as the Müller-Filter hereafter. It considers the typical behavior of individual sensors in the field to derive multiple

statistical measures for outlier identification. For this, the detector’s raw infrared measurements, along with temperature and155

humidity measurements, are required. Data loss and outlier statistics are provided in section 3.1.

2.3.2 Step 2: Estimating the temperature-induced signal component

The time-varying, temperature-dependent component of the IR signal log IR(T) is estimated using a rolling-window ordinary

least squares regression (Statsmodels RollingOLS (Seabold and Perktold, 2010)) against concurrent temperature measure-

ments. The raw IR signal is dominated by temperature (r > 0.95; Fig. 6a), while the correlation of the IR signal with the160

CO2 mole fraction is weak (r < 0.3). Accurately describing the temperature dependence is critical for isolating the residual

dependence on CO2, which is ultimately the signal of interest. Figure 6b depicts the strong relationship between the raw, log-

transformed IR signal and the ambient temperature. It also indicates the drift in temperature response characteristics between

the training phase and the subsequent deployment phase, which must be taken into account.

For this calculation, the data are first filtered for outliers using the Müller-Filter. Observations with relative humidity above165

94 % are additionally excluded to avoid high humidity affecting the IR signal, likely through condensation in the optical cell

(Müller et al., 2020). We apply a rolling window of m= 4000 subsequent samples (≈ 28 days). If values are missing, at least

80 % of the window length must be present (minobs = 4000 · 0.8 = 3200). Otherwise, the window is expanded.

For each time index t≥m, the model:

log IRi = xiβt + ei = log IR(T)i + ei, where xi = [1, Ti, T
2
i ]

⊤ (1)170

is fitted to the most recent m observations (i= t−m+1, . . . , t), with βt obtained via the least squares optimization. Subtracting

this explicitly modeled temperature-induced component from the raw IR measurement yields a residual ei that primarily

correlates with CO2 variations (r ≈ 0.75):

ei = log IRi − log IR(T)i = log IR(CO2)i (2)

Although CO2 and temperature are not statistically independent, particularly at diurnal timescales, the omitted variable bias175

from excluding the CO2 term is negligible for a rolling window regression spanning multiple weeks. Therefore, a long time

window is generally preferred, as it reduces the correlation between temperature and CO2. Furthermore, CO2 trends at those

timescales are corrupted by drift and unrecoverable from the sensor signal alone and therefore delegated to the drift correction

stage (Sec. 2.3.5). Finally, a centered rolling median with a symmetric 35-day window is subtracted from each observation to

remove low-frequency temporal trends. As no real-time processing is required, this non-causal filter is considered appropriate.180

We parameterized the rolling window size, the median filter length, and the humidity threshold using all available de-

ployment data where sensors were co-located with a reference analyzer. The proposed drift correction is active only during
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Figure 6. Correlation between a single, well-working, representative sensor’s log-transformed infrared signal (ID:13156) ambient values,

and the wet CO2 molar mixing ratio at standard conditions derived from a reference instrument. Panel (a) shows a correlation matrix between

all measured and computed values. The raw log-transformed IR value shows a strong correlation with temperature, but the relationship is

not stationary (panel b). After applying the rolling regression and removing the temperature component, the residual IR signal (log IRi −
log IR(T)i) is linearly related to the wet CO2 mixing ratio at standard conditions χCO2,wet,stp (Fig. c).

deployment, and its interaction with the calibration model should be accounted for in the parameterization. Additionally, only

the deployment period spans all seasons.

The generalization of the selected parameters was assessed with one-at-a-time sensitivity tests, varying each parameter while185

holding the others fixed. The sweep shows that all selected parameters show a broad plateau around the selected values, rather

than a sharp optimum. The sensor-to-sensor variability of 6 to 8 ppm strongly exceeds the change in the median RMSE, which

varies by less than 0.5 ppm (Appendix B) across the tested parameter range.

The residual log IR(CO2) is physically proportional to the CO2 number density via the Beer-Lambert law. Referencing the

mole fraction to standard conditions holds the moist-air number density constant, so the residual becomes linearly related to190

the wet CO2 mixing ratio at standard conditions χCO2,wet,stp. Figure 6c shows log IR(CO2) plotted against χCO2,wet,stp from

the reference analyzer, indicating a linear relationship as well as a strong overlap between the training and deployment time

period.

2.3.3 Step 3: Inference of the CO2 mole fraction

To infer the gas concentration from the temperature-corrected sensor signal log IR(CO2), we optimized individual multilinear195

regression models for each sensor using Scikit-Learn (Pedregosa et al., 2011). The model uses relative humidity and atmo-

spheric pressure as additional input features. The relative humidity is expanded to a quadratic polynomial. Atmospheric pres-

sure is normalized to p0 using (p−p0)/p0. The regression target is the wet mole fraction at standard conditions, χCO2,wet,stp.
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The formulation of the regression model is shown in Eq. 3. For optimization, we use a weighted least squares approach to

increase the weight of infrequent, high CO2 concentrations. Weights were determined from the histogram of the regression200

target and clipped at the upper and lower range to avoid very small and very large weights. Finally, the result is converted to

ambient atmospheric conditions using the ideal gas law (Eq. A4).

χCO2,wet,i =
p0 ·T
p ·T0

· (xiβt + ei) where xi = [1, log IR(CO2), RH, RH2,
p− p0
p0

]⊤ (3)

2.3.4 Step 4: Water dilution correction

To account for the water content in the sampled gas, we determine dry-air mole fractions of CO2, referred to as χCO2,dry. First,205

the saturation water vapor pressure pσ given the sensor temperature T , the critical temperature Tc and pressure pc of water is

calculated using the Wagner equation (Eq. 4, Wagner and Pruß (2002)).

pσ = pc · exp
[︃
Tc

T

(︁
a1τ + a2τ

1.5 + a3τ
3 + a4τ

3.5 + a5τ
4 + a6τ

7.5
)︁]︃

(4)

using

τ =

(︃
1− T

Tc

)︃
Tc = 647.096K pc = 22.064× 106 Pa210

a1 =−7.85951783 a2 = 1.84408259 a3 =−11.7866497 a4 = 22.6807411 a5 =−15.9618719 a6 = 1.80122502

