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Abstract

We provide a long-term evaluation of compact, all-in-one automatic weather stations (AiOWS)
compared to professional-grade Automatic Weather Stations (AWS). We examine the
performance, longevity, and degradation of six AiOWS models over several years of non-
serviced use. The objective was to determine how closely these low-cost stations meet World
Meteorological Organization (WMO) performance standards for temperature, humidity, wind,
and precipitation, and to identify their weaknesses and maintenance needs.

Previous studies show the potential value of AIOWS when data are properly quality-controlled,
yet long-term reliability remains uncertain. To address this we deployed six AiOWS units—Davis
VVue, Davis VP2, METER ATMOS41, Lufft WS601, and Vaisala WXT520, alongside two
collocated reference AWS meeting WMO standards. Before field installation, each unit was
tested in the calibration lab of the Royal Netherlands Meteorological Institute (KNMI) for
baseline validation. The stations were then operated in open terrain for multiple years without
any servicing, simulating worst-case-scenerio end-user neglect.

Initially, all AIlOWS met manufacturer specifications. After long-term exposure, however, sensors
displayed varied durability. The Vaisala unit operated continuously for over 13 years, while
others failed between four and seven years due to corrosion, component wear, and sensor drift.
The METER and Davis VVue remained mostly functional but with degraded performance,
whereas both Davis VP2 rain gauges failed early due to reed switch damage.

Temperature measurements were the most robust. In climate chamber tests, new and aged
sensors maintained accuracy within +0.3 °C across -15 °C to 30 °C, drifting slightly
(underestimating by 0.5-0.7 °C) above 30 °C. Field data confirmed these results, though strong
solar radiation caused overestimations during summer. The Vaisala and Davis VVue units
remained within WMO Class B limits after multiple years. Relative humidity showed consistent
deterioration. Most sensors overestimated low humidity and underestimated above 90%,
particularly the METER unit, whose bias grew markedly after five years. Wind speed accuracy
degraded due to mechanical wear. Cup anemometers underreported low winds and failed
completely in some cases. Sonic sensors (Vaisala, METER) produced erratic readings after
several years, highlighting their fragility outdoors. Precipitation performance was weakest
across all models. Tipping bucket designs suffered from clogging, internal corrosion, and
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undercatch errors, while haptic or drip-based sensors became inaccurate as components aged
or fouled.

We concluded that compact AIOWS can provide scientifically useful temperature data if properly
managed but fall short for humidity, wind, and particularly precipitation unless regularly serviced.
Long-term unattended operation severely limits reliability, yet moderate maintenance can
potentially restore performance close to WMO Class A/B standards, extending their utility for
dense observation networks.

1. Introduction

Over the past decades, compact Personal Weather Stations (PWSs)/ All-in-One automatic
Weather Stations (AiOWSs) have become widespread, offering meteorological measurements
at low costs compared to conventional Automatic Weather Stations (AWSs) operated by
National Meteorological Services (NMSs). NMSs, such as the Royal Netherlands Meteorological
Institute (KNMI) are using this data in tiered networks, where it is combined with AWS data to
improve numerous products ranging from rainfall to temperature nowcasting and numerical
weather prediction (Demortier et al., 2024). Their affordability and ease of deployment have
enabled a rapid expansion of observational networks, particularly in data-sparse regions and
citizen science initiatives. Many peer-reviewed studies have demonstrated the scientific value of
AiO WSs in varied research applications. These low-cost, rapidly deployable instruments have
been used for urban climate monitoring (Meier et al., 2017), air quality and heat stress exposure
assessments (Chapman et al., 2020), and enhancements of meteorological networks beyond a
backbone of AWS sites (Overeem et al., 2013). De Vos et al. (2017) showed that crowdsourced
data from hundreds of AIOWSs across the Netherlands could be statistically corrected to
produce high-resolution rainfall maps comparable to those from official networks. Similarly,
Meier et al. (2017) validated temperature data from citizen-operated stations in Zurich, finding
them suitable for detecting spatial variations in urban heat islands. These studies highlight that,
when properly calibrated and quality-controlled, data from AIOWSs can meaningfully contribute
to scientific research, particularly in applications where high spatial density is prioritised over
individual sensor quality. AiOWSs have also shown promise in observing deep-convective
processes near the ground (Mandement and Caumont, 2020), monitoring urban heat islands
(Wolters and Brandsma, 2012), filling precipitation observation gaps from official monitoring
networks (de Vos et al., 2023; Imhoff et al., 2025), quantifying wind patterns in urban
environments (Droste et al., 2020), and capturing complex dynamical processes in cities
(Brousse et al., 2022).

The World Meteorological Organization (WMO) provides guidance for the deployment and
operation of AiOWSs through its Guide to Instruments and Methods of Observation (WMO-No.
8). While AIOWS systems are not typically formally certified to meet WMO performance
standards, their measurement principles, and operational concepts often align closely with those
applied to AWSs in professional networks. These include instrument characteristics such as
measurement accuracy, long-term reliability, structural durability and ease of maintenance. The
WMO also emphasizes the importance of routine inspection and preventive maintenance,
particularly for sensors exposed to outdoor conditions. Proper siting (away from buildings, trees
and shading) is important, with problematic AiOWS placement locations requiring to be noted in
metadata. Furthermore, the WMO promotes quality control procedures, metadata management,
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and intercomparison testing to ensure interoperability and scientific utility. For AiOWSs to
contribute meaningfully to research or operational monitoring, alignment with an agreed global
set of standards is (in our opinion) the best option to encourage greater use of AiOWS
observations amongst the science community.

