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ABSTRACT Cosmic-ray neutron sensing (CRNS) has emerged as a promising technique for non-invasive,
field-scale soil moisture monitoring, offering advantages over conventional point-based sensors. However,
the practical use of CRNS data in operational smart irrigation systems remains challenging, particularly due
to the lack of IoT platforms and frameworks capable of automatically ingesting, calibrating, fusing, and
analyzing CRNS measurements in real deployment settings. This paper addresses this gap by presenting
COSMIC-SWAMP, an IoT platform and analytics framework designed to operationalize CRNS-based soil
moisture data within smart irrigation environments. The proposed framework integrates heterogeneous
sensing technologies and communication infrastructures, enabling automated data ingestion, environmental
correction, calibration, spatial and temporal data fusion, and forecasting-based analytics at the level of
irrigation management zones. A real-world deployment combining LoRaWAN-connected prototype CRNS
sensors and a co-located commercial reference system is used as a proof of concept to validate the
framework’s feasibility and flexibility under operational conditions. The evaluation demonstrates that
COSMIC-SWAMP can harmonize heterogeneous soil moisture data streams, generate consistent volumetric
water content estimates, and support automated analytics workflows for irrigation decision support. While
this study focuses on system and framework-level validation rather than exhaustive metrological assessment
of sensing technologies, the results highlight the potential of COSMIC-SWAMP to enable scalable and
sustainable integration of CRNS data into IoT-based smart irrigation systems. Limitations and directions
for future measurement campaigns and extended validation are discussed.

INDEX TERMS Smart irrigation, Internet of Things, cosmic ray neutron sensors, soil moisture sensors,

LoRaWAN.
I. INTRODUCTION
The associate editor coordinating the review of this manuscript and Continuous soil moisture monitoring in arid and trop-
approving it for publication was Ye Liu . ical regions is a major challenge. Effective irrigation

© 2026 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.
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decision-making, based on data-driven modeling, relies
on representative soil moisture measurements over large
sites [1], [2], [3]. Historically, soil moisture has been
measured in situ using invasive multi-depth sensor probes
installed directly into the soil. Reliance on in-ground
sensors (e.g., time-domain reflectometer probes or capacitive
sensors) within the field presents different challenges to
collecting reliable data [4].

Individual sensors typically provide point measurements
that do not accurately capture the changing soil dynamics
typical across field scales [5]. Although satellite products
have been offered as a solution to this problem, freely
available products often have temporal resolutions too low
for precision irrigation management [6]. While upscaled,
higher-resolution data products can be purchased, they can
have much higher per-hectare costs than in-situ sensing
arrays. Furthermore, sub-kilometer products that are avail-
able typically still require networks of ground sensors or
extensive ground calibration campaigns to build empirical
models of soil moisture [7]. These empirical models require
a high level of a priori knowledge for a given site to
avoid high daily soil moisture uncertainty. Several smart
farm deployments have considered using Internet of Things
(IoT)-enabled devices to transmit data wirelessly, thereby
easing the deployment and in situ data collection. The
lack of reliable soil moisture time-series data from small
point-probe arrays is expected to compromise the accuracy of
data-driven water-need estimation models for modern deep
learning architectures. Cosmic rays offer a unique solution
for measuring soil moisture at the field scale, which could
support effective irrigation management in the future. The
Cosmic Ray Neutron Sensing (CRNS) [8] method uses
neutrons coming from the soil to non-invasively estimate soil
Volumetric Water Content (VWC), the ratio of the volume
of water to the volume of soil, which is a common measure
of soil moisture [9]. When high-energy cosmic ray neutrons
come from the upper atmosphere [10], their subsequent
products [11] are either reflected from the ground or go on to
produce secondary neutrons. Since hydrogen acts as a strong
neutron moderator, neutrons generated in the atmosphere or
soil are slowed and absorbed when they encounter water.
As aresult, the total neutron rate observed by neutron sensors
placed above the ground is inversely correlated with soil
moisture in the local vicinity of a sensor [12]. Due to the
long path length of neutrons in air, the effective footprint
of such a sensor can range from 120 to 275m in radial
distance, depending on local conditions [13]. The sensing
depth of the technique in soil has been found to range
from 15 to 75,cm from the surface [14]. Several cosmic ray
soil moisture monitoring networks are currently operating
globally, such as COSMOS [15], CosmOz Australia [16]
and COSMOS-UK [17], which primarily use Helium-3/BF3-
based detector systems. To date, CRNS networks have
been primarily used for hydrological monitoring research.
However, recent initiatives have looked at the use of CRNS
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for monitoring and optimizing agricultural water use [18],
[19], [20], [21]. Beyond understanding the fundamental
limitations of the technique, another challenge in achieving
this goal is integrating cosmic ray sensor data directly with
irrigation systems. Deployments in farming contexts typically
require farmers to either manually retrieve raw data from
field sensors and process it offline or download it from
FTP servers. This necessitates additional processing steps to
correct for local conditions and average data over a daily
period before it can be used to assess field moisture levels.
Whilst some CRNS providers support data acquisition via
dedicated servers, the processing steps in these solutions are
typically closed-source. Currently, there is no open-source
solution for research on data-driven irrigation that can
automatically calibrate and correct cosmic-ray sensor data
and integrate it into large-area agri-sensor networks in a
plug-and-play fashion. Similar to the capacitive sensing
case, it is expected that manual calibration measurements
post-deployment are necessary for the reliability of cosmic
ray neutron sensors to reach the level of precision needed
for accurate crop modeling inputs, and therefore, further
development of community tools to support automated
calibration by novice users is needed for these to be seriously
adopted in these fields.