The measured relative humidity RH is then used to calculate the partial pressure of water vapor. Applying Dalton’s law of

partial pressures, the measured ambient pressure p is used to determine the mole fraction of water vapor, χH2O (Eq. 5). Finally,

the dry mole fraction χCO2,dry
, is calculated accordingly (Eq. 6).215

χH2O =
pσ · RH

100

p
(5)

χCO2,dry
=

χCO2,wet

1−χH2O
(6)

2.3.5 Step 5: Long-term drift correction

Low-cost CO2 sensors are limited in their measurement accuracy, particularly in long-term stability. As a remedy, more ad-

vanced systems use controlled injections of reference gas for regular calibration (Aigner et al., 2026a; Grange et al.; Lian et al.,220

2023). A more cost-efficient and lightweight approach relies on specific atmospheric conditions (e.g. high wind speeds), in

which horizontal gradients are expected to be low, and the sensor’s measurement signal can be related to a nearby reference

station (Creman et al., 2026; Müller et al., 2020; Delaria et al., 2021). We follow the latter option and have examined three
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scenarios for Munich, each requiring a different configuration of reference stations: (1) No reference station in the city but

one in the region, (2) a single reference station in the city, (3) a network of reference stations in the city. We apply all three225

scenarios because the city reference station and the network of reference stations were not available from the beginning of the

deployment period.

In addition to the CO2 measurements, we use wind data from a meteorological station in the city center, available at 1-

minute intervals. An exploratory analysis indicated that wind speed thresholds provide the most robust heuristics, whereas

wind direction and other meteorological parameters offered no substantial, testable advantage in any of the presented scenarios.230

For scenarios 1 and 2, we define wind speed thresholds to select periods when horizontal CO2 gradients are small, and the

reference signal can be related to all low-cost sensors in the city. In scenario 3, the network of reference stations enables

a direct assessment of when horizontal gradients are small, as indicated by a low maximum-to-minimum spread across the

network of reference stations. We additionally restrict the data to afternoon hours (12:00–15:00 UTC) for scenarios 2 and 3,

when the convective boundary layer is deep and vertical gradients between the rooftop reference stations and the street-level235

SCOUT sensors can be assumed negligible. In scenario 1, this restriction would result in a low calibration frequency. Instead,

we rely on the high wind speed threshold, as turbulent mixing under these conditions suppresses vertical gradients.

A quantitative analysis of the scenarios is presented in section 3.3.2. For all presented thresholds, a sensitivity analysis was

conducted to balance uncertainty and the criterion’s frequency.

Scenario 1: A single reference station in the region.240

The closest ICOS atmospheric station to Munich is at Hohenpeissenberg (HPB), approximately 55 km southwest of the city,

and it also corresponds to the prevailing wind direction. HPB is an elevated site situated on a small hill and hosts a mobile

network tower from which air samples are collected at three heights: 50, 93, and 131 m above ground level. We use the mea-

surements at 50 m above ground level. The elevated position decouples the site from local surface fluxes, so the sampled air

is representative of the regional background. Quality-controlled and near-real-time data can be accessed through the ICOS245

Carbon Portal (Kubistin et al., 2026). At high wind speeds, the concentration difference between the mean urban CO2 con-

centration and HPB decreases. We define a threshold of ws3h ≥ 5ms−1 on the 3-hour rolling-mean wind speed ws3h. An

average bias of bHPB = 4.0ppm between the city and HPB (Fig. 12a) is also accounted for to ensure a bias-free result at the

given conditions. We note that this bias can only be quantified using reference measurements within the city, without which a

persistent network-wide mean bias must be expected.250

Scenario 2: A single reference station in the city.

The second scenario requires a single reference station within the city, which, in our case, is located in the city center on the

university building (Site ID: TUMR). In this setup, a more relaxed wind-speed criterion can be applied while maintaining a

comparable standard deviation across all urban stations. We define a threshold of ws3h ≥ 4ms−1 for the 3-hour rolling mean

wind speed and restrict the data to afternoon hours (t ∈ [12:00, 15:00]). An average bias of bTUMR_P =−0.6ppm (Fig. 12b)255

across the city relative to the single reference station is again accounted for, as in scenario 1.
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Scenario 3: A network of reference stations in the city.

The ACROPOLIS mid-cost CO2 sensor network in Munich was gradually established alongside the deployment of the SCOUT

network. It allows direct assessment of the homogeneity of the concentration field by calculating the maximum-to-minimum

spread across spatially distributed stations. We define a maximum spread of 9 ppm across at least eight active stations in the260

city. In addition, we filter for afternoon hours, when the vertical gradients are small. Equation 7 shows the full formulation

of the condition. S(t) denotes the number of active stations i at time t. All threshold values were determined empirically to

balance the frequency of the criterion and the associated uncertainty. When the criteria are satisfied, the mean concentration

across all stations is used as a reference value. As it represents the mean city signal χCO2, i(t), no further bias correction must

be applied (Fig. 12c).265

max
i∈S(t)

χCO2,i(t) − min
i∈S(t)

χCO2,i(t) < 9ppm, |S(t)| ≥ 8, t ∈ [12:00, 15:00] UTC (7)

Combining Scenario 1–3: City baseline

A city baseline (Fig. 7) is constructed from the data and heuristics described above to determine each sensor’s drift at the

respective time period. Overlapping scenarios are resolved using a fixed-priority order (3 > 2 > 1), reflecting their increasing

location-dependent uncertainty as quantified in section 3.3.2. The city baseline is formalized in Eq. 8. At the individual sensor270

level, the drift correction is applied to outlier-filtered, hourly averaged dry CO2 mole fractions. Between calibration intervals,

drift estimates are linearly interpolated, and the resulting time series is smoothed with a centered 3-hour rolling mean filter.

χCO2,base(t) =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

χCO2, i(t) if Eq. (7)

χCO2,TUMR_P(t)+ bTUMR_P else if ws3h ≥ 4ms−1, t ∈ [12:00, 15:00] UTC

χCO2,HPB(t)+ bHPB else if ws3h ≥ 5ms−1

undefined otherwise

(8)

2.3.6 Step 6: Data post-processing

For the final site-level data products, we average 10-minute data to hourly values, flag untrusted measurements, and combine275

measurements from paired sensor nodes into a single signal. In some cases, sensors were also replaced at specific locations,

requiring the merging of data sets from multiple sensors in chronological order. Final data files for each site are published on

the ICOS Carbon Portal. The post-processing requires three steps, as described below.
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Figure 7. City baseline assembled from three scenarios in which higher-grade reference stations are related to the SCOUT sensor signal.

