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Abstract: The deployment of affordable Personal Weather Stations (PWS) may 

expose a set of Citizen IoT Vulnerabilities, including hardware siting bias, sensor 

faults, and temporal-resolution mismatches, that remain under-documented. This 

preliminary single-day, Single-Site Case Study explores the cataloguing of those 

gaps in a tropical Microclimate setting. This paper evaluates a custom ESP32-based 

IoT station deployed for a single day (4 May 2026) in Curug Sangereng, Tangerang, 

Indonesia, sampling at 30-second intervals. Using a Fault-Aware Quality Control 

protocol and an autocorrelation-adjusted effective sample size (𝑛𝑒𝑓𝑓) to correct for 

Temporal Pseudo-Replication, the IoT record was benchmarked against Open-

Meteo’s 15-minute forecast, BMKG (3-hourly forecast), and Meteostat (hourly 

archive) datasets. Variance decomposition showed that sub-15-minute fluctuations 

account for up to 53.9% of total-day wind-speed variance (and up to 67.1% for sub-

3-hour fluctuations), compared to under 1.5% and 38% for temperature, pressure, 

and relative humidity, demonstrating that high-frequency sampling value is variable-

dependent rather than universally necessary. Cross-dataset comparisons revealed 

severe hardware siting biases: Open-Meteo ran 3.74°𝐶 cooler than the IoT station, 

while BMKG ran warmer than Meteostat (+2.48°𝐶) but cooler than IoT (−1.39°𝐶). 

This sign reversal reflects unshielded rooftop heat bias at the IoT site. Poor wind-

speed agreement across all pairs further indicated local anemometer obstruction. 

These single-day, single-site results are offered as a catalogue of PWS setup pitfalls 

and a worked diagnostic protocol. They motivate four falsifiable hypotheses for a 

multi-day confirmatory study rather than establishing general conclusions. 

 

Keywords: Citizen IoT Vulnerabilities, Fault-Aware Quality Control, Microclimate,  

Single-Site Case Study, Temporal Pseudo-Replication 

 

INTRODUCTION 

The proliferation of open-access weather APIs and low-cost IoT hardware has democratized hyper-local 

microclimate monitoring. Decentralized Personal Weather Station (PWS) networks increasingly supplement 

official meteorological networks (Brousse et al., 2024). Three methodological gaps undermine existing citizen-

IoT evaluation studies and motivate this pilot. First, unshielded, uncalibrated sensors co-located with heat-

generating microcontrollers introduce thermal contamination. This contamination is often misattributed to 

forecast-model failure rather than the hardware itself (DeFord et al., 2025). Second, comparing high-frequency 

IoT readings against step-constant forecasts induces temporal pseudo-replication. Uncorrected autocorrelation 

understates standard errors and yields spuriously narrow confidence intervals. Correcting for it requires an 

effective sample size (neff) or common-grid resampling (Afyouni et al., 2019; Chen et al., 2021). Third, studies 

routinely conflate predictive forecasts, such as BMKG’s 3-hourly sub-district predictions, with observational 

baselines (Garcia-Marti et al., 2026; Herlambang, 2023). They also often evaluate against only one reference 

instrument. This creates a blind spot in which an uncorrected sensor-siting error can invert the apparent sign of a 

forecast product’s bias. Underneath all three sits a largely unasked question. Does a PWS’s very high sampling 

rate actually strengthen anything analytically, or is it discarded once the record is resampled to a coarser, WMO-

consistent reference? 

Answering that question matters because PWS adoption is outpacing the methodological tools available to 

validate it. Without a fault-aware protocol, hardware and statistical pitfalls risk being reported as forecast-model 
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error, misleading downstream users. This study presents an exploratory, single-day pilot deployment of a custom 

ESP32-based PWS node in Curug Sangereng, Tangerang, Banten. It produces local IoT observations rather than 

a calibrated ground reference. The study delivers three contributions distinguishing it from prior single-pair, single-

reference PWS evaluations. First, a fault-aware analytical framework integrates physical fault-window isolation, 

autocorrelation-adjusted 𝑛𝑒𝑓𝑓, common-grid resampling, and OLS error decomposition to decouple hardware 

artifacts from forecast-model discrepancy. Second, a granularity-value test applies variance decomposition to 

check whether sub-15-minute and sub-3-hour sampling resolves meaningful signal or only redundant noise relative 

to WMO-consistent cadences. Third, a multi-source design evaluates BMKG's forecast against three independent 

sources, the IoT node, Open-Meteo, and Meteostat, rather than one, so that single-instrument bias misattribution 

can be exposed rather than assumed away. 

To operationalize this protocol for a future multi-day, multi-site confirmatory study, four candidate hypotheses 

are formulated from this pilot’s results. H1 (granularity) posits that high-frequency PWS sampling resolves a non-

trivial, variable-dependent share of sub-hourly variability invisible to coarser products. This holds only where 

sampling that finely is worth its cost. H2 (hardware/siting bias) posits that correcting fault windows and pseudo-

replication isolates a systematic additive bias exceeding 1°𝐶 for temperature. Pressure is least sensitive to micro-

siting. H3 (single-reference) posits that BMKG’s forecast-bias direction stays consistent against two independent 

sources. It should not be an artifact of whichever single instrument a one-station pilot uses. H4 (spatial 

representativeness) posits that coarse-cadence products under-represent short-lived convective extrema that a high-

frequency PWS can resolve. This can hold even when the PWS’s own location fails to corroborate the event. The 

pilot data below show only that each pitfall is measurable, not confirmed. 