Although well-managed networks of AiOWSs are useful for research and can adhere to WMO
guidance on siting, operation and servicing, many networks or individual AiOWSs are likely not
maintained according to WMO guidelines for siting and operation. As a result, this has prompted
numerous studies evaluating their accuracy and reliability. Vu€kovi¢ and Schmidt (2023)
analysed city-wide data and found a “substantial amount of erroneous occurrences” (gaps and
faulty signals), especially in humidity readings. This shows broader concerns with the equipment
when compared to official AWSs; AiOWSs often have suboptimal siting, and exhibit unmonitored
and uncorrected instrument drifts. Hahn et al. (2022) similarly note that some AiOWSs have
temperature biases in excess of WMO guidelines often caused by solar heating or non-standard
placement such as indoors or shielded locations. These issues have motivated the development
of rigorous quality control (QC) methods (e.g., statistical bias corrections) to vet AIiOWS
observations prior to use (Nipen et al., 2020; Alerskans et al., 2022). Nevertheless, confidence
in raw data quality is lowered by these issues, underscoring the need to benchmark AiOWSs
against reference instruments under real-world conditions.

The influence of solar radiation on temperature measurements from unaspirated radiation
shields represents one of the most widely documented sources of positive temperature bias in
AiOWSs. Unlike professional AWSs, which employ actively ventilated multi-plate radiation
shields, compact AiOWSs typically use passive, unventilated housings that can trap solar
energy and warm the sensor above ambient air temperature. Under high solar irradiance and
low-wind conditions, this radiation-induced bias can exceed 1-2 °C (Nakamura and Mahrt,
2005; Huwald et al., 2009), with the magnitude strongly dependent on wind speed: still-air
conditions eliminate convective heat loss from the shield and maximise the warm bias. Cornes
et al. (2020) demonstrated that statistical post-processing can substantially reduce this
radiation-induced bias from crowdsourced temperature data, but such corrections require
concurrent measurements of solar irradiance and wind speed, which are not always available
from AIOWSs deployed in citizen-science networks.

Systematic humidity sensor drift is a well-documented characteristic of the polymer-film
capacitive sensors used in virtually all compact AiOWSs. Bell et al. (2017) conducted an in-
service drift study and found that AiOWS humidity sensors exposed continuously to outdoor
conditions developed increasing positive bias at low-to-mid range humidity values, alongside
growing negative bias at near-saturation conditions (>90% rH). The mechanism involves
progressive contamination of the polymer film, heat-induced degradation of the hygroscopic
coating, and thermal cycling of the capacitive element. Ingleby et al. (2013) identified similar drift
signatures in operational surface weather station networks and recommended at minimum
annual recalibration for humidity sensors exposed to maritime or humid continental climates.
These findings are particularly relevant for the Netherlands, where rH frequently exceeds 90%
and maritime air masses dominate. Lower-cost sensor designs, such as those found in the
Netatmo weather station, are particularly susceptible: moisture can ingress into the sensor
housing and temporarily oversaturate the capacitive element, causing the instrument to report
near-100% rH for extended periods even after conditions have returned to ambient (Bell et al.,
2017). This failure mode has implications not only for rH accuracy itself, but also for derived
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meteorological quantities such as Wet Bulb Globe Temperature (WBGT), which is of particular
importance in tropical and sub-tropical environments where heat stress monitoring is critical.

Long-term precipitation measurement reliability in unattended AiOWSs has received
comparatively less systematic attention than temperature or humidity. Segovia-Cardozo et al.
(2023) provide a comprehensive review of tipping-bucket rain gauge uncertainties, identifying
wind-induced undercatch, evaporation losses, and mechanical wear as primary error sources in
unattended instruments.

The aim of this work is to quantify how closely compact AiOWSs approach WMO performance
guidelines, and to assess their sensor longevity and failure modes observed both in our
experiment and also reported in the literature. This paper publishes data from an opportunistic
AIOWS evaluation experiment conducted at the test field of KNMI in De Bilt, the Netherlands
using the following AiOWSs: Davis VP2, Davis VVue, METER ATMOS41, Lufft WS601, Vaisala
WXT520. By directly benchmarking compact AiOWSs against standard meteorological
instruments, our aim is to understand the practical accuracy and longevity limits of a selection of
commonly used AIOWS models. We report observations on sensor accuracy and long-term drift
from the literature and from our long-term field experiment, focusing on temperature, humidity,
wind, and precipitation measurements.

2. Data and Methods

2.1 AiOWSs included in study

We test seven AIOWS systems in this study: Davis VP2 (instruments TX1 and TX2), Davis VVue
(called TX7 and TX8 in this paper), METER ATMOS41, Lufft

An overview of the technical specifications of each AiO WS, including power source, temporal
resolution, and precipitation measurement principle, is provided in Tables 1 and 2.

2.2 AiO WS placement and AWS co-location

The opportunistic AiOWS evaluation experiment was conducted at KNMI's test field in De Bilt,
the Netherlands (Figure 1). Each AIOWS was initially assessed in the KNMI calibration
laboratory—using a climate chamber, wind tunnel, and rain simulator—before being deployed in
the field with minimal maintenance for multiple years. The AiOWS models mounted in open
terrain at heights between 1.2 and 1.6 m. The study represents a ‘worst-case’ scenario typical of
many end users: no instrument maintenance, cleaning, or mid-deployment recalibration was
performed.
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Figure 1. Left: Satellite image of the KNMI testfield. The AiOWSs, and AWS 06261, are indicated with a blue
square; AWS 06260 is indicated with a red circle (approx. 200 m apart). Inset shows a map of the Netherlands
indicating the location the testfield (52.099°N, 5.176°E). Right: Photographs of the aged AiOWSs at the
testfield.

Throughout the multi-year deployment, we compared colocated AiOWS data with high-quality
AWS measurements to detect biases, sensor drift, and data gaps. All observations from AWS
06260 are fully calibrated to WMO AWS standards.

This approach follows prior field comparisons of AiOWS, such as Jenkins (2014) and Bell et al.
(2015 and 2017) who co-located Davis and Fine Offset stations for one year, and Drozdziot and
Absalon (2023), whose multi-month comparisons tested amateur rain gauges against certified
Hellmann gauges.