χCO2,HPB denote the reference mole fraction at HPB, corrected by bHPB = 4.0ppm to eliminate the residual mean bias. χCO2,TUMR_P repre-

sents the Picarro measurement at our reference site TUMR, corrected by bTUMR_P =−0.6ppm. χCO2,i represents the mean concentration

across eight independent sites i in the city. This baseline is used to correct the SCOUT sensor signal for its long-term drift.

Temporal aggregation to hourly measurements

We report hourly sensor measurements to the ICOS Carbon Portal, in line with the timescale commonly used for atmospheric280

modeling. First, we drop all data points identified as outliers by previous processing steps. We average the measured values

for χCO2,dry, temperature, relative humidity, and air pressure to hourly means. We also count the number of data points and

calculate the standard deviation of χCO2,dry, which are added as separate columns to the data set.

Combining the sensor signals

If redundant sensors are available from the same location and both sensors work properly, we average their measurements and285

report the combined standard deviation and number of data points in the final dataset. As a fault indicator, we compute the

absolute difference between the two sensors’ hourly measurements and apply a 6-day centered rolling mean to detect gradual

divergence. An “acceptable” threshold is defined by the performance assessment (Sec. 3.3) and set to 17 ppm (≈3*MAE). For

each hourly time step in which the rolling absolute mean difference exceeds this threshold, a counter is incremented. If it falls

below the threshold, the counter is decremented. When the counter reaches the defined limit of 48 (equivalent to 2 days), a290

changepoint is marked, while the counter is capped at 96 (4 days) to prevent runaway accumulation of the value.

For each time period between successive changepoints, we calculate the mean absolute difference (MAD) between both

sensors and the outlier ratio of each individual sensor, defined as the number of outliers (see Sect. 2.3.1) divided by the total

number of measurements for that period. If the MAD is below the threshold of 17 ppm, we report the averaged signal. If the

MAD is above the threshold, we select the sensor with the lower outlier ratio. The rationale is that when the MAD diverges,295

one sensor typically reports anomalous signals with large amplitudes, likely caused by condensation in the optical path. These
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anomalous signals are detected as outliers, so the outlier ratio serves as a useful proxy for identifying the affected sensor. If

both sensors are affected by this issue, we can observe it in the final visual inspection and flag it as untrusted.

Flagging

The final dataset is flagged as O for trusted sensor data after automatic processing and as K for untrusted data. The K-flag300

implies that there are either (1) more than 50 % of the expected data is missing (< 3 data points for a single sensor and <

6 data points for redundant sensors), (2) the CO2 value is outside a reasonable range (< 400 ppm; verified using data from

the ACROPOLIS network), or (3) the outlier ratio of the sensor is above 0.5 (more than 50 % outliers). The K-flag was

also applied to locations where two nodes are typically deployed, but only data from one sensor is available. In this case,

the aforementioned averaging and related quality control cannot be performed. Finally, a visual inspection of the data was305

conducted, and any additional obvious outliers were manually flagged before the data were released.

3 Results and Discussion

3.1 Raw data coverage

Over the period from January 2023 to December 2025 (36 months), we collected 14 million measurements. This dataset in-

cludes four months of outdoor side-by-side measurements for all sensors (Jan. 2023-April 2023), an additional twelve months310

of outdoor side-by-side measurements for a subset of 11 nodes (May 2023-May 2024), and up to 32 months of field mea-

surements (May 2023-Dec. 2025). The dataset that was used for sensor model calibration (outdoor side-by-side period for all

sensors) spans CO2 concentrations from 419 to 625 ppm, temperatures from -8.6 to 33 °C, relative humidity from 23 to 100 %,

and atmospheric pressure from 93486 to 99152 Pa. After applying the Müller filter, 80.2 % of all measurements are classified

as valid. A tabular overview of the collected data and its use for model training and sensor performance assessment can be315

found in appendix C.

Figure 8 shows the number of data points received and indicates valid and outlier-flagged data. A total number of 144

measurements is expected for each active sensor per day, with an average of 6.4 % of the measurements not received due to

LoRaWAN’s send-and-forget protocol. We observe a high fraction of outliers during humid periods in fall and winter: 21.65

% between September 2023 and February 2024, and 37.48 % between September 2024 and February 2025. Comparing the320

meteorological conditions of both periods reveals a significantly higher average humidity and slightly lower temperature during

Sept.-Feb. 2024/25 (82.0 %, 7.07 °C) compared to Sept.-Feb. 2023/24 (73.8 %, 9.3 °C). Additionally, the second winter has

double the number of hours with relative humidity above 90 % RH, the humidity range where the number of outliers increases

sharply. A further impact is exerted by the solar radiation shield, which will be discussed in more detail in Sect. 3.5. The share

of outliers among sensors within radiation shields during the second winter is slightly higher (38.6 %) than among devices325

without a shield (36.9 %). Some sensors began running out of battery in August 2025, after almost 3 years of continuous
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Figure 8. Raw data availability for the time period from January 2023 until October 2025. Each active node sends measurements every 10

minutes, resulting in a total of 144 possible data points per day. On average, 6.4 % of the expected data points were not received due to

poor LoRaWAN connectivity at certain locations. A high number of outliers occurred during fall and winter, as humid conditions negatively

affect the sensor measurements. Several weeks of bad weather, therefore, result in a low yield of valid data. Towards the end of the project in

December 2025, several sites were also decommissioned because they had been exhibiting poor data quality since September 2025.

operation. The sensor network was also partially dismantled in November 2025, particularly sensors that exhibited anomalous

signals after visual inspection of the data.

3.2 Selection of well-performing sensors

As a first-level quality metric, we assess the correlation between the temperature-corrected infrared signal log IR(CO2) and the330

reference CO2 mole fraction at standard conditions χCO2,wet,stp for the training time period (compare Fig. 6). The evaluation

of all 100 sensor nodes revealed a substantial performance spread, with some nodes consistently performing worse than others.