This paper describes the development of a prototype
Internet of Things platform, COSMIC-SWAMP, which
addresses this problem by building on previous efforts
to develop a module smart water management platform
(SWAMP) [22] using traditional in-ground capacitive sensing
probes. By enabling the seamless deployment of cosmic-ray
neutron probes in agricultural environments and automating
calibration and water-content extraction, COSMIC-SWAMP
provides a plug-and-play solution for monitoring irrigation
systems. Measurement and simulation results show the
effectiveness of the COSMIC-SWAMP approach for CRNS-
based smart irrigation. The focus of this research is on the
architecture of such a system and the components required
to integrate cosmic-ray sensor systems into large-area
monitoring networks reliably.

Despite the increasing interest in cosmic-ray neutron
sensing (CRNS) for field-scale soil moisture monitoring, the
practical integration of CRNS data into operational IoT-based
smart irrigation systems remains an open challenge. Existing
studies predominantly focus on sensing principles, calibra-
tion, or offline data analysis, while IoT platforms for smart
irrigation typically rely on conventional point-based sensors
or remote sensing products and do not natively support CRNS
data streams. This gap hinders the scalable, automated, and
long-term use of CRNS measurements in real agricultural
deployments.

The problem addressed in this work is how to operational-
ize CRNS-based soil moisture measurements within an IoT
platform that supports automated data ingestion, calibration,
fusion, and analytics, enabling their use in irrigation decision
support systems under real deployment conditions.
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The main contributions of this paper are as follows:

o The design and implementation of COSMIC-SWAMP,
an open and extensible IoT platform that enables the
operational integration of cosmic-ray neutron sensing
(CRNS) data into smart irrigation systems.

o A modular IoT analytics pipeline supporting automated
data ingestion, environmental correction, calibration,
spatial fusion, and forecasting of soil moisture at the
level of irrigation management zones.

« A system-level validation through a real-world deploy-
ment combining heterogeneous CRNS devices and
communication infrastructures, demonstrating feasibil-
ity, interoperability, and automated operation under
practical conditions.

o A qualitative and quantitative evaluation framework that
highlights the strengths, limitations, and challenges of
using CRNS data within IoT-based irrigation decision
support.

Farmers and end-users can benefit from research on CRNS
for soil moisture measurements and from the COSMIC-
SWAMP platform, as both have the potential to improve
smart irrigation substantially in the future. As a field-scale
non-invasive technology, CRNS could replace both point-
based measurements. Point-scale in-situ sensors must be
installed in complex networks to provide representative soil
moisture values that capture the spatial soil variability of
different management zones within a parcel. Sensors must be
installed and removed periodically, depending on the crop.
On the other hand, large-scale remote sensing from satellite
or uncrewed aerial vehicles lacks the temporal and spatial
resolution for the relevant size of agricultural management
zones, and it is constrained to measure only the very topsoil.
While the CRNS technology overcomes these limitations,
contributions to advance technology transfer in this area, such
as COSMIC-SWAMP, are required to make it reliable and
affordable.

The remainder of the paper is organized as follows.
Section Il reviews related work. Section III describes the orig-
inal SWAMP platform upon which the COSMIC-SWAMP
platform is built. Section IV describes the cosmic ray sensing
technique and volumetric water content extraction procedures
in more detail. Section V describes the overall structure
of the COSMIC-SWAMP platform. Section VII shows the
results from the first COSMIC-SWAMP pilot study, as well as
simulation results. Finally, Section VII reviews the potential
impacts of COSMIC-SWAMP and areas for further research.

Il. RELATED WORK

In recent years, there has been an increasing interest in
developing IoT Platforms for various applications, including
agriculture, which do not involve the use of CRNS. These
platforms present varying interoperability and performance
features [23]. They are required due to the inherently
distributed nature of IoT-based smart agriculture, which must
deal with a geographical and computing continuum spanning
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from sensors to the cloud, passing through multiple stages of
fog and edge computing nodes [24], [25].

Benyezza et al. [26] developed a generic IoT platform
for environmental and agricultural applications that handles
typical data, such as air temperature, humidity, and soil
moisture. The authors customized their platform for data
fusion using fuzzy logic, tested it in a laboratory testbed
rather than in an actual agricultural field. Comegna et al. [27]
presented an IoT system for soil moisture, focusing on the
multi-parameter sensor itself and on relationships among
soil moisture, soil water content, matric potential, and
hydraulic conductivity. Salam [28] presented several features
of an IoT Platform for soil moisture measurements and
radio communication evaluations, focusing on a wireless
underground sensor network, and acknowledged that CRNS
could provide complementary soil moisture measurements.
Qian et al. [29] surveyed IoT-based smart irrigation systems
covering various platforms and soil moisture measurement
systems. Morchid et al. [30] presented a smart irrigation
application based on the ThingsBoard IoT Platform, focusing
on user-related features such as visualization and notification.
Srinivasu et al. [31] investigated the use of explainable arti-
ficial intelligence (XAI) in smart agriculture and compared
techniques to recommend suitable crops to specific farms.
However, they neither focused on irrigation nor built an IoT
Platform, instead using existing datasets.

Recent studies have also explored the integration and com-
plementarity of emerging soil moisture sensing technologies
in agricultural contexts. Gaspar et al. [32] investigated the
combined use of proximal gamma-ray sensors and cosmic-
ray neutron sensors to characterize soil moisture dynamics in
an agricultural field in Spain, demonstrating the benefits of
multi-sensor approaches for improving spatial and temporal
soil moisture characterization.

