Earth Syst. Sci. Data, 18, 5817-5836, 2026
https://doi.org/10.5194/essd-18-5817-2026

© Author(s) 2026. This work is distributed under
the Creative Commons Attribution 4.0 License.

Earth System
Science

Data

Open Access

Introduction

OpenMesh: wireless signal dataset for opportunistic
urban weather sensing in New York City

Dror Jacoby', Shuyue Yu?, Qianfei Hu?, Zachary Hine?, Rob Johnson’, Jonatan Ostrometzky',
Igor Kadota®, Gil Zussman®, and Hagit Messer!

ISchool of Electrical Engineering, Tel Aviv University, Tel Aviv, Israel
2Department of Computer Science, Columbia University, New York, NY, USA
3Department of Electrical and Computer Engineering, Northwestern University, Evanston, IL, USA
“Department of Electrical Engineering, Columbia University, New York, NY, USA
SNYC Mesh, New York, NY, USA

Correspondence: Dror Jacoby (drorjacoby @mail.tau.ac.il)

Received: 23 April 2025 — Discussion started: 25 June 2025
Revised: 31 March 2026 — Accepted: 7 April 2026 — Published: 12 August 2026

Abstract. We introduce OpenMesh, a publicly available dataset of wireless signal measurements from the NYC
Mesh, a community-run communication network in New York City (NYC). While originally designed for af-
fordable internet access, these links can be used opportunistically for high-resolution weather monitoring in
diverse settings, including dense urban areas, providing 1 min sampling of signal strength measurements with
dense spatial coverage across the study region. Spanning eight months of measurements (November 2023 to June
2024), the dataset comprises 103 wireless links in Lower Manhattan and Brooklyn, operating in three primary
frequency ranges: 5—6 GHz (C-band), 24 GHz (K-band), and 58—70 GHz (V-band), part of the millimeter-wave
(mmWave) spectrum.

Our analysis incorporates meteorological records from two primary sources: (1) 37 Weather Underground
(WUnderground) personal weather stations (PWS) across Manhattan and Brooklyn with 5 and 15 min sampling,
and (2) three Automated Surface Observing System (ASOS) stations. The study period saw total rainfall of
approximately 900 mm and included diverse weather events, from intense rain to snowstorms in winter 2023—
2024. These events were captured by the NYC Mesh wireless network, with intense rainfall causing attenuation
up to 30 dB and frequent outages, especially on high-frequency V-band links. This highlights the trade-off of
using high-frequency bands in wireless networks: while precipitation might cause severe channel disruptions, this
greater sensitivity simultaneously makes them effective opportunistic weather sensors. The OpenMesh dataset
is available at https://doi.org/10.5281/zenodo.15287692 (Jacoby et al., 2025b). By publishing the dataset and
demonstrating its usability, we aim to encourage further research that leverages wireless networks for real-time
urban weather sensing.

Opportunistic sensing (OS) uses a variety of non-traditional
sensors to support environmental monitoring, such as com-
mercial microwave links (CMLs), PWS, and satellite mi-
crowave links.

Accurate meteorological observations, including precip-
itation monitoring, are fundamental to decision-making
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across sectors, from water management and agriculture to ur-
ban planning and flood control (Stewart, 2015), with ground
stations, weather radar, and satellites providing the core
measurements (National Research Council, 2009; Tapiador
et al., 2012). Although traditional weather measurements,
such as weather radars and rain gauges (RGs), can provide
broad-scale coverage, they often require costly infrastruc-
ture. Radars face clutter, path attenuation, interference, and


https://doi.org/10.5281/zenodo.15287692

5818

require frequent calibration (Zawadzki, 1984), while RGs
provide only point measurements with limited spatial rep-
resentativeness and can be sparse in many regions (Hu et al.,
2019). OS data streams can address coverage limitations of
traditional observations, with dense deployments providing
complementary or even alternative coverage: for example, in
urban settings where fine temporal and spatial resolution is
particularly valuable due to short catchment response times
(5—15min), high rainfall variability over small scales (2—
3km), and precise flood/runoff modeling needs (Schilling,
1991; Cristiano et al., 2017; Berne et al., 2004; Michelon
et al., 2021). Early utilization of OS includes PWS networks
providing dense observations and being explored for integra-
tion into forecasting workflows (Mandement and Caumont,
2020; Consortium, 2025), and CML networks used as stan-
dalone tools for city-scale precipitation nowcasting with lead
times of a few minutes (Zhang et al., 2023b) and horizons ex-
tending up to several hours (Imhoff et al., 2020). Moreover,
OS observations add local, short-term detail, can be used for
data assimilation and independent evaluation, complement
traditional monitoring networks, and potentially provide sup-
plementary high-resolution inputs for deep-learning methods
designed to ingest heterogeneous data sources. Still, utilizing
OS sources requires addressing challenges related to variable
data quality and sensor reliability (Fencl et al., 2024; Chwala
and Kunstmann, 2019).

Specifically, wireless communication networks (WCNs)
operating in the microwave spectrum (1-300 GHz) exem-
plify OS approaches by repurposing communication infras-
tructure as sensors to collect environmental data. By lever-
aging their inherent sensitivity to weather-induced variations
in the propagation channel, they turn what would otherwise
be a “source of error” into cost-efficient meteorological ob-
servations (Messer et al., 2006). As WCNSs increasingly em-
ploy higher-frequency bands (e.g., V-Band 40-75 GHz and
E-Band 71-76/81-86 GHz), the wider available spectrum
supports higher data throughput and capacity, but these links
also experience stronger propagation losses and atmospheric
attenuation, including rain-induced fading and the oxygen-
absorption resonance near 60 GHz, which challenge network
reliability. However, this trend simultaneously creates novel
opportunities for real-time environmental sensing, especially
in urban environments (Janco et al., 2023).

A growing number of open data efforts (Fencl et al.,
2024, 2025), including OpenMRG in Sweden (Andersson
et al., 2022), OpenRainER in Italy (Covi and Roversi, 2024;
Covi et al., 2026) and a country-wide dataset in the Nether-
lands (Overeem, 2023), make CML datasets openly available
for hydrometeorological analysis and validation. These ini-
tiatives highlight the potential of OS to extend research in
diverse climates and network topologies and to improve ob-
servational coverage. Here, we introduce a publicly available
dataset from NYC Mesh, a community-operated WCN de-
ployed across New York City’s dense urban environment,
representing a topology and location not previously cov-
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ered in the CML literature. The published OpenMesh dataset
comprises minute-scale measurements across the 5, 24, 60,
and 70 GHz bands, with link lengths ranging from tens of
meters to several kilometers providing a valuable test bed for
OS in urban settings. We assess the OpenMesh dataset by
comparing it with time-aligned meteorological records from
opportunistic and standard weather stations (WS) during the
study period, including WUnderground PWS and NOAA
records.