 

LITERATURE REVIEW 

Temporal Resolution: Undersampling versus Standards-Compliant Adequacy  

 Tropical convection and boundary-layer processes vary on sub-3-hour timescales, so coarse sampling risks 

missing peak intensities and diurnal-cycle structure. Large-eddy simulations show that only hourly-or-finer 

sampling reveals the multi-peak diurnal structure that coarser records collapse into one broad maximum (Wang et 

al., 2024). This is consistent with earlier Jakarta radiosonde work showing that 6-hourly sampling undersamples 

diurnal evolution relative to 3-hourly (Katsumata et al., 2018). Maritime Continent evidence also shows that high-

resolution satellite precipitation products struggle with peak timing rather than totals (Ramadhan et al., 2024), and 

reanalysis products such as ERA5 similarly lag the observed diurnal peak (Mustafa et al., 2024). Conversely, 

WMO guidance sanctions computing daily climate normals from eight 3-hourly observations (World 

Meteorological Organization, 2017). So 3-hourly sampling is neither uniformly adequate nor inadequate; it 

depends on the application’s own timescale, operationalized directly by the Granularity-Value Method below. 

 

Low-Cost IoT Sensors and Statistical Agreement Methodology 

 Decentralized networks of low-cost, ESP32-class IoT sensors and citizen-operated PWS are increasingly 

deployed to fill gaps left by official meteorological infrastructure (Mazzoglio et al., 2026), including agriculture- 

and API-oriented systems for Indonesian contexts (Idris et al., 2025). Crowdsourced PWS networks have also 

been used to forecast urban temperatures (Romero Rodríguez et al., 2024), broadly the use this paper puts its own 

IoT record to. Measurement uncertainty and calibration remain their most persistent limitations (Al Kalaany et al., 

2025). Dedicated QC and bias correction, including machine-learning post-processing, are essential before raw 

low-cost data are deployment-ready (Beele et al., 2022; Nan et al., 2025), though under favorable siting they can 

achieve accuracies within a few tenths of a degree for temperature (Chen et al., 2021). Strong linear relationships 

can coexist with large constant offsets, so environmental sensor validation relies on the Bland–Altman limits-of-

agreement method (Bland & Altman, 1986); recent guidance notes that differences should be plotted against a 

designated reference standard rather than pairwise means when one source serves as baseline (Cesana & Antonelli, 

2024). 

 Open-access APIs and data-aggregation platforms such as Open-Meteo and Meteostat have become standard 

sources across engineering, urban-climate, and machine-learning research. Smith et al. (2025) used Meteostat 

observations to evaluate gridded datasets, among other applications. Open-Meteo alone has supplied inputs for 

HVAC simulation (Dadras Javan et al., 2025) and deep-learning weather-forecasting benchmarks (Pavithran et al., 

2025). This reliance is not risk-free. Internal model ensembles within one provider can show non-uniform accuracy 

(Jankauskas et al., 2024). This raises a question: is the margin between global, model-derived weather products 

and micro-regional conditions better characterized at the forecast’s own cadence, or at the finer cadence a PWS 

can sample. This paper reports a single-day, exploratory case study that deploys one affordable IoT station to 

measure, not assume, the value of its higher sampling rate. 
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METHOD 

Study Design and Data Sources 

 Four sources are compared for Curug Sangereng, Tangerang, Banten. The first is a custom IoT station 

positioned 6 m above ground, sampled every 30 seconds for a single day, 4 May 2026. The second is BMKG’s 

public forecast product, retrieved at its native 3-hourly cadence for the same date. The third is Meteostat, an hourly 

archive of recorded observations. The fourth is Open-Meteo, sampled at its own native 15-minute forecast cadence 

rather than the hourly cadence used in an earlier revision (Zippenfenig, 2023). The BMKG file is a forecast issued 

in advance of its valid time, not a recorded measurement. This differs from Meteostat’s or the IoT station’s direct 

observations. IoT and Meteostat therefore serve as observational references. BMKG’s forecast and Open-Meteo 

are both treated as predictive products under evaluation. 

 Of six possible source pairs, three are reported here. BMKG–Meteostat (𝑛 =  8, both full days) is unchanged 

from the prior revision. IoT–Open-Meteo is re-run on a fault-aware common grid built from Open-Meteo’s update 

timestamps (median spacing ≈15 minutes), giving 𝑛 =  61 for temperature, pressure, and humidity and 𝑛 =  116 

for wind speed. IoT–BMKG is new: IoT readings are averaged within ±90-minute windows centered on each of 

BMKG’s eight 3-hourly valid times, giving 𝑛 =  8 for wind speed and rainfall and 𝑛 =  5 for temperature and 

humidity once fault-affected windows are excluded. 

 

Hardware, Acquisition, and Siting Limitations 

 Fig. 1 (a) IoT hardware schematic with sensor and module identification; (b) internal component 

configuration and wiring layout of the deployment enclosure; (c) ThingsBoard dashboard for the data collection 

and integration platform 

 

 The IoT station used an ESP32-S3 microcontroller in an IP67 enclosure with a BME280 (temperature, pressure, 

humidity), a cup anemometer, an LDR light sensor, MicroSD backup logging, and NTP-synchronized 30-second 

telemetry to a ThingsBoard dashboard (Fig. 1). It was mounted roughly 6–7 m above ground on a residential 

rooftop for a single 24-hour window and was not independently calibrated. It lacked a dedicated radiation shield 

(DeFord et al., 2025), sat below WMO reference height, shared an enclosure with heat-generating electronics, and 

had no documented anemometer clearance. These are all recognized bias sources in low-cost deployments (Kim 

et al., 2022). These limitations mean this deployment functions as a preliminary proof-of-concept, not a calibrated 

or generalizable instrument. 