2.3 Laboratory Calibration

Prior to deployment, each AIOWS underwent calibration laboratory testing to quantify baseline
accuracy, operational range, and to verify consistency with manufacturer specifications. All
AIOWSs tested initially met manufacturer specifications (Table 2). After being deployed in the
field for a minimum of 5 years, the AIOWS were removed and reassessed in the calibration
laboratory.

Temperature sensors were tested in a climate chamber using 5 °C incremental steps from -15
°C to +50 °C under 20% relative humidity with no wind or irradiation. Each step is held for one
hour to reach full equilibrium and noting the 1 minute average measurement at the end of the
hour. Relative Humidity (rH) testing involved making 10% rH step increments between 17% and
97% rH at a constant 20 °C temperature and no wind or irradiation. Equilibrium procedure as
was done for temperature. Assessment of wind speed accuracy was completed within a wind
tunnel, where the windspeed was adjusted from 1 m/s to 19 m/s in 2 m/s increments.
Measurement was taken after one to two minutes at stable reference speed. Finally, 10 mm of
simulated rainfall was applied three times to each of the functioning AIOWS, to assess
precipitation measurement accuracy.
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3. Results
3.1 AIOWS Life Span

Figure 2. Photographs of AiOWS at the end of their deployment, showing failed or damaged parts. (i)
METER’s drop counter system, using two gold plated electrodes. (iij)Corrosion of the sealed ball bearing
supporting the cup anemometer on the Davis VP2 instrument. (iii) Failed reed switch on the Davis VP2. (iv)
Corrosion on circuit boards and tipping bucket rain gauge in the Lufft.

Both Davis VVue units (TX7 and TX8), and the METER Atmos41 remained functional at the end
of deployment (10 years TX7 and TX8, 5 years for the METER). The Vaisala remained active for
>13 years in the field, eventually failing in July 2024 and prompting the finalisation of this
research.

In contrast, both Davis VP2 units (after 7 years, 4 months TX1, 6 years 8 months TX2) and the
Lufft WS601 (after 4 years and 2 months) ceased transmitting data. The Davis VP2 both had
raingauge failures very early on in deployment, and no reliable rainfall information was collected
for the entire deployment. Both Davis VP2s (TX7 and TX8) solar panel covering plastic had
become discolored, and upon removal of this plastic covering and insertion of a new battery,
both became partially functional again. The Lufft WS601 partially recovered functionality in the
lab, transmitting only rain gauge data. Evidence of substantial internal corrosion was found in
the Lufft WS601 (Figure 2d), possibly due to moisture intrusion. The Vaisala remained functional
for temperature and humidity until the final month of operation on the test field. The unit failed,
and could not be revived for subsequent the calibration laboratory. However, we note that the
Vaisala had operated for more than 13 years without maintenance, showing the potential
lifespan of AiIOWSs, as well as the risk of ‘zombie’ instruments (i.e. those that have been
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uncalibrated for many years but still actively broadcasting data), potentially increasing
uncertainty in data quality for networks of AiOWS.

Both Davis VP2 units continued to transmit temperature, humidity, and wind speed data, but
their tipping bucket rain gauges’ magnetic reed switches failed (Figure 2c), a known fragile
component in outdoor environments (Saraf and Ivan, 1978). Newer Davis VVue and updated
VP2 models utilise a more robust Hall-effect sensors in their tipping bucket rain gauges,
perhaps resulting in the longer life spans observed in TX7 and TX8. Although the METER
provided temperature, relative humidity, rainfall, and wind speed at deployment’s end, only
temperature and humidity measurements were considered reliable; wind speed and rainfall data
were implausible.

At the end of the deployment, it was found that no signal was able to be generated from either
reed switch, potentially indicating failure or corrosion of the Davis VP2's wiring and soldered
connectors (Figure 2c).
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3.2 Laboratory Calibration Post-Deployment
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Figure 3. Measurement difference of each AiO WS from the laboratory reference. (a) temperature (°C), (b)
relative humidity (%), (c) wind speed (m/s).
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For all aged AiOWSs that remained functional, Figure 3 shows the laboratory observed
measurement accuracy (see also Table 2 for initial quality/manufacturer’s specifications).

3.2.1 Air Temperature

All AiOWSs adhered closely to specifications within the 0-30 °C band (Table 2). The aged AiO
WS showed best performance within -15 to 30 °C, but above 30 °C, temperature was typically
underestimated (Figure 3a). All Davis AiOWSs (TX1,2,7 & 8) had less than 0.3 °C errors
between -15 to 30 °C, whilst above 30 °C all Davis and the METER AiOWS underestimated by
0.5 to 0.7 °C. Although laboratory tests for the aged Lufft AiO WS were unavailable, Fenner et
al. (2018) reported good precision (0.1 °C) for Lufft WS700UMB, consistent with the new unit
tests prior to deployment in this study. Due to non-operation status, the Vaisala (and
aforementioned Lufft) were not tested post-deployment for air temperature.

3.2.2 Relative Humidity (rH)

Post deployment, all AiO WSs demonstrated similar trends: measured rH started to drop relative
to the reference above ~60 to 70% rH. The METER performed poorest at low rH but accuracy
improved at higher rH values (Figure 3b). Davis TX1,2,7 and 8 rH sensors transition from slight
overestimation at low rH to underestimation above 70%, mirroring findings with Bell et al. (2017)
in their two-year drift study.

Due to non operation status, the Lufft and Vaisala were not tested post-deployment.

3.2.3 Wind Speed

Post-deployment, all Davis VVue (TX7,8) and VP2 (TX1,2) anemometers underestimated wind
speed, particularly below 3 m/s. One of the METER sonic transducer pairs malfunctioned,
recording constant 2 m/s easterly wind at zero real wind speed, and was excluded from further
tests (Figure 3c).