Evaluation of measurements during the study period
shows alignment between the link signals and reference ob-
servations, suggesting these data could contribute to urban
weather monitoring analysis. By publicly sharing the Open-
Mesh dataset and demonstrating its applicability, we expand
OS resources and illustrate how community WCNs can act as
opportunistic environmental sensors in densely sampled ur-
ban settings, providing a reproducible benchmark for future
dense network deployments and WCN sensing applications.

Section 2 details the dataset and its context in environmen-
tal sensing. Section 3 analyzes the data quality of the Open-
Mesh dataset and demonstrates its usage. Section 4 discusses
the main results, challenges, opportunities, and future direc-
tions. Finally, Sects. 5 and 6 detail data and code availability,
followed by concluding remarks in Sect. 7.

2 Dataset Overview

This section introduces the dataset, outlining its collection
process and its use in environmental sensing. Figure 1 illus-
trates the OpenMesh network links and weather station loca-
tions used in this study. The figure shows published Open-
Mesh links from the broader NYC Mesh wireless network,
densely concentrated between Lower Manhattan and Brook-
lyn within approximately 10 km?. We analyze two data types
from three sources: (i) wireless signals from OpenMesh and
(ii) meteorological measurements from WUnderground PWS
and NOAA stations, providing both opportunistic and refer-
ence data from 29 October 2023 to 1 July 2024.

2.1  Wireless Communication Links
2.1.1 Terrestrial Microwave Links

Wireless communication links are point-to-point radio con-
nections between two fixed locations. Terrestrial links, of-
ten employed by mobile operators and enterprises for back-
haul, are also widely used in smart-city applications and
community-driven initiatives (e.g., NYC Mesh), offering
both commercial and public connectivity. These links span
meters to kilometers and operate across a wide spectrum,
from 1 up to 100 GHz, depending on usage, and are used
mainly for point-to-point interconnection, with coverage and
capacity determined by the frequency band and environment.
Network Management Systems (NMS) typically collect link
performance data to automate network monitoring and qual-
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Figure 1. Dataset Overview: OpenMesh NYC sublinks, PWS stations, and ASOS reference stations across the city. © OpenStreetMap
contributors 2025. Distributed under the Open Data Commons Open Database License (ODbL) v1.0.

ity management, but storing or archiving these datasets is
not always mandated and often depends on specific network
standards and operator practices.

The following describes the structure of terrestrial wire-
less link elements (Fencl et al., 2024): a “site” is the physi-
cal location hosting one or more antennas; a “hop” denotes
a site-to-site segment; a “sublink” is a one-directional path
between antennas; and a “link” comprises the two opposite-
direction sublinks between the same antenna pair, as shown
in Fig. 2a.

Wireless link measurements can originate from diverse
providers, including cellular telecommunication companies,
municipal smart-city operators, and community-driven net-
works (e.g., NYC Mesh), and each features distinct topolo-
gies and coverage densities.

Next generation networks are expected to shift to higher
bands to access wide, underutilized spectrum — specifically
mmWave bands such as the V-band (including 57-64 GHz)
and the E-band (71-76, 81-86, 92-95 GHz) — which en-
able wider channels and higher capacity, supporting multi-
gigabit rates for high-bandwidth applications (Ashraf et al.,
2024; Brake, 2016). At higher bands, signals suffer signifi-
cantly greater path loss and weather-induced attenuation (see
Fig. 2b). This favors short line-of-sight links and dense site
deployments, particularly in urban areas.
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Signal Level Measurements

Wireless networks typically measure signals strength using
two key metrics: the transmitted signal level (TSL) and the
received signal level (RSL), both expressed in dBm. The dif-
ference between them, referred to as total attenuation (in dB),
is given by

Att(f) = TSL(r) — RSL(?). (1)

Depending on the operator’s protocols, TSL and RSL are
often logged at intervals ranging from seconds to minutes,
hours, or even days, stored either as instantaneous values or
aggregated statistics (e.g., mean, minimum, or maximum) for
each sampling window. In addition, these network protocols
typically quantize measurements which affects data preci-
sion. Together, these factors ultimately define the dataset’s
resolution and precision. The total attenuation, A (¢), arises
from multiple factors such as free-space path loss; scatter-
ing, reflection, and diffraction by obstacles (e.g., buildings
or terrain) further affect the signal. Atmospheric variables
(e.g., humidity, temperature inversions, gaseous absorption)
further increase the specific attenuation, and when precip-
itation is present along the propagation path, hydromete-
ors add excess attenuation. In Fig. 2b, the influence of sev-
eral atmospheric phenomena on the expected attenuation (in
dBkm™!) is illustrated (ITU-R P.838, 2005). While rain-
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Figure 2. (a) Schematic of a point-to-point wireless communication link (Fencl et al., 2024). (b) Signal attenuation perkm for various
atmospheric phenomena as a function of frequency (ITU-R P.530, 2017; Ostrometzky, 2017).

fall increasingly dominates overall attenuation at most fre-
quencies,especially at higher bands, a pronounced absorption
peak occurs near 60 GHz due to oxygen resonance (Arvas
and Alsunaidi, 2019).

Environmental Monitoring with Wireless Links

Power measurements collected from communication links
can effectively function as environmental sensors (Messer
et al., 2006), leveraging their sensitivity to atmospheric phe-
nomena. Within the OS approach, WCN infrastructure (e.g.,
CMLs) is repurposed as a cost-effective virtual sensor net-
work for environmental monitoring (Upton et al., 2005;
Overeem et al., 2011). Notably, rainfall is the most estab-
lished application, with efforts worldwide leveraging WCN
datasets to retrieve urban-scale and country-wide rainfall
fields (Graf et al., 2020; Messer and Gazit, 2016; Overeem,
2023; Chwala and Kunstmann, 2019; Zhang et al., 2023a;
§paék0vé et al., 2021). Beyond rain, wireless communica-
tion sensing has been explored for other atmospheric vari-
ables. For humidity, CML attenuation shows potential for
near-surface humidity retrieval (Rubin et al., 2022), with
links near the 22.235 GHz water-vapor line (K-band) ex-
hibiting increased sensitivity to vapor density (Rubin et al.,
2023), and at higher frequencies (E-band, 71-86 GHz) paths
are typically shorter, yet water-vapor sensitivity per kilome-
ter is higher, making them attractive for humidity sensing
(Fencl et al., 2021). Furthermore, CML-based retrievals for
additional atmospheric variables represent emerging appli-
cations: for air quality, signals respond to stable stratification
and inversion layers that can trap pollutants, yielding indi-
rect indicators (David and Gao, 2016). For fog, detection has
been shown in analytical and event-based observations and
is expected to improve with denser high-frequency deploy-
ments (David et al., 2015; Csurgai-Horvath and Bit6, 2010).
Still, CML sensing of non-rain phenomena suffers from low
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SNR and confounding losses (wet-antenna, drift, multipath),
coarse quantization, reliance on auxiliary data (e.g., temper-
ature), and path/frequency/height mismatches, so estimates
are indirect, uncertain, and often detect only strong events
(e.g., dense fog) (Rubin et al., 2022; David et al., 2015).
With the rapid development of dense urban deployments and
greater use of higher-frequency spectrum with increased at-
mospheric sensitivity, emerging opportunities arise for urban
OS applications — from high-resolution precipitation map-
ping to rain-cell front tracking (Ostrometzky and Messer,
2024; Janco et al., 2023; Zhang, 2023; Hadar et al., 2020).