 

Temporal Alignment and Fault-Aware Quality Control 
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 Two comparison grids are used throughout: a native-cadence grid (finest resolution common to a pair) to probe 

sub-3-hour fidelity, and a common 3-hourly grid (simple-mean resampling to BMKG’s eight-observation 

schedule, per World Meteorological Organization, 2017) to probe daily-aggregate adequacy. 

 Predictive weather data were retrieved from the Open-Meteo API endpoint, [https://api.open-

meteo.com/v1/forecast](https://api.open-meteo.com/v1/forecast), for the study location in Curug Sangereng, 

Tangerang, Banten, Indonesia (~6.2542° 𝑆, 106.6218° 𝐸) for the evaluation period of 4 May 2026. Open-Meteo 

was evaluated as a predictive model product, utilizing its operational "Seamless / Best-Match" model selection 

mode that dynamically combines global numerical weather prediction systems, primarily ECMWF IFS, DWD 

ICON-Global, and NOAA GFS, operating at native spatial resolutions of 9 km to 13 km. Terrain downscaling was 

automatically applied by Open-Meteo using the 90-meter Copernicus Digital Elevation Model (GLO-90) to adjust 

model fields to the site’s ground surface elevation of approximately 29 m above sea level, corresponding to the 

physical deployment site where the local IoT station was mounted on a residential house's roof 6 to 7 m above 

ground level. Global model runs initialize every 6 to 12 hours (00:00, 06:00, 12:00, 18:00 UTC) across a standard 

7-day forecast horizon. Sub-hourly forecast data were queried at a native 15-minute temporal update cadence, 

which applies linear and physical temporal interpolation across the underlying 1-hour and 3-hour raw model time 

steps. The retrieved API parameters, temperature_2m, relative_humidity_2m, surface_pressure, wind_speed_10m, 

precipitation, and cloud_cover, were localized to Western Indonesia Time (WIB, UTC+7) and mapped directly to 

corresponding ground-station metrics. These API streams were parsed in real time alongside local ESP32 telemetry 

for side-by-side visualization and fault-aware comparative evaluation within the open-source ThingsBoard IoT 

dashboard. 

 ThingsBoard was selected as the open-source IoT device management and visualization platform. Telemetry 

collected by the ESP32 telemetry was transmitted to ThingsBoard via HTTP GET requests, where local sensor 

data and Open-Meteo API variables were rendered side-by-side on graphical widgets. A sensor-communications 

fault beginning at 12:52:27 WIB affected temperature, pressure, and humidity (detailed under Temporal Alignment 

and Fault-Aware Quality Control); wind speed, on an independent circuit, remained plausible throughout. Paired 

records for each source pair and variable are built only from timestamps valid in both members after fault-aware 

screening; n is reported for every statistic since it varies by variable, pair, and grid. 

Fig. 2 (a) firmware execution flowchart (single-station, single-day preliminary deployment); (b) fault-aware, 

multi-source quality-control pipeline 

 

 Raw 30-second IoT logs showed a sensor-communications fault beginning at 12:52:27 WIB. Temperature 

readings collapsed to two fixed, alternating values (22.52°𝐶 and 182.23°𝐶), pressure readings jumped to 

physically impossible values (including negative hPa), and humidity flattened to a near-constant value with 

intermittent excursions to 100%. Because a stuck reading can fall within a physiologically plausible range, as 

22.52°𝐶 is an ordinary tropical night-time temperature. IQR filtering alone cannot isolate it. A two-stage pipeline 
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is used for every source: (1) fault-window isolation by inspection, excluding flagged timestamp ranges per variable 

per source, then (2) within-window IQR screening, consistent with established QC practice for crowdsourced, low-

cost sensor data (Mazzoglio et al., 2026). Temperature, pressure, and humidity are restricted to 00:00–12:52 WIB 

(𝑛 =  1,540 of 2,873 raw records). Wind speed, on an independent circuit, showed no corresponding 

discontinuity, with the second stage removing 112 records (𝑛 =  2,761 retained). 

 For the IoT–Open-Meteo pair specifically, the native-cadence grid is retained only to demonstrate the pseudo-

replication problem directly, as shown below under IoT versus Open-Meteo. The common grid is used for every 

inferential statistic reported afterward, since it avoids treating up to thirty repeated copies of the same 15-minute 

forecast value as independent observations. 

 

Sensor Fault Detection and Data Quality Control 

Fig. 3 visualizes this fault episode, plotting the verified valid window against the flagged fault period for each 

channel. It makes the two-stage protocol's necessity visible rather than asserted: a purely statistical outlier test 

applied to the whole record would not isolate this window, since the stuck values it flags fall inside the marked 

period rather than outside the overall distribution. 

 
Fig. 3 Sensor-fault window across monitored variables, 4 May 2026. The shaded band marks the post-12:52:27 

WIB fault period excluded for temperature, pressure, and humidity; wind speed remained on an independent, 

unaffected circuit throughout. 

 

 Beyond the fault episode, each channel's overall record was still screened with the Interquartile Range (IQR) 

method for residual statistical outliers, consistent with established quality-control practice for crowdsourced, low-

cost sensor data (Mazzoglio et al., 2026). Model performance was then assessed using correlation (𝑟), Mean 

Absolute Error (𝑀𝐴𝐸), Mean Bias Error (𝑀𝐵𝐸), and the coefficient of determination (𝑅²) for temperature, 

humidity, wind speed, and atmospheric pressure. 