In parallel, alternative approaches based on remote and
proximal sensing have been explored to improve soil
moisture mapping at field scale. Diaz-Delgado et al. [33]
analyzed the use of uncrewed aerial vehicles (UAVs) for soil
moisture mapping, highlighting both the opportunities and
the challenges related to spatial resolution, calibration, and
data integration when compared to in-situ sensing techniques.

More broadly, recent surveys have emphasized the
increasing diversity of soil moisture monitoring approaches,
spanning in-ground sensors, proximal and remote sensing
technologies, and artificial intelligence-based data process-
ing. Gautam et al. [34] reviewed advancements in soil
moisture evaluation methods, stressing that effective agricul-
tural decision support increasingly depends on the integration
of heterogeneous sensing data and analytics frameworks
rather than on individual sensing technologies alone.

Because the CRNS technique is relatively new, none of
these studies has had a major focus on integrating neutron
sensing of soil moisture into their networks, and no open
source solution is currently available for such a direct
integration. The majority of agriculture-based studies to
date have focused on the feasibility of CRNS for irrigation
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scheduling, showing strong potential, but not necessar-
ily on the integration challenges needed for sustainable,
long-term adoption of the technique within the agriculture
sector. Heistermann et al. [35] presented a dataset of a dense
CRNS network spanning three years of measurements in
northern Germany (from 2019 to 2022), collected from
various CRNS sensors from different vendors. As the
authors emphasize, they expect this dataset to be helpful
to the scientific community in further research efforts.
Zhang et al. [36] reported an experiment conducted to assess
the applicability of CNRS for soil moisture measurement in
a mountain area in northern China, concluding that CNRS
can be used to measure soil moisture accurately in rocky
areas, particularly in dry environments with low biomass.
For extreme conditions and organic soils, there might be
open questions, though Wang et al. [37] identified deviations
during the frost period.

Emamalizadeh et al. [38] compared remote sensing and
CRNS for soil moisture measurement at four locations
in northern Italy, concluding that CRNS significantly out-
performs satellite-based methods. Morris et al. [39] showed
that relatively simple corrections for vegetation biomass
on the neutron signal were effective when compared to
long-term historical data of neutron probes in Maize-
Soybean sites. Zhang et al. [40] developed a method that
employs a cosmic-ray neutron rover to measure soil
moisture on the Tibetan Plateau and uses a data logger
integrated into the control module to collect sensor data.
Mazzoleni et al. [41] demonstrated the capability of CRNS
to detect changes in soil moisture up to 25cm deep
due to sub-surface irrigation systems along grapevines.
Al-Mashharawi et al. [42] explored the potential for CRNS
to track water content in olive and cherry orchard pilot sites,
demonstrating a good response when accounting for changes
in vapor pressure deficit over time.

Work in [21] first explored the concept of irrigation
management through neutron transport simulations, finding
that statistical noise was a major limiting factor. The study,
however, suggested that CRNS still offered potential for
improvement in larger sites in arid regions with heavy
irrigation requirements. Brogi et al. [18] showed through
neutron transport simulations that whilst CRNS can be
sensitive to irrigation, when applied to smaller fields (0.5-
8ha), variations in soil moisture in surrounding sites can
also influence the signal. Further work in [19] subsequently
demonstrated, in field trials, that CRNS could accurately
detect changes in soil moisture due to irrigation in small
plots, provided additional soil moisture measurements could
be obtained on neighboring sites. For such a technique
to be effective, however, additional tools are needed to
automatically correct for differences in the shape and
extent of irrigation areas. This highlighted the importance
of building a strong understanding of contributing signals
across a site, based on different irrigation zones, and of
effectively integrating multiple distributed sensors across
farming boundaries.
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Cirillo et al. [43], working in a similar area, have examined
the effects of farm operations on larger sites monitored by
CRNS, demonstrating that changes in soil bulk density due
to tillage can alter the correlation between CRNS and field
conditions. This demonstrated the need for systems that can
reliably map expected changes in farming operations to field
observations to produce reliable data.

Despite the significant progress reported in the literature,
existing work typically addresses only isolated aspects of
the overall problem. Studies on CRNS primarily focus
on sensing principles, calibration, and validation of soil
moisture estimates, often relying on offline data collec-
tion or standalone data loggers, with limited discussion
of IoT platforms, automated data pipelines, or long-term
operational integration. Conversely, [oT platforms and smart
irrigation systems reported in the literature generally rely
on point-based soil moisture sensors or remote sensing
products and do not natively support CRNS data products
or their specific correction and calibration requirements.
As summarized in Table 1, these research directions tend
to address sensing, data management, and decision support
in isolation, leaving the integration challenges associated
with operationalizing CRNS data for automated irrigation
management largely unaddressed.

In contrast, COSMIC-SWAMP integrates these previously
separate research directions into an end-to-end IoT analytics
platform, combining automated CRNS data ingestion and
calibration, heterogeneous communication support, spatial
and temporal data fusion into management-zone indicators,
and forecasting-based decision support. This positioning
highlights the contribution of the proposed platform not as
a new sensing technology, but as an operational framework
that enables the sustainable and scalable use of CRNS within
smart irrigation systems.

Ill. SMART WATER MANAGEMENT PLATFORM (SWAMP)
The original Smart Water Management Platform [22]
(SWAMP)! was designed to support smart irrigation by
developing a robust IoT agricultural monitoring infrastruc-
ture that can interface with various environmental sensors.
SWAMP combines arrays of in-field sensors, such as
soil probes and irrigation monitors, and machine learning
algorithms to perform data-driven irrigation scheduling [44].
SWAMP is built on the FIWARE open-source standard
for smart applications, which provides a robust context
broker (Orion) for storing data in MongoDB and time-series
databases (QuantumLeap combined with CrateDB). The
main advantage of SWAMP is its flexibility in supporting
both large and diverse sensor networks, as well as modular
processing algorithms based on a standardized NGSI con-
textual interface. This makes it possible to easily extend the
platform to support new data processing routines or forecast-
ing methods, whilst also allowing existing components to be
replaced by other implementations in the future.