The variety of OS dataset sources and methods — including
wireless links — has prompted global initiatives to establish
a unified reference community and standards. One such ef-
fort is the Global Microwave Link Data Collection Initiative
(GMDI) (Fencl et al., 2025), established under the COST Ac-
tion OPENSENSE, which serves a specific role of cataloging
microwave-link datasets and harmonizing data formats to fa-
cilitate their collection and sharing.

Rain-Induced Attenuation

The k- R relationship describes rain-induced attenuation y as
a function of the rainfall rate R, typically expressed as (ITU-
R P.838, 2005; Olsen et al., 1978): y+(R) = k R*, where k
is an attenuation coefficient and « is an exponent that de-
pends on factors such as signal frequency, polarization and
the drop-size distribution. The total rain-induced attenuation
A;(¢) along the link’s propagation path can then be written
as:

A) = / v(R(,0))de ~ kR®) L, (2)
path

Here, yr(R(E, t)) is the local specific attenuation
(dBkm™!) at rain rate R(¢, ), and the integral accumulates
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the total attenuation along the path. Assuming uniform rain-
fall along the path, the integral simplifies to a power-law (PL)
relation in which the path-averaged rainfall rate R(r) and ef-
fective link length L govern attenuation — an approximation
widely used in radio communications and meteorological es-
timation. While the link length L is typically taken as the dis-
tance from site to site and the coefficients are derived from
ITU-R standards (ITU-R P.837, 2017), methods have been
proposed to calibrate them, including path-length corrections
(Ostrometzky et al., 2016; da Silva Mello and Pontes, 2007,
Janco et al., 2022). Specifically, standard models can ex-
hibit larger prediction errors on short paths (S 1km) (Habi
and Messer, 2020; Janco et al., 2023). This limitation is
highly relevant for dense urban deployments, such as beyond
5G/6G networks and smart-city infrastructures. This chal-
lenge further motivates active research into methods for rain-
fall retrieval from wireless links and underscores the value of
studying datasets in urban topologies, such as the OpenMesh
dataset.

2.1.2 NYC Mesh Network

NYC Mesh (NYC Mesh, 2025b) is a community-driven net-
work led by volunteers that builds and maintains a mem-
ber supported network for internet connectivity in NYC.
By deploying nodes on existing urban infrastructure, such
as rooftops and balconies, and using a hybrid mesh, it re-
duces reliance on traditional internet service providers and
expands local connectivity, without logging personal data.
NYC Mesh is a non-commercial ISP whose participant in-
stallations form direct node-to-node links, enabling dynamic
routing and resilience. Its backbone connects hubs and su-
pernodes via point-to-point wireless (the focus of this study),
while selected supernodes provide fiber uplinks and peer-
ing for upstream connectivity. Community members host lo-
cal services including a node database (MeshDB), network
monitoring dashboards (UISP), a community wiki, and a
Slack workspace for coordination (NYC Mesh, 2025c¢, a, b).
Wireless coverage is currently concentrated in Brooklyn and
Lower Manhattan, with an ongoing expansion to the Upper
West Side, Harlem, and the Bronx.

Network Configuration

NYC Mesh employs a three-tiered network architecture that
combines mesh principles with a star topology (hub-and-
spoke), blending the resilience of a mesh with the simplic-
ity of a star — local nodes connect to nearby hubs, while
hubs interlink to maintain redundant, mesh-like connectiv-
ity across the network. Figure 3 illustrates this architecture,
showing fiber-connected Supernodes in data centers interfac-
ing with internet exchange points and forming a partial mesh
with wirelessly interconnected Hubs that serve as intermedi-
ate nodes: (i) Supernodes (Tier 1) serving as primary pub-
lic Internet gateways, typically connected via fiber uplinks;
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(ii) Hub Nodes (Tier 2) are neighborhood level relay points,
spanning basic Omni Hubs, intermediate Sector Hubs, and
major Backbone Nodes, that aggregate traffic from multiple
rooftop installations; and (iii) Member Nodes (Tier 3) repre-
sent the network edge, comprising both standard nodes that
maintain direct uplinks to Hubs and “Omni-Only” nodes that
rely on short-range mesh connections with nearby neighbors.
This is a hybrid topology of fiber optic and wireless links
in a distributed architecture that dynamically reroutes traf-
fic, with fiber connections between Supernodes and central
Hubs providing more reliable pathways than wireless seg-
ments, especially during weather disruptions. Wireless links,
which are the core of our dataset, serve two distinct roles
in the NYC Mesh network: (i) high-capacity links intercon-
nect major hubs and supernodes to form a partially meshed
backhaul, and (ii) access point links, which constitute the net-
work’s “last mile,” provide the final hop from a neighborhood
hub to individual members in a point-to-multipoint configu-
ration.

Wireless Hardware and Spectrum Allocation

NYC Mesh employs a wide range of commercial hardware
from vendors such as Ubiquiti and MikroTik to build a re-
silient urban network and uses licensed and unlicensed spec-
trum bands. NYC Mesh uses available spectrum in multi-
ple bands that balances the trade-offs between different fre-
quency bands. The 5 GHz band is used for reliable, weather-
resilient connections; the 24 GHz and unlicensed 60 GHz
bands provide gigabit speeds but typically over short dis-
tances due to oxygen absorption. The 70 and recently de-
ployed 80 GHz bands are reserved for critical backbone con-
nections with the highest capacity. Figure 4 displays the
OpenMesh deployment of the NYC Mesh network in the
published dataset. Figure 4a maps OpenMesh links in the
Brooklyn area, which presents the core of the NYC Mesh
network, color-coded by carrier frequency (5 GHz in blue,
24 GHz in green, 60 GHz in orange, and 70 GHz in red),
demonstrating the spectrum diversity of the multi-band de-
ployment across a dense urban area (~ 10km?). Unlike tra-
ditional CMLs (Fig. 2b), which rely on dedicated telecom-
munication towers, NYC Mesh leverages existing urban in-
frastructure, primarily rooftops, as shown in Fig. 4a, with
members mounting hardware with clear line of sight. More-
over, NYC Mesh deploys dual-band link configurations for
critical hub connections, pairing high-frequency bands with
5 GHz backup links to maintain connectivity during adverse
weather conditions, trading bandwidth for link availability.