 

Granularity-Value Method (H1)  

 To test whether a PWS’s higher sampling rate is itself informative, the 30-second IoT record for each variable 

is grouped into two sets of non-overlapping windows. The Open-Meteo update grid described above (median width 

≈15 minutes) and fixed 3-hour bins aligned to local WIB, matching BMKG’s issuance schedule. Within each 

window, the sample variance of the 30-second readings is computed and pooled across windows, weighted by 

reading count, to obtain a within-window variance, expressed as a percentage of the variable’s unconditional full-

day variance. A high percentage means a forecast product sampled only at that cadence would structurally miss 

most of the variability a 30-second PWS can see. A low percentage means the coarser cadence already captures 

nearly all of it. This procedure is purely descriptive. It does not require a forecast value to compare against, only 

the IoT record itself. 

 

IoT–BMKG Matching Method 

 For the new IoT–BMKG comparison, IoT readings are averaged within a ±90-minute window centered on 

each of BMKG’s eight 3-hourly valid times, the same simple-mean resampling used for BMKG–Meteostat (World 

Meteorological Organization, 2017). Because the sensor fault removes valid temperature, pressure, and humidity 

data after 12:52 WIB, only windows wholly or partly before the fault contribute to those two variables: four 

windows (01:00, 04:00, 07:00, 10:00 WIB) are complete, the 13:00 WIB window is partial (82 of 180 minutes), 

and the 16:00, 19:00, and 22:00 WIB windows have no valid data, giving 𝑛 =  5 rather than 𝑛 =  8. Wind speed 

and rainfall, on the fault-unaffected circuit, retain all 𝑛 =  8. Given 𝑛 =  5 − 8, the confidence intervals and 

significance tests reported for this pair use the nominal n rather than an autocorrelation-adjusted 𝑛𝑒𝑓𝑓. Lag-1 

autocorrelation cannot be reliably estimated from so few points. Results should be read with the same caution as 

BMKG–Meteostat. 
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Statistical Framework 

 Root Mean Square Error (RMSE) is chosen to measure the typical magnitude of disagreement between a 

reference series (IoT or Meteostat) and a compared series (Open-Meteo or BMKG's forecast), in the variable's 

own unit (°𝐶, ℎ𝑃𝑎,%,𝑚/𝑠). It is computed as the square root of the mean of the squared paired differences. 

Because a sensor fault or a missed forecast event can produce large outliers, RMSE will always be ≥ Mean 

Absolute Error (𝑀𝐴𝐸), and the gap between the two is itself informative. A wide RMSE-MAE gap signals that a 

handful of large errors, not consistent small ones, are driving the discrepancy. For paired records 𝑖 =  1, … , 𝑛 

between a reference series Oᵢ (the observational baseline: IoT or Meteostat) and a compared series Pᵢ (the forecast 

or model product: Open-Meteo or BMKG), with 𝑑ᵢ =  𝑃ᵢ −  𝑂ᵢ. Equations (1) to (5) are as follows: 

𝑂  =  (1/𝑛)𝛴𝑂ᵢ , 𝑃  =  (1/𝑛)𝛴𝑃ᵢ (1) 

MAE = (1/n)Σ|dᵢ| ,  RMSE = √[(1/n)Σdᵢ²] ,  MBE = (1/n)Σdᵢ = d̄ (2) 

𝑟 =  𝛴(𝑂ᵢ − 𝑂 )(𝑃ᵢ − 𝑃 ) / √[𝛴(𝑂ᵢ − 𝑂 )² · 𝛴(𝑃ᵢ − 𝑃 )²] , 𝑅² =  1 −  𝛴𝑑ᵢ²/𝛴(𝑂ᵢ − 𝑂 )² (3) 

𝑛𝑀𝐴𝐸% =  100 · 𝑀𝐴𝐸/𝑂  , 𝐶𝑉(𝑅𝑀𝑆𝐸)% =  100 · 𝑅𝑀𝑆𝐸/𝑂  (4) 

𝑃ᵢ =  𝑎 +  𝑏 · 𝑂ᵢ +  𝜀ᵢ , 𝑏 =  𝛴(𝑂ᵢ − 𝑂 )(𝑃ᵢ − 𝑃 )/𝛴(𝑂ᵢ − 𝑂 )² , 𝑎 =  𝑃  −  𝑏 · 𝑂  (5) 

𝑏 ≠  1 indicates proportional (scale) bias; a ≠ 0 indicates additive bias. Because high-frequency dᵢ series are 

typically autocorrelated, an effective sample size n_eff ≤ n is used for intervals and tests: 

𝑛𝑒𝑓𝑓 =  𝑛 / [1 +  2𝛴(1 − 𝑘/𝑛)𝜌ₖ] , 𝑐𝑎𝑝𝑝𝑒𝑑 𝑎𝑡 𝑛 (6) 

𝐶𝐼(𝑀𝐵𝐸)  =  𝑑  ±  𝑡ₕ(𝑛𝑒𝑓𝑓 − 1) · (𝑠𝑑/√𝑛𝑒𝑓𝑓) (7) 

where sd is the SD of dᵢ. MAE/RMSE confidence intervals use a percentile bootstrap (B = 5,000 resamples); r uses 

the Fisher z-transform, 𝑧 =  0.5 · 𝑙𝑛[(1 + 𝑟)/(1 − 𝑟)], 𝑆𝐸𝑧 =  1/√(𝑛𝑒𝑓𝑓 − 3). Bland–Altman bias and 95% 

limits of agreement (LoA) are plotted against the reference value, per Cesana and Antonelli (2024): 