1 https://swamp.pesquisa.ufabc.edu.br
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TABLE 1. Qualitative comparison of representative approaches related to soil moisture sensing, loT platforms for smart irrigation, and COSMIC-SWAMP.

Approach category CRNS sensing Automated IoT ingestion Fusion / zones Forecasting / DSS
calibration

CRNS and proximal sensing studies Yes Partial / offline Limited or offline No No

(e.g., Gaspar et al., 2025; Heistermann

et al., 2023)

Remote sensing and UAV-based ap- No Partial Limited Partial No

proaches

(e.g., Diaz-Delgado et al., 2025)

Generic IoT smart irrigation platforms No N/A Yes Partial Partial

(e.g., ThingsBoard-based and similar

systems)

COSMIC-SWAMP (this work) Yes Yes Yes Yes Yes

The SWAMP model focuses on providing a common
standard for exchanging information on irrigation scheduling.
By dividing agricultural sites into numerous individual
irrigation management zones, SWAMP aims to continuously
monitor water demand within each zone, thereby optimizing
total water application at a finer scale than would be possible
with a manual approach. SWAMP developed their own multi-
depth multi-parametric capacitive sensor probes for in-situ
point measurements [45].

The major limitation of the original SWAMP platform is
that it is explicitly optimized for arrays of in-situ capacitive
probes to monitor each management zone. Since these
probes are primarily used for point measurements within
each zone, they may fail to capture soil moisture variation
at larger scales. Consequently, large networks of them are
necessary to monitor a collection of management zones. In-
ground soil sensing systems also suffer from the fundamental
limitation that they must be removed and reinstalled in the
field during major farming operations. Since SWAMP relies
on manual association of sensors with management zones,
the sensors are physically placed in these zones, which
imposes an additional requirement on farmers to update the
mappings between sensors and individual zones whenever
assets are physically moved on a farm. For an irrigation
monitoring platform to be easily scalable to large farm sites
and operationally viable for use over multiple growing cycles,
it needs to effectively capture soil moisture neutrons so they
are more likely to be absorbed before leaving the conditions,
while accounting for potentially noisy/sporadic data expected
in farming environments. In the following two sections,
we review our proposed solutions to this need.

IV. COSMIC-RAY NEUTRON SENSING

The cosmic-ray neutron sensing technique offers a novel
approach to non-invasively measuring soil moisture over
large areas. A neutron detector placed above ground is
sensitive to variations in local water content, which is caused
by an increase in soil hydrogen, thereby moderating neutrons.
Hence, they are more likely to be absorbed before leaving
the soil. The correlation between neutron rate and Volumetric
Water Content (VWC) is strongest in the epithermal energy
range, between 1.0 eV and 0.1 MeV [46]. Cosmic ray neutron
detectors are also sensitive to changes in local environmental
conditions (pressure, absolute humidity, soil composition)
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and variations in the incoming primary cosmic ray flux.
Whilst the former are typically obtained from co-deployed
weather stations and soil calibration campaigns, the latter
requires information from online sources, as discussed in
detail in the subsequent section. Online processing algorithms
are therefore necessary to correlate the observed neutron
counting rate with VWC fully [13].

A common method used by several cosmic ray monitoring
arrays involves calculating the fractional drop in observed
neutron counts relative to an estimated maximum ‘dry
neutron counting rate’ after correcting for background
environmental variations. Given a neutron count rate from a
sensor, the VWC is typically estimated as:

ai
ovwe=(———r—— — » 1
vwe (fpfc N/No) — a3 613) Pd+ o (D

where Ny is the expected counting rate for dry soils, f, and
f. are correction factors for variations in local environmental
conditions and incoming cosmic ray intensity respectively,
o4 1s the dry soil bulk density, and ¢y represents additional
constant contributions due to soil lattice water content
and soil organic carbon [9]. The a; terms are empirical
factors that represent the correlation between the counting
rate and water content, and are typically given by the
following values: (a1, az, az) = (0.0869, 0.3720, 0.1236). f,
is typically derived from environmental data obtained from
a weather station co-deployed with the cosmic ray station.
fe 1s typically derived from data obtained from the neutron
monitor database [47], a network of high-energy cosmic
ray monitors distributed globally around the world, which
monitor the highest energy portion of the incoming cosmic
ray intensity to estimate the flux before local environmental
conditions modify it. This final correction influences are on
the order of a few percent, which is significant given the
sensitivity required for fine-scale irrigation monitoring and
scheduling.

Whilst several global CRNS networks use this method
to convert raw neutron counts to soil moisture, recent
re-assessment of neutron behavior on field sites using
detailed neutron transport simulations has shown that an
alternative universal transport equation can give a more
reliable estimate of soil moisture that properly accounts
for neutron diffusion through humid air [48]. Despite this
advancement in cosmic ray sensing, most existing users still
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rely on simpler correction functions, as in Equation (1), due
to their ease of implementation. Several tools have recently
been developed to support the adoption of new correction
techniques.