Data Collection Pipeline

Wireless link metrics are collected through NYC Mesh’s
monitoring system, which archives telemetry from network
devices. These feeds supply 1 min measurements that com-
prise the OpenMesh dataset. An API, maintained by NYC
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Mesh, is reachable from any node within the mesh’s pri-
vate IP space; each device’s JSON payload is refreshed ev-
ery minute, with a timestamp indicating the time of measure-
ment. To fetch from NYC Mesh, we use a fully automated
pipeline that runs daily: it queries the NYC Mesh inven-
tory for active devices, fetches link metrics, including sig-
nal strength (dBm), capacity, latency, and throughput, to per-
form standard reliability checks, flagging and retrying failed
or incomplete requests before uploading validated records to
a cloud database. The pipeline interfaces with MeshDB and
UISP monitoring tools, with MeshDB additionally tracking
network infrastructure updates such as new node installations
and topology changes.

2.1.3 Case Study

The OpenMesh dataset spans a period of eight months
(29 October 2023-1 July 2024), with all timestamps in UTC.
The dataset comprises two main components:

1. Raw measurements. Time-series data from NYC Mesh
wireless links, providing RSL measurements at 1 min
time resolution spanning the study period.

2. Metadata. Table describing link physical attributes in-
cluding identifier, location, carrier frequency, and link
length.

Table 1 summarizes the OpenMesh data characteristics
that provide open-access RSL measurements for 103 sub-
links across 75 hops, all sampled with 1 dBm quantization
and vertical polarization. Among these hops, 24 contain 2 or
more sublinks: 22 employ bidirectional link pairs for two-
way communication between NYC Mesh nodes, and 6 use
same direction dual-band configurations pairing two direc-
tional links to the same sites. This results in hops in the
dataset that contain more than 2 sublinks, as they combine
both dual-band and bidirectional configurations.

Subnetwork Data Selection

The OpenMesh dataset is a curated subset of the broader
NYC Mesh network, encompassing several hundred wire-
less links and continuously expanding. Figure 5 depicts
carrier frequencies and path lengths (transmitter—receiver
distances), highlighting the published OpenMesh sublinks
within all active NYC Mesh wireless links. The released
dataset comprises links selected according to these criteria:
(i) Data completeness and continuity: As a community-run,
evolving network, NYC Mesh is dynamic, where links are
added and reconfigured over time. We prioritized links with
stable logging and fewer gaps across the study window, ex-
cluding data streams with substantial outages or irregular
sampling. (ii) Representativeness and relevance: To preserve
weather-sensing relevance, we selected sublinks across mul-
tiple bands, prioritizing higher frequencies. These include
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V-band links, covering both the oxygen resonance range
(~60GHz band), typically avoided in commercial back-
haul due to high attenuation, and upper V-band frequencies
(e.g., 69 GHz). We also selected for diversity in link lengths
and included co-located dual-band pairs, offering frequency-
dependent comparisons along identical paths that are rarely
available in existing open microwave link datasets. Con-
versely, we de-prioritized very short 5 GHz links, which rep-
resent a large fraction of the network but contribute little at-
mospheric signal.

Data Specifications and Preprocessing

Missing data appear as gaps caused by link outages, which
can arise from hardware failures or due to strong weather at-
tenuation. All such intervals are encoded as NaN in the raw
RSL series and aligned to a unified 1 min sampling grid. Two
notable missing-data windows are present: (i) Late startup:
about 30 % of sublinks began data collection on 7 Novem-
ber, leaving an initial gap of 10 d after the nominal start date;
and (ii) Hardware outage: during the first week of March, the
NYC Mesh data collection system experienced a hardware
failure lasting one week, resulting in missing or corrupted
samples. NYC Mesh devices typically record RSL at 56 or
64 s intervals, with occasional missing samples or transmis-
sion errors. To ensure consistency in the published data with
unified time stamps for all raw measurements: (i) Time se-
ries were resampled to a fixed 1 min interval to provide con-
sistent temporal resolution across all data. Minor gaps (up
to two minutes) were linearly interpolated to maintain conti-
nuity due to irregular time sampling, while longer sampling
gaps remained as missing data and were filled with NaN.

2.2 Meteorological Data

We use meteorological data from ground-based sensors in
NYC, which includes data from official WS of NOAA and
data from a dense network of PWS, summarized in Table 1.
WS record meteorological variables in specific locations us-
ing dedicated sensors such as thermometers (temperature),
hygrometers (humidity), barometers (pressure), anemome-
ters (wind speed and direction), and RGs for precipitation.
Official WS often follow standardized protocols and guide-
lines from organizations like the World Meteorological Or-
ganization (WMO), ensuring consistency and comparabil-
ity across different measurement systems. As a result, they
provide reliable, quality-controlled data for forecasting, cli-
mate analysis, and calibrating other sensors. In the United
States, for example, the primary network of official stations
is the ASOS, co-managed by National Oceanic and Atmo-
spheric Administration (NOAA) and National Weather Ser-
vice (NWS) and other agencies, providing critical data for
weather analysis and aviation safety. However, dedicated of-
ficial stations often have sparse spatial distributions, mak-
ing them insufficient to capture hyperlocal climate variabil-
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Table 1. Dataset Overview: NYC Mesh Sublinks by Frequency and Weather Stations.

Data Source Count (Sublinks/Stations) Temporal Resolution Measured Variable Resolution
Wireless Links Total: 1032 1 min RSL 1dBm
(NYC Mesh) 5GHz (5.0-6.0): 55

24 GHz (24.0-24.5): 8

60 GHz (58.0-66.0): 25

70 GHz (68.0-69.5): 15
Weather Stations?
WUnderground PWS 37 ~ 5-15 min (irregular) Precipitation 0.25mm
ASOS Network 3 5 min (NCEI) Precipitation 0.25 mm

Daily (GHCN) Precipitation & snowfall 0.25 mm

4 Among these, 22 employ bidirectional pairs, and 5 use dual-band (24/60/70 GHz + 5 GHz backup) to mitigate rain fade. b Weather station data include additional
meteorological variables such as temperature, humidity, wind speed and direction, air pressure.
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Figure 5. Feature distributions of OpenMesh dataset: sublink lengths range in kilometers (km) and carrier frequencies (GHz). (a) Carrier-
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ity, especially in dense urban environments (Schilling, 1991;
Cristiano et al., 2017). This gap has motivated the use of op-
portunistic data sources such as crowdsourced PWS to sup-
plement official networks (Hahn et al., 2022; de Vos et al.,
2019).