Davis VVue TX7 and TX8 improved accuracy at higher wind speeds (>10m/s). The two Davis
VP2 units performed differently compared to each other: TX2 worsened with increasing speed,
attributed to a rusted bearing evident in the wind tunnel run-up test (Figure 2b), while TX1
slightly improved, similarly to the TX7 and TX8, indicating that aging of the cup and vane does
not result in a consistent drift or offset that can be corrected at a later data processing stage.
Lufft, METER and Vaisala AiOWS were not tested, due to aforementioned malfunction.

Low-wind bias agrees with Droste et al. (2020), who found AIOWS cup anemometers often fail
to register light breezes. Davis VVue and VP2 devices slightly improved at mid-range speeds (5
to 12 m/s), whereas Vaisala WXT520 showed a steady —0.5 m/s offset. After eight years, no
aged units provided reliable wind data, confirming mechanical wear and bearing corrosion
degrade cup/vane accuracy, while sonic anemometers suffer from transducer failures.

3.2.4 Precipitation

The two Davis VVue units performed within specifications, with the VVue TX7 performing with a
-1% error (TX7 measurement vs applied rainfall amount), and the TX8 performed with a -5%
error. Both Davis VP2 had poor performance in tests; although the reed-switch mechanism
worked moderately well when assessed initially (-5% error), and the TX8 performed with a -5%
error. Both Davis VP2 units failed almost immediately in the field.

The Lufft AiO WS displayed good accuracy (3% error), but we did observe some sticking within
the tipping bucket mechanism during the test; where water overflowed the bucket and hence
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was not counted as part of the measurement. Interior corrosion of the tipping bucket was
evident upon disassembly (Figure 2d).

The METER AiOWS uses a drip counting mechanism; with the number of drips counted per
second relating directly to liquid precipitation entering the funnel. Initial tests conform to WMO
standards. However, upon removing the aged METER from the testfield, we observed that the
funnel was clogged with dust and insect debris, resulting in a delay in rain being fed into the drip
counting mechanism (Figure 2a). We attempted to clear the debris, and lightly clean the
contacts within the drip counting mechanism. However, this did not resolve the issue, and the
unit continued to report inaccurate rainfall. The mechanism is calibrated to form drips of a
precise volume; if the drip volume deviates from specification — whether through fouling of the
nozzle, partial blockage, or sensor aging — the counted drips will no longer accurately
represent the rainfall rate, resulting in systematic under- or overestimation.
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3.3 Field Performance
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Figure 4

Top: Relative humidity bias from the AiOWSs relative to the collocated AWS. Biases calculated for 10% rH
bins (as observed by the AWS), for all wind speeds, and bias observed exclusively at low wind speeds (0 to
1.5m/s) below.

Middle: Temperature bias from the AiOWSs relative to the collocated AWS. Biases calculated for 5 °C bins
(as observed by the AWS), for all wind speeds, and bias observed exclusively at low wind speeds (0 to
1.5m/s).

Lower: Temperature bias from the AiOWSs relative to the collocated AWS binned by global radiation
observed by the AWS. Biases calculated for differing global radiative forcings, for all wind speeds, and bias
observed exclusively at low wind speeds (0 to 1.5m/s).
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Daily rainfall performance vs KNMI reference — Station 260 (De Bilt)

(a) Daily rainfall absolute bias
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351  Figure 5. Upper: windspeed bias observed in the AiOWS operating <2m from the ground vs the collocated
352  AWS operating at 10 m above the ground. Biases calculated for 2m/s wind speed bins (with windspeed
353 observed by the AWS anemometer). Lower: rainfall bias observed in the AiOWS versus the AWS raingauge.

354

355

356  Figure 6. Detritus found in Davis VP2 tipping bucket rain gauge after 7 years of operation. For scale a ruler
357 (cm) is shown along the bottom.
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3.3.1 Temperature

In the field, all AiOWSs showed systematic temperature biases relative to the co-located KNMI
AWS (Figure 4). To isolate the contribution of solar radiation to these biases, hourly temperature
differences (AiO minus AWS) were stratified by global solar radiation measured at the AWS and
by concurrent wind speed, following the technique described by Bell (2015). Under all wind
conditions, the two Davis VVue units (TX7 and TX8) showed a clear radiation-dependent warm
bias: below 100 W m~2 the bias was near-neutral (=+0.1°C), rising to +0.4-0.7°C at irradiances
exceeding 600 W m™. This pattern is consistent with solar heating of the compact, passive
radiation shields used in these instruments, as documented by Nakamura and Mahrt (2005),
Huwald et al. (2009) and Bell (2015). Under low-wind conditions (1.5 m s™), the warm bias at
high irradiance intensified by a further 0.1-0.2°C, confirming that convective ventilation from
wind substantially mitigates radiation-induced heating of the radiation shield.

The Vaisala WXT520 showed a warm bias across all radiation bins (approximately +0.2-0.6°C),
largely independent of solar irradiance. This suggests a stable instrumental offset rather than a
radiation-induced artifact. The METER AiOWS, whose temperature data is subject to an internal
algorithmic processing correction, showed a slight cold bias under calm conditions (-0.1 to —
0.5°C), perhaps suggesting that METER'’s processing correction is not entirely optimised for this
particular instrument siting or not performing as intended.

The Lufft WS601 and Davis VP2 (TX1) were the most accurate, with biases generally within
10.2°C across all irradiance bins. This is likely due to the large radiation shield fitted to the Davis
VP2, and the active (fan driven) ventilation of the temperarture and humidity sensors within the
Lufft WS601.