This performance spread is commonly observed in similar studies involving multiple sensors (Mueller et al., 2021; Creman

et al., 2026) and can be attributed to manufacturing variations in low-cost optical components, as well as to the spread in

the specificity and sensitivity of the detector and optical filter unit (Dinh et al., 2016; Ueno et al., 2013). Figure 9 shows the335

distribution of the correlation coefficients across all sensors for the training time period. The temperature-corrected raw signal

negatively correlated with the CO2 mole fraction, as higher absorption results in a lower sensor signal. Applying an empirically

chosen threshold of r <−0.7 identifies seven poorly performing nodes that deviate significantly from the rest of the sensors.

All subsequent analyses exclude these seven bad-performing sensors.

3.3 Sensor performance340

3.3.1 Measurement accuracy

The sensor performance was evaluated by comparison with measurements from a calibrated reference analyzer (Picarro G2301)

installed on the rooftop of our university building (site: TUMR). The sensor installation started on 2 May 2023 and continued
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Figure 9. Histogram of the correlation coefficient between log IR(CO2) and χCO2,wet,stp to identify poor-performing sensors based on the

raw sensor signal. High CO2 mole fractions result in a lower sensor signal (anticorrelation). Applying a threshold of r <−0.7 identified

seven out of 100 sensors that perform substantially worse than the rest. They likely suffer from manufacturing variations with the low-cost

optics or detector.

for several months. During the installation phase, some sensors remained side by side with the reference unit for multiple

months before their deployment. For performance evaluation, we selected 21 nodes that were co-located for more than three345

months between May 2023 and May 2024. A subset of 11 nodes was co-located for the full year to capture seasonal variability

and support robust performance evaluation. For comparison, we applied two additional calibration models substituting step 2

and 3 in our processing pipeline: a slope and bias correction of the sensor’s reported CO2 concentration and the calibration

model proposed by Müller et al. (2020). The Müller model is physically based on the Beer–Lambert equation and uses the

sensor’s raw IR measurements, temperature atmospheric pressure as model input. The raw data pre-processing (step 1), water350

dilution and drift correction (step 4-5) remain identical across all models. The performance assessment was carried out on

outlier- and drift-corrected hourly averaged values.

Figure 10 shows scatter plots against environmental influences of all 21 nodes, corrected with three different models. The

slope and bias correction achieves a substantial improvement compared to the manufacturer’s stated accuracy of ± 50 ppm, but

systematic biases can be observed at both temperature extremes (Fig. 10a), which also correspond to outliers in humidity and355

across the pressure range. The Müller model achieves a better performance than the slope and bias correction, but also shows

a systematic deviation, particularly at high temperatures (Fig. 10e). However, it is important to note that Müller’s training

dataset included climate-chamber measurements up to 52 °C and 1000 ppm CO2, covering a broader range of possible ambient

conditions and potentially providing a better fit at high temperatures and thereby avoiding these errors. However, the maximum

temperature in our climate chamber experiments is 32 °C since the significant heating caused by solar radiation was not taken360

into account when planning the experiments.

Finally, our model shows minimal systematic dependence of the residuals on atmospheric parameters but the reference CO2

mole fraction, indicating an underestimation of higher values (Fig. 10l). The deviation can be explained by the non-linearity
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of the LP8’s NDIR response at higher mixing ratios. We deliberately fit a first-order linear model, as the available data at high

concentrations are too sparse to robustly constrain higher-order terms and avoid overfitting. Polynomial or spline expansions365

can capture these deviations in principle, but tend to overfit in the well-sampled low-concentration region without improving

network-wide performance. We therefore retain the linear model as the most generalizable and robust choice across all sensors.

A second sensor-intrinsic effect is the finite temporal response, which dampens high-frequency signals that are well captured

by Picarro’s fast sampling (1 sec). The response time required for the sensor signal to reach 90 % of its final value after a

step change in concentration equals ten minutes under laboratory conditions (Senseair AB). Emulating this response by low-370

pass filtering the reference measurements reduces the residual slope, confirming the effect alongside the non-linearity. A third,

calibration-related contribution arises during multi-day CO2 accumulation periods under persistent stable conditions, which

produce a rising urban background signal. Under these conditions, the atmospheric situations required to anchor the drift

correction are absent. This leaves accumulated drift uncorrected and produces a systematic deviation. Users of the data can

draw on the city baseline to evaluate the time elapsed since the last calibration and thereby assess the associated increase in375

uncertainty. This systematic deviation at higher concentrations is even stronger for the other models (Fig. 10d,h).

Finally, Fig. 11 compares the field performance of the three calibration models across all sensor’s RMSE, MAE, and R2.

ROLS achieves a median RMSE of 9.46 [6.1-12.7] ppm, the Müller model 10.31 [5.3-25.0] ppm, and the slope and bias cor-

rection 11.7 [8.2-25.5] ppm. Similarly, the MAE decreases, and R2 increases across the sensor models. ROLS achieves a MAE

of 5.59 [4.3-9.5] ppm and R2 of 0.76 [0.55-0.89]. The consistently narrower distribution of ROLS across multiple sensors and380

all metrics demonstrates its suitability for the entire network.

Further performance assessment was conducted at sites with co-located ACROPOLIS mid-cost sensor systems. But at three

of six sites, problems were observed due to difficult measurement conditions on exposed rooftops and erroneous ACROPOLIS

measurements. At some other locations, we installed nodes that were initially classified as bad sensors (see 3.2) and replaced

their sensor element. We conducted additional 2-month side-by-side measurements with a Picarro reference analyzer and the385

replaced sensor element and deployed the devices accordingly. However, a leak in the air hose of the reference analyzer was

detected, leading the reference instrument to measure air from inside the measurement cabinet. In summary, it was not possible

to fit a meaningful sensor model for these devices. For the ACROPOLIS co-location at Bogenhausen and Klinikum Rechts der

Isar, we calculate RMSEs of 12.2 and 14.4 ppm, mean biases of 2.2 and 9 ppm, and R2 values of 0.48 and 0.64. This also

includes the measurement uncertainty of the ACROPOLIS system, which was evaluated at 1.16 ppm for hourly values.390

3.3.2 Location dependent bias

We tested the proposed drift correction scenarios with quality-controlled data from the ACROPOLIS sensor network (Aigner

et al., 2026b), which has a stated accuracy of 1.16 ppm, alongside Picarro data from the city-center reference station. The

resulting mean and variance provide estimates of the location-dependent bias and uncertainty. Figure 12a shows residuals

between all reference stations within the city relative to the HPB ICOS station. Filtering for wind speeds w̄s > 5 m s−1395

minimizes the differences but leaves a positive bias of 4.01 ppm. When creating the city baseline, we have subtracted this value

to obtain an unbiased baseline for this scenario. The standard deviation across all city locations relative to HPB is 2.87 ppm
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Figure 10. Residual scatter plots from 21 sensors available for side-by-side comparison with a reference analyzer. Residuals for three

calibration models are plotted against temperature, absolute humidity, atmospheric pressure, and the CO2 mole fraction. Residuals are

defined as the difference between the Picarro reference and the corrected sensor value.