However, these still require manual handling of text-file-
based CRNS outputs after a data collection campaign, such
as crspy [49] and CoRNy.> While older networks, such as the
original COSMOS [15], demonstrated the ability to process
data in real time as raw counts are transmitted over cellular
or satellite connections, there have been few demonstrations
of robust, flexible integration with other IoT devices for
agricultural decision-making. The ADAPTER project is one
of the most recent attempts at this, demonstrating the use of
NB-IoT to automatically transfer data to a centralized server
for providing daily site summaries to farmers [50]. It is clear
that for the CRNS to achieve the level of precision required
for precision irrigation, automated calibration procedures
are necessary to account for local environmental conditions
and to correct for the global cosmic-ray intensity obtained
from the neutron monitor database. To date, no open-source
framework exists that does not require continuous, extensive
manual intervention by farmers to directly link soil moisture
products from CRNS systems with irrigation systems and
crop modeling tools.

In the next section, we discuss efforts to develop a set of
extendable FIWARE Internet of Things software modules to
address this challenge and support the broader use of IoT
processing of cosmic ray data in an agricultural management
context.

V. METHODOLOGY: THE COSMIC-SWAMP CONCEPT

COSMIC-SWAMP builds on lessons learned from the
original SWAMP platform to develop a new sensor platform
capable of supporting a wider range of soil sensors and
responding to changing site conditions. This goal is achieved
by transitioning to a geo-spatial referencing management
approach, in which fields are subdivided into Management
Zones. All relevant information for a zone, such as sen-
sor data and agronomic plans, is dynamically linked to
location attributes within the platform. Traditional in-situ
soil moisture measurement methods in other networks [45]
rely on probes at fixed locations, typically associating
soil moisture monitoring data with irrigation platforms
that are manually installed at sensor locations. Instead,
the geospatial referencing considered in this work enables
dynamic associations based on position, enabling irrigation
routines to query sensors near a moving irrigation arm at
a specific point in time to determine local soil moisture
conditions. This approach results in a flexible framework that
can automatically respond to changes in physical sensing
systems, such as farmers relocating sensors during harvest,
without requiring extensive manual intervention on the server
management side for the farmer. Farmers must only upload
the locations of their sensors and provide maps of their

2https:// git.ufz.de/CRNS/cornish_pasdy
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growing plans. Further simulation tools enable the platform
to determine the most appropriate way to collate information
for a specific management zone.

The overall structure of the COSMIC-SWAMP platform is
illustrated in Fig. 1, which divides the platform into four key
sub-platforms, each designed to operate as a self-contained
unit. Each sub-platform is separated based on differences in
processing procedures, and the resulting information is saved
at each stage. The platforms are:

o IoT Platform: handles ingesting data from on-site
devices and external data providers and transmitting
control messages back to in-field devices.

o Information Platform: aims to standardize high-level
data variables into the COSMIC-SWAMP data model
(e.g., converting raw sensor readings to volumetric water
content).

« Fusion and Forecasting Platform: handles management
zone water content averaging and predicting future soil
moisture on daily timescales for irrigation management.

o Simulation Platform: processing flow for predicting
platform behavior at the sensor level over entire growing
cycles based on simulated or historic data.

Aside from the core FIWARE modules used for contextual
data storage in the original SWAMP platform (Orion,
CrateDB, QuantumLeap), each COSMIC-SWAMP module
is provided as a Python-based REST interface built with
FastAPI [51], which provides automated documentation
and robust input format checking. The COSMIC-SWAMP
platforms are released under the GPL open-source license’
in the hope that this will support a more robust ecosystem of
processing tools in the cosmic ray sensing community, which
could directly support farmers in the future.

A. 10T PLATFORM

The Internet-of-Things platform within COSMIC-SWAMP
defines the backend components necessary for handling raw
sensor data. This platform relies on core FIWARE modules
to store current (MongoDB) and historical (CrateDB) contex-
tual data, with the Orion Context Broker serving as a general
management system for the current state of entities within
the platform. Every property of interest on an agricultural site
(from field extents to crop conditions and sensor locations) is
represented as an NGSI-2-compliant entity in Orion, enabling
the site’s current state to be monitored. Furthermore, Orion’s
built-in service path capability is used in COSMIC-SWAMP
to separate different agricultural sites (whether real or
simulated), allowing a single platform deployment to be
scaled across a wide range of field sites and operating
configurations.

COSMIC-SWAMP uses LoRaWAN for wireless sensor
data transmission and MQTT as an IoT data protocol.
LoRaWAN is a distributed transmission technology operating
in unlicensed ISM bands, currently at the forefront of the IoT
smart applications, particularly in agriculture settings, as it

3 https://github.com/patrickstowell/COSMICSWAMP
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FIGURE 1. COSMIC-SWAMP Platform Overview. Raw sensor data arriving on the loT Platform is parsed and sent to the Information
Platform, which standardizes the data on key soil properties. Standardized data is used within the Fusion Platform to estimate the
condition of each growing management zone and forecast future growth. Finally, historic data is used as an input in the Simulation

Platform to predict future site behavior at the sensor level.

allows farmers to establish their own sensor networks that can
automatically accommodate the installation of new devices.
Since it operates on users’ own network infrastructure,
it offers high flexibility, adaptability, and efficiency. Yet,
providing adequate Quality of Service (QoS) guarantees
is challenging and depends on a careful understanding of
different tradeoffs, such as sensor density, distance from the
sensors to the gateway, and spreading factor [52].

MQTT provides a robust message transport protocol
for collecting data from diverse sensor networks. MQTT
provides three QoS levels to ensure reliable and robust com-
munication, particularly in IoT applications [53]. By defining
rules for message delivery, MQTT can adapt to varying
network conditions and system requirements. QoS 0 pri-
oritizes transmission speed and frequency over reliability,
making it suitable for non-critical data transmitters that
don’t require delivery confirmation. QoS 1 ensures messages
are delivered at least once, handling network issues but
allowing duplicates. QoS 2 guarantees exactly-once delivery,
preventing duplicates and data loss, making it ideal for critical
applications.