2.2.1 Personal Weather Stations

PWS, deployed by individuals or local organizations typ-
ically with low-cost instruments, collect localized meteo-
rological data. They fill observational gaps in urban areas
where official WS coverage is limited, providing near real-
time data critical for capturing rapidly changing conditions.
Key applications include urban climate research, urban hy-
drology, and potentially weather prediction model improve-
ment through data assimilation and model bias correction
(Bardossy et al., 2021; Brousse et al., 2023). PWS have be-
come increasingly popular for collecting precipitation data,
with observations shared in real-time through online plat-
forms such as WUnderground, Netatmo, WOW, and Weath-
ercloud that provide access to dense international networks;
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however, commercial platform ownership creates third-party
dependencies and uncertainties in data processing for scien-
tific use (Fencl et al., 2024). The major drawback of PWS
data is their reliability: quality can vary greatly, with com-
mon problems including faulty zeros, missing data, and bias,
often stemming from non-standardized, user-operated instal-
lations and inadequate maintenance. Moreover, PWS typi-
cally use unheated tipping bucket rain gauges, which lim-
its their utility to liquid precipitation and reduces accuracy
during snow or frozen events compared to heated standard
gauges. Therefore, automated Quality Control (QC) is a crit-
ical step to filter out erroneous measurements before the data
is used. For precipitation, initial QC methodologies focus on
detecting errors like faulty zeros and outliers through spatial
consistency checks with neighboring stations (de Vos et al.,
2019; El Hachem et al., 2024). This is often followed by a
separate post-processing step, such as bias correction against
reference gauge and radar products, to address the system-
atic errors. While data quality varies, PWS networks provide
complementary local observations, with recent open-source
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QC algorithms (Consortium, 2025) and ongoing standardiza-
tion efforts expanding their usability.

Weather Underground

WoUnderground (Weather Underground, 2025) hosts an ex-
tensive global PWS network, currently exceeding 250 000
stations, with more than 180 000 located in the United States.
The online platform aggregates real-time weather observa-
tions, forecasts, and historical records from these stations,
providing users with hyperlocal forecasts, data visualiza-
tions, and other tools through its website and mobile appli-
cations. This study uses WUnderground PWS data to obtain
temporally aligned weather records with OpenMesh network
performance metrics, enabling examination of how meteoro-
logical conditions influence wireless signals in the NYC area.
PWS in the WUnderground network typically use a self-
emptying tipping bucket design, often capturing rainfall in
increments of 0.25 mm. Standard, unheated PWS devices of-
ten fail to differentiate precipitation types and may lead to de-
layed or underreported data for non-liquid forms (snow, hail).
As a result, snow or frozen-precipitation measurements may
be incomplete or imprecise. We highlight these constraints in
our study and emphasize the need for data validation when
analyzing precipitation-related processes. Although precipi-
tation is our primary focus, WUnderground PWS typically
measure additional variables including temperature, humid-
ity, wind, pressure, and often solar radiation, with derived
quantities such as dew point.

2.2.2 Precipitation Measurements

This study primarily focuses on precipitation data, combin-
ing observations from standard WS and PWS across NYC.
We leverage meteorological data from two main sources:
WoUnderground, offering a dense PWS network with broad
spatial coverage and high sampling rates, and the NOAA,
which provides officially QC measurements. We categorize
two types of stations used in this study:

— PWS (WUnderground). Data from a total of 37 PWS
distributed across Brooklyn and Manhattan provide de-
tailed meteorological variables, including precipitation
measurements. We sourced PWS data via the WUnder-
ground API; stations generally report at 5 min intervals,
with observations available in near real time. Report-
ing times can be irregular and are not necessarily syn-
chronized across stations, so timestamps may differ be-
tween PWS records. The WUnderground PWS network
includes only basic automated quality checks, and mea-
surements are not as rigorously controlled as those from
professional stations. Nevertheless, their fine-grained
temporal and spatial coverage enables analysis of urban
meteorological processes at the micro-scale, supporting
correlation with NYC Mesh link measurements and ex-
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ploration of local weather impacts on communication
links.

— ASOS Network Observations. We utilize observations
from three key ASOS stations in the NYC area: the
FAA-owned sites at John F. Kennedy (KJFK) and La-
Guardia (KLGA) airports, and the NWS-owned station
in Central Park (KNYC). The ASOS network is oper-
ated jointly by NOAA’s NWS, the FAA, and the De-
partment of Defense (DoD). All three stations provide
standardized, continuous data; the airport sites are po-
sitioned primarily to support aviation safety, while the
Central Park station provides a climatological baseline
from an urban park setting. Data from the ASOS net-
work is officially archived by NOAA’s NCEI (NOAA
National Weather Service et al., 2005), which processes
the continuous observations into distinct datasets which
were employed in this study:

— Minute-scale observations. ASOS data at minute
resolution, covering precipitation type, visibility,
temperature, dew point, humidity, wind, and pres-
sure, serve as our regional reference for the evo-
lution of weather events. ASOS/AWOS data were
obtained via the NCEI Data Access Application,
which ingests official NOAA/NCEI archives and
provides data exports at multiple time aggrega-
tions. These operational records receive automated
checks but are not subject to the comprehensive,
dataset-wide quality assurance applied to daily cli-
matological archives.

— Daily Summaries (GHCN). Historical daily sum-
maries from JFK, LGA, and Central Park are ob-
tained through NOAA via the Global Historical Cli-
matology Network (GHCN) database. These daily
records provide separate values for total liquid-
equivalent precipitation (which includes rainfall
and melted frozen precipitation), new snowfall (the
depth of what fell in the previous 24 h), and the
total snow depth on the ground. GHCN-Daily ag-
gregates observations from ASOS and other station
networks, applies comprehensive quality assurance,
and produces QC’d daily totals that we use as our
baseline for day-scale validation.

3 Data Analysis

This section presents representative examples from the
dataset, illustrating its quality and applicability for environ-
mental monitoring. We first outline the methods used in this
analysis, then provide an overview of descriptive statistics for
the OpenMesh dataset. We then present unique features, il-
lustrated through weather-signal relationships and cases from
the study period.
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3.1 Methods
3.1.1 Path-Averaged Attenuation

Let L (km) denote the link length, i.e., the distance between
the transmitter and receiver. The path-averaged attenuation
AA(?) is defined by normalizing the total measured attenua-
tion above the baseline by L:

AA(t)
L

AA() = . 3
where AA(t) is the total measured attenuation at time f.
Specifically, the total attenuation A(¢) along the path repre-
sents the cumulative effects experienced by the signal along
its propagation path. Here, we simplify these accumulated ef-
fects by letting the effective link length L.g approximate the
direct distance L, thereby facilitating statistical comparisons
among links by minimizing distance-dependent biases.