3.3.2 Relative Humidity

Relative humidity biases in the field showed clear dependence on air temperature and wind
speed conditions. For the Davis VP2 (TX1), Davis VVue (TX7), Lufft, and METER, a systematic
positive rH bias was observed at moderate to high air temperatures: biases reached +4-10%RH
in the 15-25°C temperature range under calm-wind conditions (1.5 m s™), compared to +2—
6%RH across the full wind speed range. This wet bias is consistent with passive radiation-shield
warming of the sensor housing: at higher air temperatures and lower wind speeds, reduced
convective ventilation allows the sensor enclosure to warm above ambient, causing the
capacitive humidity element to report a rH value consistent with a warmer, drier air parcel than is
actually present (Cornes et al., 2020). The effect is amplified under calm conditions because
natural ventilation — the primary cooling mechanism in unaspirated shields — is insufficient to
prevent heat accumulation.

The Vaisala WXT520 showed the opposite pattern: a persistent dry bias of approximately -2 to
-5%RH, which remained stable across all temperature and wind speed bins. This systematic
dry offset is consistent with an instrument-level sensor offset and an aging effect in the Vaisala's
capacitive rH element, rather than a ventilation artifact which is discussed below. Stratification
by KNMI reference rH (Figure 8b) confirms this interpretation: the Vaisala's dry bias is consistent
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across all humidity bands from 0-40% to 80-90%, irrespective of the prevailing temperature or
wind conditions.

A particularly important feature is observed in the 90-100% rH bin (Figure 8b): all stations show
a reversal to a negative (dry) bias under near-saturated conditions, most strongly in the Vaisala
(—4.8%RH in the full dataset, -5.3%RH under calm-wind conditions). This reversal is consistent
with the known saturation-lag failure mode of polymer-film capacitive sensors described by Bell
et al. (2017): under near-saturated conditions, passive sensors tend to lag behind rapidly
changing rH, underreading as conditions approach saturation and overreading once saturation
events have passed.

Laboratory climate chamber results corroborated the field findings: all instruments
underrecorded rH above 90% and overrecorded rH below 70%, consistent with the field-
observed sign reversal at high humidity. A progressive worsening of the METER rH observations
was noted across all rH bands during the later deployment years, suggesting that sensor
deterioration may accelerate non-linearly with instrument age (Figure 4; see also Section 3.4).

3.3.3 Precipitation

Daily precipitation totals from all AiOWSs with functioning rain gauges (VP2 TX1, Lufft, METER,
Vaisala) were compared against the KNMI AWS daily total. Only days with AWS rainfall of at
least 0.2 mm were included to exclude dry-day noise. The percentage difference relative to the
AWS reference, stratified by daily rainfall amount, is shown in Figure 5.

The Lufft WS601 was the best-performing station, with a mean percentage underread of —13 to
—14% across all rainfall intensity bins. A slight positive difference (+9%) was observed for the
lightest events (0.2-2 mm day™), possibly reflecting inaccuracies in counting tipping bucket
events at low rainfall accumulations. The Vaisala WXT520 showed consistent undercatch of 42—
53%, largely independent of rainfall intensity, consistent with the known sensitivity of optical and
haptic rain sensors to drop-size distribution effects and nozzle fouling (Segovia-Cardozo et al.,
2023).

Both the Davis VP2 (TX1) and the METER showed near-total rainfall failure throughout most of
their deployments respectively across all intensity bins. For the VP2, this reflects the early reed-
switch failure described in Section 3.1, after which the instrument registered effectively zero
rainfall on rainy days. For the METER, the values are consistent with failure of the drip-counting
mechanism (Figure 6). Event-based analysis confirmed low probability of detection for all
instruments: Vaisala detected the majority of events but with large magnitude errors, while
METER and VP2 detected very few events after the first year of deployment.

3.3.4 Wind Speed

Direct comparison of AIOWS wind speed observations with the co-located KNMI AWS is
complicated by the substantial height difference between the AiOWSs (approximately 1.5 m)
and the AWS cup anemometer (10 m). Wind speed increases logarithmically with height under
neutral stability, and the heterogeneous surface roughness of the KNMI test field precludes
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reliable analytical correction of the AWS observations to 1.5 m height (Stull, 1988). Nonetheless,
the binned bias analysis shown in Figure 5 provides useful information about the relative
performance and degradation of each AiO WS anemometer across the wind speed distribution.

As is to be expected, all AiOWSs systematically underestimated wind speed relative to the 10 m
AWS reference across all wind speed bins (Figure 5), as anticipated given the height difference
and surface roughness effects. The absolute bias ranged from —0.4 to —1.0 m s™ at low winds
(0-2ms™) to -3 to -4 m s™" at the highest wind speeds (8—10 m s™). The percentage
underread was largest at low wind speeds (24-86% at 0—2 m s™') and converged towards a
more consistent 33—49% at 8—10 m s™'. The Davis VVue units (TX7 and TX8) consistently
showed the largest underread across all wind bins, while the METER performed best at low
wind speeds, consistent with the lower starting-threshold of its sonic anemometer compared to
the cup-and-vane designs used in the Davis units (Droste et al., 2020).

Given the difficulty in comparing wind speeds recorded at differing heights, the most reliable
assessment of anemometer degradation remains the wind-tunnel test described in Section
3.2.3. These findings are discussed further in Section 4.1.
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454 3.4 Sensor Drift as a Function of Deployment Age
AiO weather station sensor drift — Station 260 (De Bilt)
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456  Figure 7. Sensor bias as a function of deployment age (months since first valid data) for (a) monthly mean
457  temperature bias (°C), (b) monthly mean relative humidity bias (%RH), and (c) 30-day binned daily rainfall
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percentage difference (%). Lines show LOWESS smoothed trends; legend shows linear drift rate per year and
associated p-value.

To understand long-term sensor drift from the meteorological and radiation-driven biases
described in Section 3.3, we plotted monthly mean temperature and humidity biases — and 30-
day binned daily precipitation percentage differences — against deployment age for each
station (Figure 7). This approach removes calendar-year effects and isolates aging-related
trends from climate variability, following the methodology employed by Bell et al. (2017) for
humidity sensor drift assessment.