(Fig. 12d). Combined in quadrature with the 1.16 ppm measurement uncertainty of the ACROPOLIS stations, this yields a total

uncertainty of 3.09 ppm. Figure 12b shows residuals between all ACROPOLIS stations and the TUM Picarro. For wind speeds

above 4 m s−1 during the afternoon hours, the differences are minimal, and a negative bias of 0.63 ppm persists, which again400

was subtracted from the city baseline. The standard deviation of 2.48 ppm yields a total uncertainty of 2.88 ppm when added

in quadrature with the measurement uncertainty. Figure 12c shows the network spread defined as the maximum-minimum of

at least eight active stations during afternoon hours. Restricting to a maximum spread of 9 ppm and afternoon hours yields a

standard deviation of 1.9 ppm with zero bias, and a total uncertainty of 2.3 ppm. We conclude that the location-dependent bias

remains below 3.1 ppm across all three scenarios, well below the measurement accuracy of the low-cost sensors and therefore405

sufficient to constrain the sensor-dependent drift.
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Figure 11. Field performance of 21 individual sensors co-located with a reference analyzer at a single site for at least three months between

May 2023 and May 2024. Boxplots show the distribution of RMSE, MAE, and R2 across individual sensors (n = 21) for three calibration

models: slope and bias, the Müller model (Müller et al. (2020)), and the proposed ROLS model. ROLS achieves the lowest median RMSE

and MAE and the tightest performance distribution, indicating robust and consistent behavior across devices.

Figure 12. Scatter plots (a-c) and corresponding residual histograms (d-f) for three drift-correction scenarios. Data from individual ACROP-

OLIS sites distributed across the city, and from a Picarro reference site (TUMR_P) in the city center, were used for the evaluation (TUMR_P

only for scenario 1). The scenarios were evaluated over 22 months, from 1 February 2024 to 31 December 2025, during which the Picarro

reference site TUMR_P was unavailable for 8 months. The 3-hour mean wind speed, w̄s, measured at the central meteorological station is

shown on the x-axis of panels a-c. Scenario 1 (a, d) uses data from the nearby Hohenpeissenberg ICOS station during wind speeds > 5 m s−1;

a remaining positive bias of 4 ppm is observed. Scenario 2 (b, e) relies on a single Picarro reference station at TUMR, allowing for a lower

wind-speed threshold of 4 m s−1. Scenario 3 (c, f) applies the mean concentration of all sites within the city boundary XCO2,i when the

maximum difference among at least eight stations is below 9 ppm during the afternoon (12:00-15:00 UTC).
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Table 1. Final sensor performance, combining the measurement uncertainty with the location-dependent bias introduced by the drift correc-

tion, for three drift correction scenarios. Measurement accuracy and field performance are given as median [minimum, maximum].

Scen. 1 Scen. 2 Scen. 3

Location dependent bias 3.09 ppm 2.88 ppm 2.3 ppm

Measurement accuracy 9.46 [6.1-12.7] ppm

Field performance 9.95 [6.41-13.1] ppm

3.3.3 Overall sensor performance

The measurement accuracy of the sensors was evaluated at a single, well characterized site (TUMR). To determine the field

performance, we add the uncertainty from the drift correction in quadrature to the measurement uncertainty resulting in an

expected median sensor performance of 9.95 ppm. In the best case (well-functioning sensor combined with scenario 3 for drift410

correction) this reduces to 6.41 ppm. In the worst case it reaches 13.1 ppm. This upper limit is optimistic, as it presumes inde-

pendent measurement and drift-correction errors and drift corrections frequent enough to prevent accumulation. A shortcoming

of our experiment is that no street-level reference data are available in Munich. We therefore cannot assess sensor performance

across multiple independent sites with distinct characteristics and local source contributions. For the drift correction, omitting

the vertical gradient between roof and street level is nonetheless justified by the filtering criteria applied. High winds (scenario415

1) and afternoon hours (scenarios 2 and 3) promote strong mechanical and convective mixing, which suppresses vertical mole

fraction differences. Under these conditions the roof-level reference is representative of street level, so the omission introduces

negligible bias. We acknowledge the limitations of assessing network-wide sensor performance at a single site and recommend

that similar studies incorporate reference measurements at multiple street- and roof-level sites to obtain sufficient validation

data. An overview of the findings of the sensor performance is provided in table 1.420

3.4 Quality-controlled dataset

Following the logic presented in Sect. 2.3.6, we report the averaged signal from sites where two sensor nodes are located. The

post-processed data conform to the ICOS ATC data format and are classified as Level 2B quality, meaning that measurements

from the primary CO2 sensor are corrected using co-located on-board sensors (temperature, humidity, pressure) and external

reference data (Schneider et al., 2019). Figure 13 depicts the process for an exemplary site (ERHV). The 6-day rolling mean425

absolute difference (Fig. 13a) is below the defined threshold until one sensor starts showing abnormal, outlier-prone behavior.