𝑏𝑏𝑖𝑎𝑠 =  𝑑  , 𝐿𝑜𝐴 =  𝑑  ±  1.96 · 𝑠_𝑑 , 𝐿𝑜𝐴 95% 𝐶𝐼 =  ±1.96√(3𝑠𝑑²/𝑛𝑒𝑓𝑓)    (8) 

Proportional bias is checked from the OLS slope b. Paired significance uses 𝑡 =  𝑑 /(𝑠𝑑/√𝑛𝑒𝑓𝑓), 𝑑𝑓 =  𝑛𝑒𝑓𝑓 −

1, with normality checked by Shapiro–Wilk (substituting Wilcoxon signed-rank where rejected) and effect size by 

Cohen’s 𝑑𝑧 =  𝑑 /𝑠𝑑. Error shape is summarized by sample skewness and excess kurtosis of dᵢ. Two caveats 

apply: at 𝑛 ≤  8, Shapiro–Wilk, the bootstrap, and skewness/kurtosis lose most of their power and are reported 

for transparency rather than as trustworthy evidence, and roughly fifteen paired tests are run with no multiple-

comparisons correction, so p-values should be read descriptively. 

 One further refinement is noted for a larger confirmatory study. The percentile bootstrap above resamples 

paired differences dᵢ as if exchangeable, the same independence assumption the n_eff correction elsewhere in this 

framework already relaxes. Since dᵢ is a sequential weather series with non-negligible lag-1 autocorrelation, a 

block bootstrap, resampling contiguous blocks of dᵢ rather than single points, would better preserve that 

dependence and avoid understating the true sampling variability of MAE and RMSE (Künsch, 1989). At n = 5–8 

for the BMKG-involving pairs, a defensible block length would leave too few independent blocks to resample, so 

it is not applied here; it is recommended for the multi-day confirmatory study this pilot motivates. 

 

RESULTS 

Granularity Value: Does a Higher Sampling Rate Capture Real Information? (H1) 

 Per the Granularity-Value Method, for temperature, pressure, and humidity, the share of total-day variance 

occurring within a single Open-Meteo update window (≈15 minutes) is small (0.7 − 1.4%) meaning Open-

Meteo’s own cadence already resolves nearly all the variability a 30-second PWS can see for these variables. At 

BMKG’s coarser 3-hourly cadence, 17.4 − 37.9% of variance in the same three variables occurs within a single 

window and is invisible to any product reporting only at that cadence. Wind speed is the clear outlier at both grids: 

53.9% of its variance occurs within a single 15-minute window, and 67.1% within a single 3-hour window. Even 

Open-Meteo’s finer cadence discards over half of the true wind-speed signal here, and a 3-hourly product discards 

just over two-thirds. 

 

 

Table 1. Share of total-day variance in the IoT record occurring within a single Open-Meteo (OM, 15-min) or 

BMKG (3-hour) update window, the granularity-value test for H1 
Variable Total-day SD Within 15-min SD (share) Within 3-hour SD (share) Interpretation 

Temperature (°C) 2.91 0.34 (1.4%) 1.21 (17.4%) OM cadence sufficient; BMKG 

cadence loses info 

Pressure (hPa) 0.68 0.06 (0.7%) 0.42 (37.9%) OM cadence sufficient; BMKG 

cadence loses info 

Humidity (%) 14.01 1.34 (0.9%) 6.05 (18.7%) OM cadence sufficient; BMKG 

cadence loses info 

Wind Speed (m/s) 0.34 0.25 (53.9%) 0.28 (67.1%) Neither cadence sufficient 
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Fig. 4 (a) Per-variable error distribution, IoT vs. Open-Meteo, common grid. (b) Share of total-day variance 

occurring within a single Open-Meteo (15-min) or BMKG (3-hour) update window, H1’s granularity-value test. 

  

 This pattern is interpreted for H1 in the Discussion below. One caveat applies here: the elevated within-window 

share for pressure at the 3-hour grid (37.9%, versus 0.7% at 15 minutes) is at least partly attributable to un-averaged 

instrument noise in the uncalibrated BME280 rather than true atmospheric fluctuation. 

 

IoT versus Open-Meteo 

 Of 2,873 raw IoT rows, temperature, pressure, and humidity are restricted to the pre-fault window (00:00–

12:52 WIB, n = 1,540), and wind speed retains the full day after IQR screening (n = 2,761). Pairing every 30-

second IoT record directly against Open-Meteo’s repeated 15-minute value (the native-cadence, pseudo-replicated 

grid) reproduces the inflation problem the framework is designed to catch: nominal n of 1,540–2,761 collapses to 

an autocorrelation-adjusted 𝑛𝑒𝑓𝑓 of only 5.3–23.6 across the four variables. Reassuringly, resampling to the 

common grid built from Open-Meteo’s own update timestamps (n = 61 for temperature/pressure/humidity, n = 

116 for wind speed) yields an almost identical 𝑛𝑒𝑓𝑓 (5.3–23.4). The two independent corrections agree on how 

much real information the record contains, which cross-validates the 𝑛𝑒𝑓𝑓 adjustment itself. All inferential 

statistics below use the common grid. 