For air temperature (Figure 7a), drift over deployment lifetime was modest for all instruments.
Linear regression of monthly mean bias against deployment age gave drift rates of —0.03°C yr™*
for the VP2 (TX1), —0.02°C yr™" for both Lufft and METER (both statistically significant, p<0.05),
and +0.01°C yr™" for Vaisala (p<0.01). The Davis VVue units (TX7 and TX8) showed no
significant linear drift (p>0.1), confirming that their seasonal bias pattern reflects radiation-shield
effects rather than progressive thermistor degradation. The Vaisala’s slowly increasing warm
bias is consistent with mild thermal aging of its measurement element over its long deployment.

Humidity drift (Figure 7b) showed far stronger and more variable time-dependent signals. The
Vaisala WXT520 showed an interesting long-term drift recovery: the dry bias of approximately —
6%RH at deployment improved progressively towards zero over nine years (+0.56%RH yr™,
p<0.001). This behavior suggests both a poor initial calibration coupled with a gradual
equilibration of the hygroscopic polymer film. In contrast, the METER showed large drift: a near-
neutral bias at deployment increased rapidly to +8%RH within four years (+2.46%RH yr™,
p<0.001), perhaps consistent with progressive contamination of its capacitive sensing element
as described by Ingleby et al. (2013). The Lufft showed a significant but more moderate positive
drift (+0.71%RH yr™, p<0.001) over its three-year deployment. Davis VP2 and VVue showed no
statistically significant humidity drift (p>0.1), maintaining a relatively stable wet bias of
approximately +2—3% RH.

The daily precipitation percentage difference as a function of deployment age (Figure 7¢)
showed large differences. The Davis VP2 (TX1) effectively reached —100% almost from the very
start of deployment (—6.2%/yr linear trend driven entirely by reed-switch failure within the first
months), confirming that its rain gauge failure was an early and complete breakdown rather than
a gradual degradation. The METER showed a similar failure of the rain gauge, with
observations falling to almost —100% within the first 300 days, thus rendering precipitation data
essentially useless. The Vaisala showed a slow but statistically significant positive trend
(+2.5%/yr, p<0.001) across its deployment, improving from approximately —65% to —35%
undercatch by the end of the record. The Lufft was notable for showing a strong non-linear
improvement in observational quality: a large initial undercatch in the first 3—4 months was
followed by near-zero bias for the remainder of its deployment. As the Lufft uses a tipping
bucket mechanism, this pattern may reflect an initial settlement or bedding in of components
that resulted in self-correction of rainfall measurements, and it underscores why the linear
regression drift rate (+16.1%/yr) is misleading for this instrument compared to the LOWESS
curve.
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4. Discussion

4.1 Sensor drift and degradation mechanisms due to environmental exposure

The long unattended deployment across multiple AiOWSs revealed sensor-specific degradation
situations that explain the differences seen in Figures 2 to 5. Degradation for all variables (aside
from rH) is seemingly governed less by instrument age than by instrument design coupled with
cumulative environmental stressors (such as solar loading, humidity cycling, particulates,
biofouling and corrosion from wind-driven rain/ condensation.) This is demonstrated by the early
damage to the Davis VP2 rain gauge system resulting in no data being collected, whilst the
Vaisala system worked for a decade under exactly the same environmental conditions. Relative
humidity did however show a potential drift that worsened with age of the sensor.

The rapid degradation observed in precipitation and wind sensors is likely linked to to the design
and material choices in manufacturing of these instruments. In several units, we observed the
use of standard steel (rather than stainless steel) within tipping bucket mechanisms, and
unprotected shaft bearings in cup-and-vane anemometers, which allows moisture to access the
bearing races and initiate corrosion. These findings suggest that outdoor weather stations would
benefit from construction using corrosion-resistant or inert materials, and from ingress protection
to at least IP66 equivalence, which would significantly reduce environmentally-driven
component failures.

Temperature displayed the strongest long-term stability. Laboratory tests showed that aged units
remained close to specifications in the 0—30 °C band, with a consistent underestimation of
approximately 0.6 °C above 30 °C relative to the reference. In the field, monthly biases were
typically within approx. £0.2—-0.5 °C. The Vaisala trended from approx. +0.3 °C toward approx.
+0.45 °C by 2024, while the two Davis VVue sensors exhibited seasonality—underestimation in
winter and overestimation in summer (Figure 4). The patterns are indicative of radiation-shield
issues in AiOWS under high insolation conditions rather than thermistor drift (Bell, 2015). This is
demonstrated by the high temperature bias (> 30 °C) on the test field being in the opposite
direction to the bias observed in the climate chamber. The Netherlands is too cold to have >30 °
C air temperatures without solar radiation (i.e. at night time). However, the climate chamber
heats through convective air circulation without radiation, and thus is representative of nighttime
or overcast temperature conditions. Therefore, a laboratory calibration of the AIOWS
temperature sensors under conditions of high temperature and zero radiation (and correction of
the temperature measured) would actually result in a larger positive temperature bias being
recorded by the instruments at peak summertime solar radiation for all instruments apart from
the METER. The radiation-binned analysis (Figure 7) quantifies this effect precisely: at
irradiances exceeding 600 W m~2, VVue warm biases of +0.4-0.7°C are fully consistent with
radiation-shield overheating rather than thermistor drift, and the systematic amplification under
low-wind conditions (Figure 7b) confirms that aspiration and/or functioning radiation shielding is
the primary mitigating factor. This conclusion is strengthend through the good performance of
the actively ventilated Lufft AiOWS under high temperatures and high irradiances.