3.1.2 Baseline Reduction

Our dataset comprises RSL measurements, from which
we derive attenuation metrics. To quantify the added at-
tenuation beyond baseline conditions, we define AA(f) =
RSLpaseline () —RSL(#), where RSL(¢) is the measured power
at time ¢ and RSLpaseline(?) denotes the nominal dry-weather
signal level. We use a dynamic baseline approach (Ostromet-
zky and Messer, 2017) to determine the baseline level by us-
ing 12 h windows of past measurements.

3.1.3 Pairing Link-PWS Data

In our analysis, we paired signal measurements from sub-
links with precipitation collected by nearby PWS. Each sub-
link is paired with spatially averaged PWS rainfall measure-
ments from stations located within 3 km distance.

3.1.4 Aggregated Statistics

To capture both short-term fluctuations and longer-term rain-
fall trends, we aggregate meteorological and attenuation data
over different time intervals. Instantaneous measurements at
time ¢ refer to the native sensor temporal scales (e.g., 1 min
for signal measurements and 5 min for PWS data). We de-
fine AA,,(¢) as the attenuation averaged over an m-min in-
terval ending at ¢. For example, we use 15 min AA5(z) and
60 min A Ago(?) aggregations to reflect different insights into
observed patterns. Similarly, we define o,,(¢) as the corre-
sponding standard deviation (STD) of the signal within the
m-min window, which can be used to quantify signal vari-
ability and has been suggested for rainfall detection (Schleiss
and Berne, 2010).
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3.2 Dataset Characteristics
3.2.1 Data Quality and Assessment

Figure 6 provides a histogram of data availability after pre-
processing, showing the percentage of valid records rela-
tive to the total possible measurements over the study pe-
riod. Most published sublinks and PWS achieved around
~90 % or higher availability, with mean availabilities of
88.9 % and 88.7 %. Data availability accounts for all sources
of missing data over the study period, marked by NaN val-
ues. For OpenMesh sublinks, missing data is categorized into
three main categories: (i) Known system events (detailed in
Sect. 2.1.3): delayed startup and week-long outage in early
March; (ii) Operational issues: sporadic link outages from
hardware failures or mid-period shutdowns; (iii) Environ-
mental causes: external signal blockages or weather-induced
attenuation (the focus of this study), where RSL drops be-
low detectable levels. Despite these gaps, most OpenMesh
sublinks maintain high availability, with 92 sublinks achiev-
ing above 80 % coverage (including 58 sublinks above 90 %).
For PWS, availability is computed for precipitation measure-
ments at each station’s sampling interval (5 min for 34 sta-
tions, 15 min for 3 stations). The majority of PWS stations
(28 of 37) achieve above 80 % availability, with 21 stations
exceeding 90 % coverage.

3.2.2 RSL Statistics

Figures 7 and 8 characterize RSL properties and baseline
variability in the dataset. Figure 7a shows the distribution of
median RSL across sublinks, concentrated around —60 dBm
and ranging from —80 to —35 dBm due to variations in trans-
mitted power, path length, antenna configuration, and operat-
ing frequency. The median RSL represents the nominal dry-
weather signal level for each sublink and serves as a simple
static baseline for rain-induced attenuation estimation. Fig-
ure 7b shows the distribution of all RSL measurements (log-
arithmic scale), ranging from —20 to —96 dBm, with lower
RSL values being more susceptible to outages that can oc-
cur during heavy rain events. Figure 8 assesses the dynamic
baseline’s stability, which is a prerequisite for accurate rain
estimation. Figure 8a—b quantify this stability by showing the
distributions of the baseline’s STD and robust range (5-95
percentile), which are calculated using a 12 h window. Most
sublinks exhibit a STD of less than 3 dB and a robust range
of less than 5dB, indicating the baseline is stable in most
cases. High STD values can indicate non-rain attenuation
from factors like atmospheric absorption or other RSL drifts
and changes. Figure 8c exemplifies such an event, where the
corresponding baseline (red) tracks a sudden ~5dB RSL
drop around 13 May and remains low, distinguishing it from
the normal, smaller-scale deviations during the series. These
results are particularly relevant for the OpenMesh dataset,
which contains 60 GHz links that may cause more significant
dry-weather attenuation and that lack TSL values, implying
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Figure 6. Data availability distribution for (a) NYC Mesh sublinks and (b) WUnderground PWS during the study period. Histograms show
the number of sensors at each availability percentage, calculated as valid measurements relative to total possible records.

that, more processing may be needed for reliable rainfall es-
timation.

3.2.3 Cumulative Rainfall Data

Figure 9 presents the cumulative rainfall from the PWS and
ASOS networks over the study period. Figure 9a displays all
PWS stations with available data, categorized by total accu-
mulation. The lowest group (< 400 mm) shows notable gaps
and flat periods, which are due to missing data or equipment
issues rather than a true absence of rain. Figure 9b compares
the cumulative rainfall from the GHCN-Daily ASOS sta-
tions with the mean and median of the PWS network, omit-
ting the low-availability group (< 400 mm). This compari-
son shows that the PWS and ASOS networks capture similar
overall trends and accumulation totals of 850 to 900 mm. Al-
though individual PWS stations exhibit high variability and
data gaps, the network’s high spatial density is a valuable as-
set that encourages the future application of QC methods to
further refine these rainfall estimates.

3.3 Precipitation and Link Attenuation

A strong, inverse relationship exists between precipitation
intensity and RSL, which is evident even in the OpenMesh
dataset.

As an example, Fig. 10 shows five months of data (10
November 2023-10 April 2024): RSL measurements (dBm)
from a 69 GHz, 1.8 km sublink plotted against mean precip-
itation recorded by the nearby, corresponding PWS, paired
to the link. Peaks in precipitation rate (mmh~") coincide
with sharp RSL drops, confirming this strong inverse rela-
tionship between precipitation intensity and signal strength.
The shaded interval marks an NYC Mesh outage that pro-
duced a data gap (see Sect. 2.1.3).

https://doi.org/10.5194/essd-18-5817-2026

3.3.1 Attenuation Across Frequency Bands

Different frequency bands inherently experience varying at-
tenuation characteristics, so we analyze multiple bands in the
NYC Mesh sublinks to capture these differences. The Open-
Mesh dataset allows for this analysis, as it contains sublinks
from four distinct frequency bands (5, 24, 60, and 70 GHz)
co-located within the same urban environment.

Figure 11 details the trends between precipitation, carrier
frequency, and attenuation. For a fair comparison we show
attenuation statistics for links of a similar length and normal-
ized values.