Table 2 and Table 3 report the full diagnostic battery. Open-Meteo reads 3.74°C cooler than the IoT station 

(𝑀𝐵𝐸 =  −3.74°𝐶, 95% 𝐶𝐼 [−4.28,−3.20], 𝑡(22.4)  =  −14.25, 𝑝 <  .001, 𝑑𝑧 =  −2.94), tied to the sensor’s 

unshielded, enclosure-adjacent placement. Humidity mirrors this: 11.75 pp wetter (MBE = +11.75 pp, 95% CI 

[8.87, 14.64], p < .001). Wind speed shows a smaller bias (MBE = +0.40 m/s) but the weakest correlation (r = 

0.555, 95% CI [0.188, 0.786]) and largest relative error (nMAE = 113.6%, CV(RMSE) = 141.4%). Pressure 

showed the closest agreement (nMAE = 0.07%) once the fault was excluded, but neff collapses to 5.3, so the paired 

t-test is not significant (p = .086) though Wilcoxon is (p < .001). 

Table 2. IoT vs. Open-Meteo, fault-aware common grid, basic metrics, rounded to 2 decimal places.  

*nMAE unstable near a zero reference mean, read alongside absolute MAE 

Variable n Mean IoT (Ō) Mean OM (P̄) r [95% CI] MAE [95% CI] nMAE% MBE [95% CI] 

Temperature (°C) 61 29.35 25.62 0.888 [0.753, 0.951] 3.80 [3.54, 4.07] 12.96 −3.74 [−4.28, −3.20] 

Pressure (hPa) 61 1006.50 1007.14 0.778 [−0.244, 0.981] 0.74 [0.60, 0.88] 0.07 +0.64 [−0.14, 1.41] 

Humidity (%) 61 79.90 91.66 0.879 [0.730, 0.949] 12.58 [11.42, 13.78] 15.74 +11.75 [8.87, 14.64] 

Wind Speed (m/s) 116 0.41 0.81 0.555 [0.188, 0.786] 0.46 [0.40, 0.53] 113.6* +0.40 [0.22, 0.58] 

Table 3. IoT vs. Open-Meteo, fault-aware common grid, regression, Bland–Altman, significance, and 

distribution diagnostics, rounded to 2 decimal places. **𝑝 < .01.  

 
Variable OLS (b, a) [95% CI] BA bias [95% LoA] (± LoA 

95% CI) 

Paired test Cohen's 

dz 

Skew/Kurt 

Temperature (°C) 0.74 [0.64, 0.84], 3.90 [0.85, 6.95] −3.74 [−6.23, −1.25] 

(±0.89) 

t=−14.25, df=22.4, 

p<.001** 

−2.94 1.21 / 7.04 

Pressure (hPa) 1.19 [0.81, 1.56], −186.26 

[−565.43, 192.92] 

+0.64 [−0.66, 1.93] (±0.97) t=2.22, df=4.3, p=.086 0.96 0.08 / −1.07 

Humidity (%) 0.67 [0.57, 0.76], 38.47 [30.56, 

46.39] 

+11.75 [−1.15, 24.65] 

(±4.71) 

t=8.46, df=21.5, p<.001** 1.79 −1.82 / 9.67 

Wind Speed (m/s) 0.60 [0.43, 0.78], 0.56 [0.46, 0.66] +0.40 [−0.42, 1.22] (±0.29) t=4.62, df=22.2, p<.001** 0.96 −0.42 / 2.82 
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Fig. 5 IoT vs. Open-Meteo temperature diagnostics, 4 May 2026: (a) time series, fault window shaded; (b) 

scatter with 1:1 identity and OLS fit; (c) residual vs. time; (d) Bland–Altman plot. 

IoT versus BMKG (H3) 
  The diagnostics below use n = 5–8; read tests descriptively, per the Statistical Framework. Table 4 reports 

the new IoT–BMKG comparison, including the corresponding regression, Bland–Altman, and distribution 

diagnostics. BMKG’s forecast runs 1.39°𝐶 cooler than the IoT station (𝑀𝐵𝐸 =
 −1.39°𝐶, 95% 𝐶𝐼 [−3.01, 0.23], 𝑛 =  5, 𝑡(4)  =  −2.38, 𝑝 =  .076) and 2.76 𝑝𝑝 wetter 

(95% 𝐶𝐼 [−3.21, 8.73], 𝑛 =  5, 𝑝 =  .269). Both are opposite in sign to the BMKG versus Meteostat results 

below (+2.48°𝐶 warmer, −8.25 𝑝𝑝 drier). This reversal likely reflects the IoT sensor’s own heat bias (see H3 in 

Discussion) rather than a genuine change in BMKG’s forecast error. Wind speed is the one variable where 

BMKG’s bias is large and consistent with both references: BMKG forecasts 2.45 𝑚/𝑠 faster than the IoT station 

(95% 𝐶𝐼 [1.85, 3.04], 𝑛 =  8, 𝑡(7)  =  9.76, 𝑝 <  .001, 𝑑𝑧 =  3.45) and 0.65 m/s faster than Meteostat. No 

precipitation statistics are computed for this pair since the IoT gauge recorded 0.0 mm all day. 

 

Table 4. IoT vs. BMKG, regression, Bland–Altman, significance, and distribution diagnostics. 

Temperature/humidity n = 5ᵃ; wind speed n = 8. **𝑝 < .01. 