Then the MAD repeatedly exceeds the defined threshold, triggering changepoints that partition the timeseries into distinct

periods. In each period, the sensor with the lower average outlier ratio (Fig. 13b) is selected, filtering out episodes where one

sensor degrades relative to the other. Panel (d) shows the final signal, which underwent further manual visual inspection to

identify remaining artifacts and outliers not captured by the automated process. The finalized datasets for 50 sites have been430

uploaded to the ICOS Carbon Portal (Kühbacher and Chen, 2026a) and are publicly available. In the final, quality-controlled

files 90.51 % of all observations are O-flagged, after automatic and manual quality control.
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Figure 13. Illustration of the post-processing logic to extract a single sensor signal from two nodes at the same location. Panel (a) shows

the 6-day rolling absolute difference between both nodes, which is used to determine changepoints (gray vertical lines). For time periods

between two changepoints, the sensor signals are average if the mean absolute difference remains below a threshold of 17 ppm. If the MAD

is above the threshold, we select the sensor with the lower outlier ratio (panel b) is reported (panel d). This example shows two nodes (IDs

13095 and 13141) at the ERHV site.

3.5 Impact of the solar radiation shield

At an early project stage, we applied the calibration model proposed by Müller et al. (2020) to improve the measurement

accuracy. However, it consistently reported incorrect values during summer, when temperatures exceeded the temperature435

range observed during our side-by-side campaigns at Empa-Dübendorf and the site TUMR. To keep the sensor temperature

closer to ambient conditions, sensor nodes at 35 sites were deployed in solar radiation shields (see Sec. 2.2.1). The paired nodes

within the shield show excellent agreement with each other (∆T = 0.01±0.12◦C; ∆RH = 0.25±2.4 % RH), evaluated across

all sensors deployed in radiation shields from June 2024 to December 2025.

To assess the effect of the naturally ventilated solar radiation shield on temperature and humidity measurements, three440

sensor nodes were co-located with a reference-grade meteorological station: two housed within the radiation shield and one in

the manufacturer’s original casing. The shielded sensors cover the period from May 2024 to Nov. 2025, while the unshielded

sensor was only co-located until Nov. 2024. For comparison, the measurements of both sensors inside the shield were averaged.
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Relative to the reference station, the shielded sensors exhibit a mean temperature bias of −0.29◦C and an absolute humidity

offset of 0.31gm−3. Under high solar radiation (> 50Wm−2), shielded measurements (Fig. 14a-c) are typically ∼1◦C lower445

than the reference, while at low radiation (< 50Wm−2) both agree well. This negative bias during sunshine can be attributed

to the faster response of the reference station due to its active ventilation and to evaporative cooling from moisture retained

within the radiation shield. In contrast, the unshielded sensor (Fig. 14d-f) exhibits extreme radiative heating with temperature

differences up to 10◦C.

Both configurations measure a higher average absolute humidity than the reference. However, the relative humidity inside450

the radiation shield is notably higher (+2.05%RH) than for the unshielded setup (−0.7 %RH), particularly under solar radi-

ation and consistent with the lower temperature inside the shield reducing the saturation vapor pressure. Both setups strongly

underestimate humidity above 80%RH and exhibit pronounced nonlinear deviations in their relative-humidity measurements.

Wind speed had no significant observable effect on the residuals of temperature and humidity.

In summary, the shield significantly improves temperature accuracy, whereas sensors without it exhibit substantial excess455

heating when solar radiation is present. The humidity is, on average, higher inside the shield. Furthermore, as shown exem-

plarily in appendix D1, a lot of dirt accumulated in some of the radiation shields, and the slightly rusty screws suggest high

humidity or stagnant moisture, which creates a humidity-buffering effect and leads to additional outliers. Although the sensor

inside the inner bracket was not contaminated, the dirt on the outside has likely affected the measurement.

In conclusion, we recommend protecting the sensors from strong solar radiation using suitable radiation shields, whilst en-460

suring adequate ventilation (active ventilation) and regular maintenance to ensure a clean and stable measurement environment.

In our case, the decision was made in the summer of 2023, when we applied slope and bias correction or the Mueller model

during data processing, both of which produced very large outliers at high summer temperatures (see Fig. 10a,e), which were

counteracted by the radiation shield. This issue could also be solved with the proposed ROLS model that provides a more

robust temperature correction across the range.465

3.6 Use cases

3.6.1 Diurnal cycles and location characteristics

Averaged seasonal diurnal cycles for six selected sites across distinct urban microenvironments (Fig. 15) demonstrate that the

SCOUT network resolves CO2 variability across sites with distinct emission and uptake characteristics. The regional back-

ground site (HPB) is shown for reference and remains largely invariant throughout the day across all seasons, with mole470

fractions consistently below those observed at the urban network sites. In winter, all sites show a pronounced bimodal cycle

with a sharp morning peak around 06:00–08:00 UTC and an evening peak around 17:00–19:00 UTC. The morning peak ampli-

tude increases with traffic volume, with higher amplitudes at a traffi-heavy site (LANC), intermediate amplitudes at light-traffic

a site (LOTC), and lower amplitudes at a suburban site (SMIA). This is consistent with the combined effect of local source

strength and a shallow nocturnal boundary layer. A shallow boundary layer with similar diurnal behavior can be observed475

in autumn. In contrast, the suburban/biogenic site (SMIA) display the most pronounced afternoon drawdown in spring and
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Figure 14. Effect of solar radiation on temperature and humidity measurements inside the manufacturer enclosure and solar radiation

shield under varying radiation conditions. Panels a–c show residuals between a shielded sensor and a reference meteorological station for air

temperature (∆T ), absolute humidity (∆AH), and relative humidity(∆RH). Panels d–f show the corresponding residuals for an unshielded

sensor. Mean biases and 95 % confidence intervals are indicated in each panel. Under high radiation (> 50Wm−2), the unshielded sensor

exhibits pronounced positive temperature biases due to radiative heating, whereas the shielded sensor remains close to reference conditions

with a slight negative bias. The shield also affects humidity: relative humidity inside the shield is, on average, 2 % higher than without.

summer, attributable to photosynthetic uptake, together with elevated nighttime concentrations driven by ecosystem respira-

tion under stable boundary-layer conditions. Seasonally, winter cycles show the highest mean concentrations and the largest

morning peaks, while summer cycles are shaped by biogenic activity and enhanced vertical mixing. Overall, the consistency

between sensors across urban sites with similar emission characteristics confirms that the SCOUT network captures temporal480

CO2 variations associated with specific urban emission and uptake regimes.