Figure 11a provides an example comparing sublinks of
approximately 1.5km in length, plotting the 15 min attenu-
ation (A A1s) against WMO-defined precipitation categories
(World Meteorological Organization, 2018), which are deter-
mined by the mean of paired PWS data. A clear and expected
trend emerges: attenuation increases significantly with both
precipitation intensity and carrier frequency. Specifically, the
60 and 70 GHz bands show stronger attenuation during mod-
erate to heavy rain compared to the 5 and 24 GHz bands. Fig-
ure 11b shows the Complementary Cumulative Distribution
Function (CCDF) of hourly aggregated statistics (mean and
median) of path-normalized attenuation AAgo(t). The plot
highlights the percentage of time each attenuation threshold
is surpassed. Notably, the 5 GHz mean attenuation appears to
exceed the 24 GHz band, an artifact that can be attributed to
normalization effects from short sublinks, which artificially
increase the normalized attenuation. Moreover, this band’s
large size (55 sublinks) provides broader temporal and spa-
tial coverage.

Dual-band Demonstration

Figure 12 shows a three-day interval (22-24 March) of a
dual-band link from the City College of New York to a north-
ern endpoint in Harlem, illustrating RSL attenuation across
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frequency bands under identical rain conditions as measured
by a co-located PWS. This channel consists of two sublinks
operating at a high frequency (69 GHz) and a low frequency
(5.7 GHz), respectively, which follow similar paths and ex-
perience the same weather conditions yet display markedly
different attenuation levels. During this period, heavy rainfall
was recorded on 23 March, corresponding to substantial at-
tenuation in both sublinks. At the peak of the rain event, the
69 GHz sublink undergoes nearly 30dB of additional path
loss — enough to cause sublink outage, while the 5.7 GHz
sublink incurs only around 5 dB of loss.

3.4 Opportunistic Precipitation Sensing with OpenMesh

Here, we demonstrate the applicability of OpenMesh for op-
portunistic precipitation sensing, illustrating how wireless
link measurements, cross-referenced with local PWS data,
capture rainfall events and winter snowstorms across the
study period.

Earth Syst. Sci. Data, 18, 5817-5836, 2026

3.4.1 Link-Based Rain Detection

We adopt the rolling (STD) method (Schleiss and Berne,
2010), applying a 30 min window to flag significant RSL
fluctuations indicative of rain-induced attenuation using a
70 GHz band NYC Mesh sublink spanning 6.9 km. Figure 13
shows a continuous record for June 2024, comparing sublink
measurements with the average rainfall intensity from paired
PWS stations. The top plot shows the RSL (black line);
the middle plot displays its 30 min rolling STD,o030, (pur-
ple line); and the bottom plot indicates PWS-derived rain-
intensity categories (drizzle to heavy (World Meteorological
Organization, 2018), shown in Fig. 11). Red bars mark “wet”
intervals based on the rolling-STD threshold. Overall, wet
flags align well with periods of higher PWS rainfall intensi-
ties, especially during intense events. Still, some periods of
inconsistencies arise, including false alarms and missed de-
tection periods, suggesting that additional preprocessing and
alignment are needed when using and comparing opportunis-
tic sensors.
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a nearby PWS throughout a five-month study period.

3.4.2 Snowfall Events

We present NYC Mesh link responses during Winter 2024
snowstorms, cross-referenced with local PWS and ASOS ob-
servations. Table 2 summarizes daily snowfall records for
Winter 2024 at KJIFK, KLGA, and KNYC. The table shows
snowfall depths from six specific days in early 2024. The Jan-
uary events were generally light, with most measurements
at 5.08 cm or less. The February events were much heav-
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ier, with a significant snowfall of 8-11cm recorded at all
three stations on 13 February, and a peak accumulation of
15.75 cm at KJFK on 17 February. Figure 14 shows two of
these events during Winter 2024: 16 January, with an average
daily accumulation across stations of 3.9 cm, and 13 Febru-
ary, with heavier accumulations of 9.6 cm. The bottom panel
displays Smin ASOS precipitation records for each event.
Above, RSL measurements from two sublinks per frequency

Earth Syst. Sci. Data, 18, 5817-5836, 2026
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band (5, 60, and 70 GHz) in the Brooklyn region are shown
alongside mean and median precipitation and air temperature
from the local WUnderground PWS network.

All plots are color shaded by ASOS NOAA station cat-
egory to reflect the reported condition at each interval: dry
(white), wet (rain), wintry mix (freezing rain, freezing driz-
zle, or sleet), and snow, using the majority category within
each hourly window. Figure 14a corresponds to the 16 Jan-
uary 2024 event, with ASOS stations recording snow con-
ditions mainly in the early morning (up to 09:00 a.m.) with
recorded precipitation. At the same time, no significant effect

Earth Syst. Sci. Data, 18, 5817-5836, 2026

on the microwave signal was observed, and no precipitation
was registered by the WUnderground PWS. These observa-
tions can be associated with the recorded subzero tempera-
tures (—2 to —4 °C), which may suggest the presence of pre-
dominantly dry snow. Such conditions are typically transpar-
ent to microwave signals and are often not recorded by un-
heated PWS tipping-bucket gauges, which can be susceptible
to freezing. Around 09:00, as the air temperature rose toward
0°C, ASOS station reports shifted from “snow” to “win-
try mix,” indicating mixed-phase conditions. Concurrently,
NYC Mesh wireless links exhibited marked attenuation, ex-
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Figure 13. One-month sublink sample illustrating RSL (top), rolling STD (middle), and PWS-based rain intensity categories (World Mete-
orological Organization, 2018) (bottom). Red intervals indicate wet detections where the STD exceeds the detection threshold.

Table 2. NOAA GHCN-daily Snowfall Depth Measures.

Date KJFK KLGA KNYC
(dd/mm/yyyy)  (cm) (cm) (cm)
06/01/2024 0.25 0.76 0.51
15/01/2024 1.78 0.76 1.02
16/01/2024 3.30 5.08 3.30
19/01/2024 0.76 3.30 1.02
13/02/2024 10.67 8.38 8.13
17/02/2024 15.75 8.38 5.08

ceeding 10dB at higher frequencies, while co-located PWS
reported only low precipitation levels. Figure 14b illustrates
the 13 February event, characterized by heavier snowfall, av-
eraging about 9cm of snow depth across the three ASOS
stations. In the morning hours, ASOS stations began record-
ing precipitation with present weather codes indicating snow.
At the same time, wireless links showed substantial attenu-
ation across all frequency bands, including more than 20 dB
on high-frequency (60-70 GHz) sublinks and some link out-
ages. Concurrently, PWS also registered precipitation, but in
low amounts, with a majority of stations reporting zero.
After 13:00, wireless links showed signal recovery, return-
ing to baseline attenuation levels that aligned with reported
dry conditions. Simultaneously, the PWS network recorded
spikes with high precipitation levels, even as official ASOS
stations reported zero precipitation. This significant peaking
lag in the PWS data, which is delayed relative to the earlier
RSL attenuation and ASOS observations, may suggest it is
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not a new precipitation event. A possible reason for this be-
havior is a “melting lag,” where the unheated PWS gauges
may be measuring the previously uncaptured snowpack as
it melted, long after the actual snowfall had ended. Overall,
OpenMesh wireless links exhibited frequency-dependent at-
tenuation during snow storms, showing potential to comple-
ment sparse official stations for snow monitoring, and to dis-
criminate between dry and wet snow, as suggested in @ydvin
et al. (2025).