Variable OLS (b, a) [95% CI] 
BA bias [95% LoA] 

(± LoA 95% CI) 
Paired test Cohen's dz Skew/Kurt 

Temperature 

(°C) 

1.03 [0.17, 1.90], −2.31 

[−28.19, 23.57] 

−1.39 [−3.95, 1.17] 

(±1.98) 
t=−2.38, df=4, p=.076 −1.06 0.71 / −0.47 

Humidity (%) 
0.77 [0.27, 1.27], 20.76 

[−18.32, 59.85] 

+2.76 [−6.67, 12.19] 

(±7.30) 
t=1.28, df=4, p=.269 0.57 1.44 / 0.16 

Wind speed 

(m/s) 

3.70 [2.33, 5.07], 1.49 

[0.92, 2.06] 

+2.45 [1.06, 3.84] 

(±0.85) 
t=9.76, df=7, p<.001** 3.45 0.19 / −1.53 

BMKG versus Meteostat (H3) 
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 Meteostat provided a full 24-hour hourly record. BMKG provided eight 3-hourly valid times, yielding 𝑛 =  8 

matched instants. With 𝑛𝑒𝑓𝑓 collapsing to the nominal 𝑛 =  8 since lag-1 autocorrelation cannot be reliably 

estimated from eight points. Temperature and humidity biases were large and significant, and they survived non-

parametric checks where Shapiro–Wilk rejected normality. Wind-speed and precipitation biases were not 

distinguishable from zero at n = 8. Precipitation showed the widest relative disagreement (𝑛𝑀𝐴𝐸 =  77.1%), 

driven by a single missed event: Meteostat recorded 7.3 mm at 13:00 WIB against a same-instant BMKG forecast 

of 0.2 mm and a daily total of 3.0 mm against Meteostat’s 22.5 mm, coincident with BMKG’s largest temperature 

overshoot (32.8°𝐶 forecast vs. 27.5°𝐶 observed). The IoT station recorded 0.0 mm all day, illustrating how 

spatially localized tropical convective rainfall can be across the few kilometers separating the three sources (H4). 

Fig. 6 BMKG forecast vs. two independent observational references, 4 May 2026: (a) temperature, (b) 

humidity, and (c) wind-speed scatter against Meteostat and the IoT station; (d) precipitation time series showing 

the missed 13:00 WIB convective event. 

 

Table 5. BMKG vs. Meteostat, basic metrics, n = 8, rounded to 2 decimal places  

Variable n Mean Met. (Ō) Mean BMKG (P̄) r [95% CI] MAE [95% CI] nMAE% MBE [95% CI] 

Temperature 

(°C) 
8 25.58 28.05 

0.886 [0.482, 

0.979] 
2.48 [1.81, 3.36] 9.68 +2.48 [1.43, 3.52] 

Humidity 

(%) 
8 90.50 82.25 

0.841 [0.334, 

0.971] 
8.25 [5.38, 11.75] 9.12 −8.25 [−12.36, −4.14] 

Wind speed 

(m/s) 
8 2.15 2.80 

0.597 [−0.186, 

0.916] 
0.80 [0.39, 1.29] 37.22 +0.65 [−0.06, 1.36] 

Precipitation 

(mm) 
8 1.31 0.38 

0.325 [−0.493, 

0.838] 
1.01 [0.04, 2.79] 77.14 −0.94 [−3.03, 1.16] 

 

Table 6. BMKG vs. Meteostat, regression, Bland–Altman, significance, and distribution diagnostics, 𝑛 =  8, 

rounded to 2 decimal places. **𝑝 < .01.  

Variable OLS (b, a) [95% CI] BA bias [95% LoA] (± LoA 95% CI) Paired test Cohen's dz Skew/Kurt 

Temperature 

(°C) 

1.19 [0.57, 1.81], −2.37 

[−18.34, 13.59] 
+2.48 [0.03, 4.92] (±1.50) 

t=5.61, df=7, 

p<.001** 
1.98 1.57 / 1.44 

Humidity (%) 
0.90 [0.32, 1.48], 0.95 

[−51.51, 53.40] 
−8.25 [−17.90, 1.40] (±5.91) 

t=−4.74, df=7, 

p=.002** 
−1.68 −0.87 / 0.04 

Wind speed 

(m/s) 

0.57 [−0.19, 1.33], 1.58 

[−0.20, 3.36] 
+0.65 [−1.02, 2.32] (±1.02) 

t=2.17, df=7, 

p=.067 
0.77 0.52 / −0.31 

Precipitation 

(mm) 

0.10 [−0.19, 0.40], 0.24 

[−0.59, 1.07] 
−0.94 [−5.85, 3.97] (±3.01) 

t=−1.06, df=7, 

p=.325 
−0.37 −2.21 / 3.00 
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DISCUSSIONS 

Revisiting the Four Pitfalls 

H1 (the granularity pitfall) receives mixed support. Against Open-Meteo’s 15-minute cadence, extra 

granularity bought little for temperature, pressure, and humidity (0.7 − 1.4%) but much for wind speed (53.9%). 

Against BMKG’s 3-hourly cadence it mattered for every variable, most for wind speed (67.1%), least for 

temperature (17.4%). This is a property of the PWS–product–variable pairing, not the PWS alone (Table 1). 

H2 (the hardware/siting-bias pitfall) is supported: once corrected, Open-Meteo’s bias against the IoT station 

remained large for temperature (−3.74°𝐶), humidity (+11.75 𝑝𝑝), and wind speed (+0.40 𝑚/𝑠), and present but 

not significant for pressure. Wind speed, most sensitive to micro-siting on this obstructed rooftop, showed the least 

stable agreement; pressure showed the tightest, a predictable bias signature for an unshielded station co-located 

with electronics. 