COSMIC-SWAMP utilizes MQTT to retrieve sensor data
from in-field devices. There is no standardized solution
for processing incoming MQTT sensor data from different
providers and ingesting it into the Orion Context Broker.
Instead of running individual IoT agents for each possible
sensor stream, COSMIC-SWAMP provides a generalized [oT
agent that can be easily extended with simple Python-based
parsing modules for each data format. These modules convert
raw data into Next Generation Service Interface for Linked
Data (NGSI)-compatible messages, ready to be ingested into
Orion. The modular processing format allows libraries of
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typical message-format parsers to be added without the need
to deploy a separate IoT agent for each type, or to require
that all sensors deployed adopt a common message-format
standard.

Weather stations connected to the platform regularly
publish their data directly to the COSMIC-SWAMP servers
using a 4G modem. When considering the deployment
of large arrays of soil sensors, individual 4G modems
per device do not scale well. Instead, several transfer
solutions have historically been considered for smart farm
field deployments, with LoRaWAN, a low-power wireless
protocol, a common standard. Given its widespread use,
LoRaWAN is considered a primary method for transmission
from distributed in-field sensors. Several Internet-of-Things
management services are available for testing remote device
data transfer, such as The Things Network® or ChirpStack.’
In the case of COSMIC-SWAMP, The Things Network
(TTN) is the primary service provider, with test deployments
considered in this work demonstrating the use of centralized
4G-enabled gateways that send data to TTN community
servers before the platform queries them. The advantage
of this approach is that a large array of publicly available
gateways within the TTN network can be used for testing
sensors within COSMIC-SWAMP across the globe in built-
up areas. For deployments on remote farm sites, additional
gateways can be installed and configured to transmit data to
TTN, with multiple gateways potentially co-deployed across
a farm site to provide large-area coverage or add redundancy
in the event of a single gateway failure.

4https://WWW.thethingsnetwork.org
5 https://www.chirpstack.io
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An additional COSMIC-MQTT-bridge is necessary to
allow sensor streams to be obtained both directly and
from external service providers. This bridge subscribes to a
user-provided list of data streams and publishes them to a
local MQTT topic, allowing the platform to collate sensor
data from many different MQTT sources into a centralized
Orion context manager. For sensor streams, using external
service providers, such as TTN, allows COSMIC-SWAMP
to automatically subscribe to MQTT topics for all sensors
deployed on the platform, thereby eliminating the need to
configure each device to send data to a specific server
endpoint hosting COSMIC-SWAMP. Since devices typically
send data periodically within LoRaWAN, if the server or
gateway experiences an intermittent failure, the data contin-
ues to be transmitted once the gateway-server connection is
restored. Due to LoRaWAN message limitations, any data
transmitted by sensors during this downtime is lost. However,
this structure ensures that the entire sensor network is restored
to a transmitting state once the servers are restored.

Fig. 3 illustrates the IoT Platform, highlighting the entire
data flow from sensors to the Simulation Platform. This
platform also enables the historical monitoring of raw data
from all relevant data streams, including the CRNS probes
designed for COSMIC-SWAMP and weather stations. It also
exemplifies the MQTT data stream collation carried for a
typical pilot. Unlike other readily available IoT agents, these
modules are configured and monitored based on additional
entities managed by Orion, making it easy to add different
MQTT sources on a site-by-site basis if necessary. In addition
to monitoring the current contextual state of each entity, the
platform automatically saves the state of each time-varying
entity in CrateDB after every update, using QuantumLeap
as a generic enabler. This, combined with a Grafana-based
monitoring system, enables the historical monitoring of raw
information from all relevant data streams to assess the
long-term stability of in-situ sensors.

B. INFORMATION PLATFORM

After collating raw sensor data and other contextual
information, the COSMIC-SWAMP platform automatically
processes it into NGSI format. When sensor data arrives
on the platform, it can trigger a sensor-specific calibration
service that uses the data to produce a final estimate of
all parameters of interest necessary for understanding crop
growth to date. For weather station data, this is simply the
weather readings from in situ monitoring stations. In-field
soil probes typically send raw data to the server, which then
undergoes a secondary calibration step to produce a soil
moisture reading.

The purpose of the information platform, depicted by
Figure 3, is to collate available data sources necessary for
calibration and output them in a standardized way. The
output of this platform can therefore be considered ‘farmer-
ready’ data, comprising real physical site variables (e.g.,
soil volumetric water content and its associated uncertainty,
rainfall, temperature, pressure, and humidity). Similar to the
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IoT platform, the modules within the information platform
are designed to interface with one another in a standardized
way to support future extensions of calibration procedures.
The roles of the IoT modules within the information platform
are described individually below.

COSMIC-SWAMP API: The critical distinction between
the original SWAMP platform and COSMIC-SWAMP at this
stage is that each sensor reading must be assigned both a value
and a location attribute, which defines a ‘validity footprint’ of
that measurement within the site. This footprint accounts for
changes in sensing area across different techniques, typically
measured in centimeters for capacitive probes and in hun-
dreds of meters for neutron probes. Additionally, a validity
weighting parameter can be specified, which defines the
falloff in sensitivity of the neutron sensing technique with
increasing distance. This addition to the calibration procedure
is relatively simple. Still, when combined with CrateDB’s and
Orion’s geolocation capabilities, it enables efficient site-wide
searching and averaging of measurements of interest. The
COSMIC-SWAMP API facilitates querying data in this way
by providing a singular interface that allows both current and
historic entity states to be searched, as well as providing the
ability to query based on spatial measurements, not devices
(e.g., requesting all valid soil moisture measurements for a
specific point in a field on a given date). Built as a FastAPI
application, the COSMIC-SWAMP API also provides an
accessible interface for higher-level site management through
customizable Python scripts.