3.6.2 Winter morning enhancement as local emission proxy

The morning enhancement before the boundary rises (03:00–07:00 LT) during wintertime (Dec.-Feb.) provides a suitable

regime for a qualitative inference of local emission strength from low-cost sensor data (Shusterman et al., 2018). A shal-

low nocturnal boundary layer and suppressed vertical mixing trap emissions near the surface, while biospheric fluxes are485

strongly reduced by low temperatures and vegetation dormancy. Local combustion sources such as residential heating and road

traffic, therefore, dominate the signal, producing enhancements of several tens of ppm that lift it well above the expected low-

cost sensor uncertainty. Averaging over the three winter months further suppresses day-to-day variability in meteorology and

source activity, yielding a robust mean enhancement representative of typical local emission strength. We compare the winter

2023/2024 morning enhancement with Munich’s high-resolution 2024 emission inventory (Kühbacher et al., 2025), gridded at490
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Figure 15. Seasonal diurnal cycles for six selected sites with different characteristics and the regional background (HPB, black). Hourly

mean CO2 mole fractions are averaged over each season and shown as a function of hour of day (UTC) for (a) winter, (b) spring, (c) summer,

and (d) autumn. Sites are grouped by dominant emission and uptake characteristics: heavy traffic (LANC, blue), light traffic (LOTC, orange),

and suburban/biogenic (SMIA, green). The regional background site HPB (black) is shown as a reference.

100 × 100 m. Inventory emissions are aggregated within a 300 m buffer around each sensor location. Sensitivity tests indicated

that the correlation with the observed enhancement remains similarly high for buffer radii up to 500 m and decreases beyond,

while disaggregating by sector (e.g., road transport) does not improve the correlation. This suggests that the signal is dominated

by local sources and integrates across multiple emission sectors. Figure 16a shows the correlation r between the inventory CO2

emissions and the observed morning enhancement, while panel (b) presents the measured morning enhancement superimposed495

on a spatial map of the emission inventory. The strongest enhancement of 34 ppm was observed at LANC, close to a busy road

(Mittlerer Ring) with around 100,000 vehicles on an average weekday. The co-located governmental air quality monitoring

station is also known for its high measured annual average nitrogen oxide levels (Bayerisches Landesamt für Umwelt, 2025),

which are attributable to both heavy traffic and local accumulation effects in the surrounding urban canyon. The DOMV and

PETV sites are located near roads with similar traffic levels but are not surrounded by a narrow urban canyon. Therefore, they500

can be expected to have better ventilation. Overall, all sites with a strong morning enhancement are heavily traffic-dominated.

The lowest enhancements (< 4 ppm) were observed at LITA, ASAA, and MARA. These sites are located in the city’s southern

suburbs, away from busy roads, in residential areas with lower population density, consisting mainly of single-family homes.

The red dashed fit line indicates a minimum enhancement of 3.3 ppm (y-intercept) across all sites beyond the 300 m buffer,

which is affected by urban emissions. The slope of the line is 1.37 ppm of morning enhancement per kt of emissions in the505

inventory. We conclude that the sensors provide useful qualitative information on local emission strength and that the derived

emission proxy is consistent with the emission inventory. A more detailed analysis that accounts for meteorological conditions,

including boundary-layer height, temperature and wind, could be part of a future study.
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Figure 16. Correlation of the Munich city emission inventory and the winter morning enhancement (03:00–07:00 LT) measured by the

SCOUT network in Nov. 2023 until Feb. 2024. Panel (a) shows the correlation between the measured enhancement and emissions of the

inventory within a buffer distance of 300 m around the sensor location. A maximum enhancement of 34 ppm was observed at LANC, a

heavily traffic-dominated site. Similarly, DOMV and PETV are close to busy roads and show strong morning enhancements. The red-dashed

fit line (y = 3.3+1.37x) suggests a minimal enhancement of 3.3 ppm for all stations and a 1.37 ppm enhancement per kt CO2 emission. In

panel (b), the sensor locations and corresponding morning enhancements are superimposed on Munich’s high-resolution emission inventory

(Kühbacher et al., 2025), with sizes and colors varying with the measured enhancement strength.

4 Conclusion

This study presents the deployment, data-processing strategy, and measurement accuracy of SCOUT, a low-cost CO2 sensor510

network with 100 nodes deployed in Munich. The nodes are mounted in pairs on street-lamp posts for redundancy and fault

detection, and sensors at 35 sites were mounted in solar radiation shields to prevent excessive heating. In many locations, the

sites are co-located with governmental air quality stations, low-cost air quality stations, traffic detectors, and the mid-cost CO2

sensor network ACROPOLIS. We propose a novel data-processing strategy based on a rolling regression model to correct for

the strong, non-stationary temperature dependence of the raw sensor signal. The processed raw signal is fed into a multiple515

linear regression model, optimized using 4 months of reference data to calculate the CO2 mole fraction. Model accuracy

was assessed at a single reference station equipped with a Picarro analyzer, and a median RMSE of 9.46 [6.1-12.7] ppm was

calculated for a subset of 21 sensors over the time period of 3 to 12 months. Our proposed model shows negligible residual

dependence on temperature, humidity, and atmospheric pressure. A long-term drift-correction strategy based on three reference

scenarios is presented and evaluated using data from a Picarro reference station and the ACROPOLIS network in Munich. After520

drift correction, a location-dependent residual bias of σ < 3.1 ppm remains. The total measurement uncertainty, combining

contributions from the drift-correction method and intrinsic sensor noise, is estimated at 9.95 [6.4-13.1] ppm for all sensors.
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We collected a total of 14 million measurements from January 2023 until December 2025. After applying an outlier detection

algorithm on the raw 10-minute data, 19.8 % of the data points were flagged with a higher share during winter, caused by

adverse atmospheric conditions for the measurements, primarily by high humidity. The sensors perform better under dry525

environmental conditions. The winter 2023/2024 shows a lower fraction of outliers than winter 2024/2025, which is related

to significantly higher humidity in the second winter and to a humidity-buffering effect of the solar radiation shield. The

unventilated radiation shielding trapped moisture and lead to the build-up of debris. Nevertheless, the radiation shield provides a

more stable measurement environment for the sensors by reducing diurnal temperature amplitudes and demonstrates significant

improvements in temperature measurements. This makes the data also useful for other urban climate related studies, such as530

those on the urban heat island effect.