Data from the field tests confirmed the laboratory observations on relative humidity (Figure 4).
Here, all AiOWSs overreported rH at low rH conditions, and underreported rH at high rH
conditions (>90% rH). Vaisala’s rH bias started near —6%, trending towards zero over ~10 years.
METER'’s rH bias grew rapidly from —1% to +8% within 4-5 years. VVue sensors followed
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similar patterns: bias rose until 2020, then returned towards zero by 2021. Lufft’s rH bias
increased from ~0% to +3% in the first three years. All except Lufft showed largest
underestimation at 90-100% RH and overestimation below 60%. rH MAE trends mirrored the
biases. METER’s MAE rose steeply (5—7%), Vaisala’s declined towards ~2%, VVVue and Lufft
remained ~3—4%. These confirm long-term sensor calibration drift and bias trends observed in
other work (e.g. Bell et al., 2017; Ingleby et al., 2012). As discussed in the literature, these
behaviors match also failure mechanisms of polymer-film capacitive sensors such as moisture
ingress, contamination, thermal aging, producing low-rH positive bias and high-rH saturation; as
seen in both laboratory tests and field time series (Bell et al., 2017; Ingleby et al., 2013). The
deployment-age analysis (Figure 7b) adds further data to this: the Vaisala’s initial dry bias of —
6%RH progressively recovered over nine years, while the METER'’s bias accelerated rapidly in
the positive direction (+2.46%RH yr™). These opposing trajectories highlight that the direction
and rate of humidity drift are sensor-specific and cannot be assumed to be uniform across
instrument types, making a generic bias correction untenable without instrument-specific
calibration history.

Wind speed saw all anemometers under-reporting relative to the 10 m AWS (primarily due to the
height of the AiO WS (1.5 m) being influenced by surface roughness of the ground.) For this
reason, it is not logical to directly compare the wind data with the AWS data. The binned data in
Figure 5 shows this, with substantial under recording of windspeeds across all sensors. This
highlights the necessity of using wind tunnel testing of the AiO WSs to understand degradation
of windspeed observations, rather than imperfectly co-located observations.

Precipitation was the least reliable and durable variable, with the Lufft the only AiOWS able to
produce usable data. Substantial detritus was found in all AiOWS after field deployments
(Figure 6), comprising of insects, leaves and pine cones. Considering the open grassland
location of the study, we would predict that AiOWSs situated closer to woodland or agricultural
areas would suffer more from such fouling. Tipping buckets under-collected in the field and
deteriorated mechanically.

4.2 Performance relative to WMO standards and international guidance

The WMO Guide (WMO-No. 8) provides accuracy classes that serve as practical benchmarks
for research and operations. The combined laboratory and field results indicate initial
compliance with Class B for temperature and portions of wind, but rapid degradation toward
Class C/D for humidity and rainfall.

For temperature measurements, newly manufactured AiO WS units routinely achieved Class B
(£0.5-0.6 °C) and sometimes approached Class A (0.2 °C) in laboratory conditions. Field MAE
typically remained approx. 0.2-0.5 °C (Figure 3; Table 2). The systematic approx.0.6 °C
underestimation above 30 °C across multiple instruments suggests overheating caused by the
non ventilated compact radiation shields found on the tested AiO WSs, mitigable by aspiration,
improved siting, or post-hoc radiation corrections (Cornes et al., 2020; WMO-No. 8).

Relative humidity showed that initial performance was often within Class B (x5% rH) and
occasionally near Class A (x2%) for sensors, but field drift drove many instruments into Class
C/D within 3-5 years—consistent with polymer-film aging and contamination. This suggests that
annual recalibration or sensor replacement is necessary for unattended deployments (Bell et al.,
2015).
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Wind speed showed that in laboratory conditions, anemometers typically met Class B
thresholds (£10% or £2 m s™), but aging of bearings reduced effective class to C for the Davis
VP2 and VVUE AiO WSs especially at low winds where friction from aged bearing and run-up
thresholds dominate.

Precipitation showed that none of the AiOWSs achieved reliable WMO Class B compliance.
Wind-induced undercatch, intensity-dependent tipping bias, clogging, and component failure led
to persistent negative biases. The stratified analysis in Figure 10 confirms that only the Lufft
WS601 approached Class B performance (—13 to —14% underread across most intensity bins),
while the Vaisala’s 42-53% undercatch places it firmly in Class D. The Davis VP2 and METER
reached near-total precipitation failure (-85 to -97%), and for these instruments precipitation
data should be considered absent rather than merely degraded. Event-based metrics (PoD well
below 1; low FAR except for spurious METER tips) further quantify reliability limits: even well-
performing AiOWSs miss light and short events without careful calibration and regular servicing.
As deployed, precipitation sensing in AIOWS should be treated as qualitative unless supported
by frequent inspection, leveling, shielding, and calibration checks (Segovia-Cardozo et al.,
2023).

Several studies have demonstrated the scientific utility of AIOWS precipitation data when
properly quality-controlled (e.g., de Vos et al., 2017; Overeem et al., 2013; Imhoff et al., 2025).
These studies typically draw on dense networks of many hundreds of stations, applying
statistical quality control to filter out erroneous observations. Our findings do not contradict this:
the Lufft (and to a lesser extent, Vaisala) AiOWSs study did detect the majority of precipitation
events and produced broadly plausible monthly totals. However, individual station reliability —
without the benefit of network-scale quality control — was poor, with significant missed events
(low PoD), undercatch, and sensitivity to fouling and mechanical failure. This highlights an
important distinction: AIOWS precipitation data can be scientifically useful at the network scale
with appropriate quality control, but should not be treated as reliable at the individual station
level without regular servicing and calibration.

While wind speed measurements from AiOWSs present challenges in standardised comparison
with reference AWSs — particularly due to height differences and surface roughness effects —
they may still provide value in heterogeneous terrain and urban environments. In such settings,
WMO siting criteria for conventional wind measurements are inherently difficult to satisfy,
meaning that AiO WS data, if correctly quality controlled, can offer unique insight into local wind
patterns that would otherwise go unobserved (Droste et al., 2020). The key requirement is
transparent documentation of instrument height and local surroundings in station metadata,
allowing users to account for siting effects during data analysis.