COSMIC-SWAMP Web Management: To support the
transition to this new geospatial referencing model, a web
management application is provided, which serves as a
general entity editor tool for directly modifying all entities
within a given site. In addition, the app provides a web-based
service monitoring tool that interacts directly with the doc-
umentation and logging capabilities of each module, as well
as a leaflet-based geospatial analysis tool for understanding
how the sensitive footprints of each measurement intersect
with potential site management zones.

Weather Forecaster: In addition to on-site weather data
from weather stations, further data is required to forecast
future crop growth and water needs based on weather
forecasts. Several commercially available data sources are
available through REST APIs for this purpose. One challenge
with these sources is that not all APIs provide the exact
information needed for crop growth estimation. The Weather
Forecaster module aims to collate this available weather
data and convert it into a common time-series format that
includes current and future possible weather information,
such as potential rainfall and environmental conditions
(pressure, temperature, humidity, and incoming radiation).
In cases where only limited information is available, such
as 5-day forecasts, simple linear interpolation is used
to produce hourly forecasts, which are associated with
significant errors. This method enables the standardized
handling of forecast data by modules outside the information
platform.
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FIGURE 2. Multi-stream data collation using the COSMIC-SWAMP MQTT Bridge and Modular loT Agent components. Raw data from both
LoRaWAN-enabled capacitive probes and neutron sensors is combined with data from MQTT-enabled weather stations by a single context manager.

NMDB-Scheduler: Corrections are required to account for
variations in incoming cosmic-ray intensity when aiming
for measurement uncertainty below a few percent with the
neutron sensing technique. Typically, data from either the
Jungfraujoch neutron monitoring station in Switzerland is
used to perform this correction [54]. However, some existing
networks consider the nearest active neutron monitoring
station available in the online neutron monitor database
when making this correction [16]. The Neutron Monitoring
Database (NMDB) enables querying cosmic-ray intensity
variations for non-commercial purposes in near real-time via
a REST API. To avoid overloading the NMDB interface with
repeated queries for every device in COSMIC-SWAMP, the
NMDB-Scheduler periodically queries data for each station
relevant to the network and stores it in COSMIC-SWAMP
as a NeutronDatabase contextual entity. This procedure
enables data corrections to be applied using locally available
data. It supports the possibility of adding local time-series
measurements of cosmic ray intensity directly to the platform
in the future (for example, by utilizing cosmic ray muon
measurements [55].

Soil Probe Calibration: In the case of capacitive probes
like those in SWAMP [45], [56], calibration is simply a
soil-dependent correction function that relates the raw capaci-
tive sensor reading in millivolts to soil moisture in volumetric
water content %V /V. These functions are typically obtained
from calibration campaigns using soil samples from the
deployment site in question to provide precise estimates.
Whilst the capacitive probe only outputs a point reading
in sensitivity, a location attribute is still assigned to the
NGSI-calibrated sensor output. Importantly, the soil probe
calibration service provides both forward and backward
calibration functions, allowing not only soil moisture to
be estimated from raw Analog-to-Digital Converter (ADC)
values from the probe, but also a raw ADC value to be
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estimated for a given ground-truth soil moisture in simulated
data.

CRSPY Server: Cosmic ray neutron probes require several
correction steps to remove the influence of changes in local
environmental conditions before the volumetric water content
can be estimated (Section IV. The CRSPY server module
in COSMIC-SWAMP takes advantage of community efforts
to develop a standardized procedure for these corrections,
providing a calibration micro-service that takes in relevant
environmental data, raw neutron counting rate information,
and estimates of dry soil neutron counts for a site and returns
a corrected volumetric water content estimate with associated
errors [49]. By default, the CRSPY Server module utilizes
the standard corrections described by Bogena et al. [57].
Importantly, this separation of cosmic ray to volumetric water
content corrections into its own component of the platform
ensures that processing is always handled robustly and
identically for each cosmic ray neutron probe, without requir-
ing specialized knowledge of the corrections themselves.
Additionally, a future extension to utilize more sophisticated
cosmic-ray corrections, such as universal neutron transport
methods [48], is straightforward.

CRNS Calibration: In contrast to capacitive probes,
the CRNS technique requires a more complex calibration
procedure that uses not only local weather data but also
corrections for online cosmic ray flux measurements and
knowledge of the soil composition at the site in question.
Whilst this is a disadvantage for the technique compared
to simpler probes, these corrections lend themselves well
to automated processing routines. Typically, within a smart
farm site, a number of these measurements will already
be known and stored in the management platform due to
other farm operations (for example, historic soil composition
measurements or weather data from already-deployed in-situ
weather stations).
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FIGURE 3. COSMIC-SWAMP Information Platform Architecture. Raw sensor data streams are combined with dedicated calibration modules to convert
them to farmer-ready data (e.g., volumetric water content). For CRNS processing, all steps required for the automatic conversion of sensor data are
included in three modules: CRNS calibration, NMDB schedule, and CRSPY server interface.

The CRNS Probe calibration module is designed to auto-
matically query all relevant data from COSMIC-SWAMP for
sensor calibration and then pass them to an external correction
server for VWC calculation.