Applying the data in two use cases to explore local emission characteristics and spatial variability shows that they can

provide valuable CO2 observations at street level, complementing the roof-level measurements of ACROPOLIS and MUCCnet

in Munich. While the associated measurement uncertainty is higher, applying individual sensor models and careful calibration

can achieve measurement accuracy sufficient to resolve signals from strong local sources (e.g., traffic or biogenic processes).535

It captures the traffic-related and near-surface variability that rooftop monitoring misses, making the network suitable for

high-resolution urban emission modeling.

Drawing on the findings of SCOUT, we propose the following recommendations for similar networks:

– Carefully control for the temperature-induced signal component e.g. through our novel algorithm to explicitly separate

the temperature-dependent signal component.540

– Co-deploy sensors in pairs to enable cross-checking and fault detection. Given the low unit cost, this redundancy can be

achieved economically.

– House sensors in a radiation protective shield with active ventilation to prevent radiative heating and buffering of mois-

ture.

– Apply annual to bi-annual maintenance and, where possible, periodic recalibration with higher-grade reference instru-545

ments to ensure good measurement performance over a long time period.

– Take specific care of sensors co-located with reference instruments, and (if possible) incorporate co-located reference

measurements at multiple street- and roof-level sites to collect data for model and method validation.

In future studies, we will make use of the vast number of co-located sensors measuring air pollutants and traffic volume to

explore further use cases for the sensor data. It provides unique, direct observations of the urban emissions environment with550

high spatial density and offers new opportunities to resolve spatial variability of emissions. Furthermore, experiments with

the sensor’s successor, the Senseair Sunrise, show promising results for future low-cost CO2 networks. Building on this, we

propose two complementary paths for next-generation low-cost networks. First, integration with low-cost air-quality sensors

toward a more general, multi-species monitoring system. Second, operation within a temperature-controlled, reference-gas-

corrected platform such as ZiCOS-M or ACROPOLIS, which could yield a substantial performance gain.555
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Appendix A: Sensor working principle

The physical working principle of optical gas measurement as used in this NDIR sensor is the Beer-Lambert Law:

log

(︃
I0
I1

)︃
= ϵλ · c · d (A1)

I1 and I0 represent the detected and emitted light. ϵλ is the wavelength-dependent molar attenuation coefficient [m2 mol−1],

c the number density of the gas in the light path [mol m−3], and d the path length of the light beam through the optical cell.560

Carbon dioxide has a strong absorption in the mid-infrared range at 4.2-4.3 µm (Gordon et al., 2022).

The molar mixing ratio χCO2 of CO2 in moist air is related to the number density cCO2 via the number density of air cair

and subsequently the number of moles n= c/V . The number of moles in air depends on the atmospheric pressure p and

temperature T , as defined by the ideal gas law.

χCO2
=

cCO2

cair
=

nCO2

nair
(A2)565

nair =
R ·T
p ·V = np0,T0 ·

p ·T0

T · p0
(A3)

χCO2
= cCO2

· V

np0,T0

· T · p0
p·T0

∝ cCO2
· T · p0
p·T0

(A4)

with p, T , and V denoting the pressure, temperature, and volume of the gas, p0 = 1013.25 hPa, and T0 = 273.15 K, and570

np0,T0
the number of moles in the air at standard conditions. The volume and number of moles at standard conditions are

constant and therefore, the molar mixing ratio is proportional to the number density through the ratio T ·p0

p·T0
.

A1 Electrical sensor characteristics

The detector and light source remain off except during measurement. The detector is first powered on, and after a settling time,

a dark-current measurement is taken with a specified integration time. After 80 ms, the light source emits a 50 ms light pulse575

through the optical cell, and a second measurement is taken. In the presence of CO2, absorption reduces the signal increase.

Subtracting the dark-current measurement from the illuminated measurement yields a detector signal that is proportional to

the CO2 number density (Eq. A1). This technique, known as correlated double sampling (CDS), is illustrated in Fig. A1 using

oscilloscope measurements of the sensor. Information on the exact integration time, readout logic, and path length of the optical

cell is not publicly available.580
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Figure A1. Measured detector and lamp voltage waveform of an LP8 NDIR CO2 sensor. After powering the detector and a settling period,

a dark current measurement is taken. Then, the lamp is powered, and an acquisition measurement is taken. The difference between the two

measurements is proportional to the CO2 number concentration cCO2 along the light path between the lamp and the detector. The blue-shaded

areas illustrate exemplary 20 ms intervals during which the measurements are integrated.

Appendix B: Hyperparameter sensitivity test

Figure B1. One-at-a-time sensitivity of the field performance to the three hyperparameters in the calibration model, evaluated across 21

sensors co-located with the reference analyzer. Each parameter is varied while the remaining two are held at their selected values (dashed

lines: rolling window 4000 samples, smoothing window 35 d, humidity threshold 94 % RH). Lines show the median RMSE (top) and R2

(bottom) across sensors. Shaded bands indicate the minimum and maximum values across sensors. All three parameters exhibit a broad

plateau around the selected values, with the median RMSE varying by less than 0.5 ppm within the plateau region. Across all settings,

the sensor-to-sensor variability of 6 to 8 ppm exceeds the median’s variation by an order of magnitude, indicating that sensor-to-sensor

variability, rather than hyperparameter selection, dominates the performance spread.
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Appendix C: Overview of the training and deployment datasets

Table C1. Overview of the measurement data time periods used for sensor model training and evaluation of the sensor performance.

Time period Site Usage

2023-01-01 to 2023-29-03 Outdoor side-by-side for all sensors at Empa-

Dübendorf (DUEB)

Sensor model training

2023-04-12 to 2023-05-01 Outdoor side-by-side for all sensors at the Technical

University of Munich (TUMR)

Sensor model training

2023-05-02 to 2024-04-16 Outdoor side-by-side for 10 sensors at TUMR Evaluation of the sensor performance; Parameter-

ization of the rolling window and median filter

length

2023-05-02 to 2025-12-31 Field deployment Deployment to the selected locations; Sensors that

stayed at the reference site TUMR for more than 3

months are included in the sensor evaluation.

Appendix D: Inside the radiation shield

Figure D1. Example of a contaminated sensor inside its radiation shield after approximately two years of field deployment. Dirt and partic-

ulate matter accumulated over this period may have substantially affected the sensor’s data quality.
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