4.3 Recommendations for AiOWS networks and users

Quality control and assurance should be designed around known degradation/ sensor
weaknesses rather than nominal specifications from the manufacturer. We recommend to
implement quarterly visual inspections, funnel cleaning, and re-leveling for gauges. At
semiannual checks; annual cup/vane bearing need inspection and replacement as needed, and
given the drift rates quantified in Figures 4 and 11b, the capacitive rH sensors needs to be
viewed as a consumable item, and renewed frequently — with the METER showing drift
exceeding +2%RH yr™, suggesting sensor replacement on a two-to-three year cycle for this
instrument type.
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There is potentially a need to improve radiation shielding/aspiration design in AiOWSs,
particularly those deployed in high-insolation sites. The failure of the METER and Vaisala sonic
anemometers suggest that attempts by the manufacturer to strengthening these components
against damage and environmental degradation would also be beneficial. For precipitation,
maintaining level AiOWS mounting and the use of bird guards (where feasible) to reduce
undercatch and ingestion of debris into the funnel would likely improve observational quality.

Maintaining metadata on installations, maintenance, component swaps, and calibration results
is vital to improve confidence in AIOWS data. There is a need to train AiOWS operators in how
to perform functional tests (manual bucket tips, anemometer spin tests) and complete basic
quality control interpretation, particularly when the AiOWSs are operated by non-experts/ citizen
scientists.

For temperature and mid-range wind measurements, AiOWSs offer value, particularly for
spatially dense nowcasting, urban climatology, and micro-meteorological applications where
biases of a few tenths of a degree or approx. 5-10% are acceptable or correctable. For humidity
and precipitation, AiOWSs generally require more frequent servicing to remain useful in
operational systems (such as required by a national meteorological service). Operational plans
should budget for recurring sensor replacements (rH), routine gauge cleaning/calibration
(raingauge and cup and vane anemometers), and redundancy in the form of a higher quality
raingauge system for rainfall where this parameter is of high importance.

4.4 Limitations and future work

The study mimicked worst-case user behavior (minimal maintenance) to test intrinsic durability
limits. While this reveals fundamental constraints, networks with preventive maintenance and
calibration schedules will likely outperform the results shown here. However, as this was an
opportunistic study, the following improvements for future studies within this field are of interest.
First and foremost, is to design a study which concurrently test multiple AiOWSs of the same
type, to observe issues and trends with greater confidence, rather than a single/ two individual
weather stations. Second, is to also quantify improvements from scheduled maintenance
regimes. Other topics of interest include, an assessment of newer solid-state rain sensors and
low-cost sonics under extended deployments, and to further investigate radiative heat related air
temperature bias caused by high solar insolation heating the comparatively (versus an AWS)
small radiation shields found on most AiOWSs.

5. Conclusions

Six AiOWSs were assessed through laboratory calibration and multiple years of unattended
deployment at a meteorological testfield site with collocated AWS. The results show that,
despite a prolonged period without maintenance, certain variables, particularly air temperature,
remained within acceptable accuracy limits for scientific applications. Across both the laboratory
and field settings below temperatures of 30 °C, all AiOWSs aligned with WMO Class B
standards even after environmental exposure and zero maintenance.

In contrast, precipitation measurements proved to be generally unreliable. Tipping bucket
mechanisms, particularly those in the Davis Vantage Vue and Lufft, performed best in both lab
and field tests, but even these showed considerable degradation over time when compared with
rain gauge data from an AWS. Haptic and drip-counting sensors (e.g., Vaisala WXT520 and
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METER Atmos41) were especially prone to underreporting, likely from sensor fouling and
material degradation.

Relative humidity sensors showed the clearest evidence of long-term drift. The AiOWSs met
Class B performance thresholds under high-humidity conditions in the lab, real-world data
showed increasing bias over time. The Vaisala remained within Class B tolerances in the field,
but most others, particularly the METER Atmos41, degraded into Class C or D performance
bands.

The long-term field deployment revealed operational challenges as well. Data availability was
severely impacted by yellowing of solar panel covers, clogging of rain gauges with detritus, and
failure of instrument components, such as reed switches. Of the six stations, only the Vaisala
WXT520 delivered a near-complete dataset. However, we conclude that with moderate effort in
cleaning the AiOWSs, replacement of humidity sensors and wind tunnel calibration, the data
collected from these devices will become increasingly valuable to end users.
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716  Table 1: WMO classification of measurement accuracy for AiO WSs, adapted from World
717 Meteorological Organization (2018).

Class A Class B Class C Class D

Temperature <0.2°C < 0.5°C 1°C > Class C

(°C)

Relative <2% <5% <10% > Class C

Humidity

Wind speed <1 m/sor<5% [<2m/s or < <3 m/sor< > Class C
10% 15%

Liquid < 0.2 mm/hr or << 0.5 mm/hr or <|< 2 mm/hror< > Class C

Precipitation 5% 10% 15%

Intensity

(mm/hr)

718

719 Table 2: AiO WS measurement accuracy, as specified by the manufacturers' and confirmed at
720 initial calibration laboratory testing.

Vaisala METER Lufft WS700- |Davis Davis
WXT520 ATMOS41 UMB Vantage Pro- [Vantage Vue
2 (both) (both)
Temperature (£0.3°C +0.2°C +0.2°C +0.3°C +0.3°C
(°¢) +0.5°C >30 °C
Relative *+3% +2% +2% +2% +2%

Humidity
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724
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727
728

729
730
731

732
733
734

735
736
737

738
739
740

741
742
743
744

745
746
747

Wind Speed [+0.3 m/s maximum: [maximum: |maximum: [maximum:
+3% or #0.3 3% or 0.3 [(*5% or X0.9 [+5% or 0.9
m/s m/s m/s m/s

Liquid 2% +5% +2% maximum: [maximum:

Precipitation +3% of total [+5% of total

Intensity or ¥0.2mm  |or #0.9mm

(mm/hr)
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