H3 (the single-reference pitfall) is only partly supported. Triangulating BMKG against two independent 

references found no single consistent bias direction: signs flip for temperature and humidity but stay consistently 

positive for wind speed. The simplest explanation is that the IoT station’s own hardware bias, already evident from 

IoT vs. Open-Meteo, reverses BMKG’s much smaller true bias. 

H4 (the spatial-representativeness pitfall) receives suggestive but inconclusive support. BMKG’s forecast 

missed the day’s only substantial rainfall event (0.2 mm forecast vs. 7.3 mm observed at Meteostat), while the IoT 

gauge recorded 0.0 mm. This pilot cannot distinguish a missed regional event from one that never reached the IoT 

station’s coordinates, a reminder that a single station is a spatial sample of one. 

 

Fitness-for-Purpose, Reframed Around Three Preliminary Comparisons 

 Because all three comparisons above are single-day and small-sample (𝑛 =  61 − 116 for IoT–Open-Meteo; 

𝑛 =  5 − 8 for BMKG-involving pairs), none can adjudicate the undersampling-versus-adequacy dispute alone. 

BMKG’s 3-hourly forecast tracked trends well against Meteostat (𝑟 up to 0.886) but missed a short-lived 

convective event. The Granularity Value test adds a variable-specific answer: a 15-minute product is adequate for 

temperature, pressure, and humidity, but not for wind speed. 

 

Derived Algorithmic Mitigation 

 Based on the empirical fault signatures identified, the fault-aware quality-control (FA-QC) procedure is 

formalized as an explicit, replicable algorithm (Algorithm 1) screening raw telemetry through six sequential fault 

checks before escalating to automatic stream isolation. 

 

Algorithm 1  Fault-Aware Quality Control (FA-QC) 
Input:  30-s sample x_t = (T, P, RH, WS) from BME280 + anemometer 
Output: valid | flagged(type), with automatic stream isolation 
1:  if I2C_status(x_t) ∈ {NULL, 0xFF, NaN} then 
    2:      flag ← BUS_FAULT 
3:  else if T∉[10,50]℃ or P∉[950,1050]hPa or RH∉[20,100]% or WS∉[0,50]m/s then 
    4:      flag ← RANGE_FAULT 
5:  else if |T_t−T_t−1|>2.5℃ or |P_t−P_t−1|>3.0 hPa then 
    6:      flag ← DISCONTINUITY_FAULT 
7:  else if |WS_t−WS_t−1| / Δt > 0.5 m/s² then 
    8:      flag ← RATE_FAULT 
9:  W ← last 10 samples (5-min sliding window) 
10: if |unique(W_T)|≤2 or Var(W_P)≈0 (static/alternating) then 
    11:     flag ← FROZEN_FAULT 
12: else if Var(W_RH)≈0 and Var(W_T)>0.5 then 
    13:     flag ← DESYNC_FAULT          ▷ cross-variable check 
14: fault_counter ← fault_counter+1 if flag else 0 
15: if fault_counter ≥ 10 (≡ 300 s persistent) then 
    16:     isolate_stream(BME280)         ▷ fault window (see Temporal Alignment & FA-QC) 
17: return valid if flag = ∅, else flagged(flag) 

 

 Threshold values reflect the site’s physical context rather than dataset tuning. The range filter (10 −
50°𝐶, 950 − 1050 ℎ𝑃𝑎, 20 − 100% 𝑅𝐻, 0 − 50 𝑚/𝑠) brackets plausible tropical conditions while catching the 

fault’s corrupted values (such as 182.23°𝐶, negative ℎ𝑃𝑎). The discontinuity thresholds (2.5°𝐶, 3.0 hPa per 30 

seconds) sit above the BME280’s noise floor but below any plausible step for slowly varying fields. The wind-

speed rate cap (0.5 𝑚/𝑠²) reflects anemometer inertia rather than genuine gusts, and the 5-minute variance window 

with 300-second isolation delay balances fault detection against false positives. The frozen-fault check (≤2 distinct 

values within the window) catches sensors stuck alternating between fixed values, as observed here (22.52°C and 

182.23°C), which could otherwise pass a pure variance threshold despite being non-physical. 
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Limitations 

 This entire study remains a preliminary case study. Coverage is a single day, partial for IoT temperature, 

pressure, and humidity, so statistics should not be assumed stable across days or seasons. Spatial coverage is a 

single site and cannot be generalized elsewhere in Indonesia. The IoT sensors were uncalibrated, unshielded, and 

sited below recommended heights, so IoT-involving biases reflect combined instrument and model error the design 

cannot separate. The results demonstrate the framework’s mechanics, not general accuracy for any source. 

 

CONCLUSION 

This paper set out to document, as a preliminary case study, the practical pitfalls encountered when a single 

affordable Personal Weather Station is designed, deployed, and evaluated at one tropical site. The first pitfall, 

whether high-frequency sampling is worth its cost, proved variable-dependent, mattering little for temperature, 

pressure, and humidity against a 15-minute product but much against a 3-hourly one, and for wind speed against 

both. The second pitfall, uncorrected hardware and siting bias, was large throughout, attributable to the station’s 

own unshielded, obstructed-rooftop construction. The third, relying on only one reference instrument, was exposed 

directly: extending the framework to three sources showed BMKG’s apparent bias against Meteostat reversing 

sign against the IoT station, best explained by the IoT sensor’s own heat bias. The fourth, treating a single station 

as spatially representative, was raised but not resolved. This pilot offers a tested, replicable protocol for the multi-

day, multi-site confirmatory test H1–H4 would require. 
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