4 Discussion

WCNss serve as valuable sources of atmospheric and hydro-
logical data (Messer et al., 2006; Chwala and Kunstmann,
2019; Fencl et al., 2025). While most current studies have
focused on CMLs traditionally employed for cellular net-
work backhauling, new wireless data sources are emerging
with increased urban deployments at higher millimeter-wave
frequency bands (e.g., ~60 and ~ 70 GHz). Here, we pre-
sented OpenMesh, a new OS dataset from a community-
operated WCN deployed across multiple frequency bands
in NYC, representing a network type not previously cov-
ered in the CML literature. We analyzed attenuation—weather
relationships in NYC by pairing OpenMesh RSL measure-
ments from four frequency bands (5, 24, 60, and 70 GHz)
with PWS and ASOS records, demonstrating the utility of
this frequency diversity for opportunistic precipitation sens-
ing. Key challenges include data availability, with high re-
sponsiveness at 70 GHz leading to outages during severe
rain, along with baseline instability and variable reliability
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Figure 14. RSL traces from two illustrative snowfall days per frequency band, shown alongside PWS mean/median precipitation (mm) and
temperature (°C), and 5min ASOS precipitation. Colored shading indicates the precipitation type from airport stations: snowfall (cyan),

mixed rain/snow (gray), rainfall (blue), and dry (white).

of PWS references. At the same time, the opportunistic ap-
proach, leveraging the growing number of distributed sensors
including dense link deployments across multiple frequency
bands (Fig. 4) and PWS stations, can mitigate these limita-
tions, making OpenMesh a practical testbed for urban precip-
itation sensing. For example, the OpenMesh dataset features
several dual-band links (Fig. 12), pairing high-frequency
bands with a 5 GHz link along the same line of sight, which
not only supports connectivity but also enables direct com-
parison of frequency-dependent atmospheric effects over the
same channel. Beyond rainfall, the snow events (Fig. 14)
illustrate that urban wireless links, particularly at higher
frequency bands, can sense snowfall often missed by un-
heated PWS gauges. Link responses vary between dry and
wet snow depending on weather conditions such as temper-
ature, supporting earlier studies on WCNs for snow appli-
cations (@ydvin et al., 2023, 2025) and encouraging fur-
ther exploration of non-rain phenomena. Moreover, as 5G
and 6G architectures evolve toward Integrated Sensing and
Communication (ISAC) (Kaushik et al., 2024; Dong et al.,
2022), wireless infrastructure increasingly couples as an ac-
tive environmental sensor. Moreover, as 5G and 6G architec-
tures evolve toward Integrated Sensing and Communication
(ISAC) (Kaushik et al., 2024; Dong et al., 2022), wireless in-
frastructure increasingly couples as an active environmental
sensor. Aligned with the ISAC paradigm, proactive weather-
aware communication resilience (Kadota et al., 2022; Jacoby
etal., 2025a, 2024; Yaghoubi et al., 2018; Ahuna et al., 2019)
can be achieved by learning rain-induced signal degradation
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patterns to directly optimize NMS decisions, as we recently
demonstrated using the OpenMesh dataset (Jacoby et al.,
2026).

The release of the OpenMesh dataset aligns with recent
efforts to standardize and openly share OS datasets for hy-
drology applications, including both wireless link, satel-
lite microwave link, and PWS observations (Fencl et al.,
2025, 2024). We encourage further exploration, including ad-
vanced processing of OS datasets and trade-off analysis be-
tween sensor density and reliability for hydrological applica-
tions. Such efforts could involve applying QC and noise fil-
tering methods to OpenMesh measurements and integrating
with regional weather monitoring tools such as the NEXRAD
KOKX S-band Doppler radar (Upton, NY) serving the NYC
area and MRMS reanalysis gridded products, to leverage
OS measurement diversity for environmental monitoring and
specifically urban weather sensing.

5 Data availability

The OpenMesh dataset comprising NYC Mesh wireless
link measurements is publicly available on Zenodo un-
der https://doi.org/10.5281/zenodo.15287692 (Jacoby et al.,
2025b) under the Creative Commons Attribution 4.0 Li-
cense (CC BY 4.0). The measurements and a two-week Jan-
uary sample of PWS data are both provided in NetCDF for-
mat, fully compliant with their respective OpenSense stan-
dards, CML specifications v1.1 for standardized metadata
and PWS conventions for irregular time steps, accompanying
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the white paper on opportunistic rainfall-sensor data (Fencl
et al., 2024). Meteorological raw observations for the en-
tire period (including ASOS 5 min and daily, and WUnder-
ground PWS) are accessible through their respective online
platforms and API access. The attached repository contains
the relevant scripts used to derive raw and meta dataset from
both sources.

6 Code availability

Scripts and notebooks are available on GitHub, archived at
Zenodo under https://doi.org/10.5281/zenodo.18510358 (Ja-
coby, 2025). The repository includes examples of data read-
ing and analysis, data fetching modules for NOAA and
WoUnderground observations, and is actively being expanded
with additional processing scripts and results. The NetCDF
dataset aligns with the OpenSense specification and inter-
operates with the opportunistic-hydrology codebase (https:
//github.com/OpenSenseAction, OpenSense Action, 2024).
Community contributions are welcome.

7 Concluding remarks

As in-city wireless deployments grow denser and adopt
higher frequency bands, emerging opportunities such as
smart cities and community-driven infrastructures, like NYC
Mesh, offer a path to capture high-resolution urban pre-
cipitation mapping at minimal additional cost. These net-
works provide high temporal sampling and dense spatial
coverage that can support existing and future monitoring
systems. Growing initiatives to openly share OS datasets
for weather monitoring reflect a broader shift toward lever-
aging diverse sensor networks alongside traditional tools.
OpenMesh exemplifies this through collaboration between
a community-operated network and researchers, offering a
replicable model for open, low-cost urban environmental
sensing. Challenges remain, including data availability gaps,
link outages during intense rain, and variability in data qual-
ity. Nevertheless, the public release of OpenMesh contributes
to the growing body of openly available OS datasets, support-
ing further research into wireless networks as urban weather
monitoring platforms.
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