The query procedure is as follows:

1) CrateDB is queried for data on air temperature,
pressure, and humidity within a 10 km radius, and the
results are prioritized according to distance.

2) CrateDB is queried for site properties of interest,
including soil composition and above-ground biomass
estimates for all zones within the neutron probes’
footprint.

3) CrateDB is queried for available incoming cosmic ray
intensity data relevant to the site, defaulting to data
from the Jungfraujoch monitor if no other preference
is specified.

4) A standardized dataset from steps 1-3 is sent to the
CRSPY Server package, which acts as an external
correction server that returns an estimate of the VWC
around a given sensor based on the provided data.

5) The converted soil moisture estimates are saved as new
entity data in Orion and registered in the historical time-
series databases.

Treating the VWC extraction with CRSPY as its own
external package means that the soil moisture extraction
routine could be easily updated in the future by replacing
CRSPY Server with an alternative NGSI-compliant cor-
rection application. The geospatial query approach means
that the COSMIC-SWAMP procedure for handling incoming
cosmic ray data is implicitly fault-tolerant. Several neutron
probes currently available come equipped with built-in
environmental sensors. By default, a 300 m search radius is
used to determine local soil properties and calibration data
around a single probe, and a 1 km radius is used when
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querying weather station data near a probe. These search radii
automatically expand to encompass the entire farm site if no
valid data is obtained, allowing sensors to utilize redundant
environmental data from other weather stations or even other
sensors to perform corrections as needed.

The CRNS technique requires a calibration procedure to
be performed that utilizes local field measurements of soil
moisture using core samples or time-domain reflectometry
(TDR) probes to estimate the dry neutron counting rate
for a single probe (i.e., the Ny parameter in Equation (1)).
For hydrological field studies, this is typically done once
after a calibration campaign during the probe’s installation.
To facilitate this, the CRNS calibration package is set up with
an additional REST API interface that can be called to query
all available local soil moisture measurements within a given
spatial and temporal range (typically 300 m, as shown in
Figure 4) and use this alongside the raw neutron counting rate
to estimate the dry neutron counting rate for a given sensor.
This is then saved directly into the entity for the device’s
attributes to be used in all future soil moisture readings. The
automated handling of this data enables farmers to take soil
moisture readings and record their locations without worrying
about explicit data formatting or corrections using available
processing tools. Whilst current commercial options that
rely on satellite or 4G/5G for sensor data offer online
correction services to end-users to extract VWC from raw soil
moisture, the dry-counting rate still needs to be estimated.
This calibration procedure aims to automate as much of
the process as possible, allowing corrections to be handled
locally on the COSMIC-SWAMP platform. Farmers are only
required to provide field readings to the platform, thereby
significantly simplifying the process. The processing flow for
this calibration procedure is shown in Figure 4.

The result is that changes in local environmental conditions
are fully accounted for, based on the correction functions in
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Equation (1), automatically in the server back-end, with no
manual intervention required by a novice user. Furthermore,
the structure of the calibration modules enables the CRSPY
server to be easily extended in the future to utilize more
up-to-date correction functions without requiring manual
implementation.

The combination of these rolling correction and calibration
procedures results in completely automated handling of
cosmic ray sensors in the field, eliminating the need for
farmers to be experts in the CRNS technique to utilize
their sensors effectively. The automated linking of manual
soil moisture measurements to readings within a probe’s
footprint also enables farmers to directly correlate routine
manual measurements with CRNS outputs, helping early
adopters build trust in the sensing method before fully
committing to its use in future irrigation decision-making.
The availability of data from the information platform,
compared to manual reprocessing methods, supports rapid
decision-making based on sensor data, with the information
being saved in a format that can be rapidly geo-queried
to understand variability across an entire site. Compared
with satellite-based monitoring schemes, which typically
have 6-day response times for most accessible soil moisture
products, this platform provides hourly response, with
temporal variation over key weather events, such as rainfall
or irrigation plans, observable at this resolution. Like the
soil probe calibration case, the cosmic ray sensor calibration
service also provides both forward and backward calibration
methods, including statistical uncertainty in sensor counting
rates during backward calibration. This enables the estima-
tion of the effect that counting uncertainties may have on soil
moisture estimation.

C. FUSION & FORECASTING PLATFORM

With soil sensor data standardized by the information plat-
form, it is possible to efficiently calculate the most probable
soil conditions for each management zone using all available
data. The Fusion and Forecasting platform is designed to
periodically assess the condition of each management zone.
This assessment is based on data obtained from platform
readings associated with geospatial footprints that intersect
or fall within the boundaries of these zones. Therefore, the
definition of each management zone is dictated purely by
its location attribute. The advantage of this approach is that
key property calculations are dynamic. If sensors are moved
between zones after harvests or mounted to moving platforms
(such as a rotating irrigation arm), the exact position and
time of each measurement within Orion are available within
the CrateDB historic database when estimating the state of
a management zone at a particular time. When multiple
property entities are available (for example, multiple sensors
cover a single zone), a distance-weighted coverage estimate
determines the zone condition based on all available data. The
area of measurement that intersects the zone, after accounting
for each sensor’s maximal sensitive footprint, is calculated as
w; for each nearby sensor. These areas are then combined to
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weight a variable x; in Equation (2).

i WiXi
Zi Wi

The spatial fusion expressed in Eq. (2) can be interpreted
as a lightweight IoT analytics operation that aggregates
heterogeneous sensor observations into management-zone
soil moisture indicators. Rather than performing a simple
arithmetic average, the fusion process integrates mea-
surements from sensors with different sensing footprints
through spatial weighting, enabling harmonization across
heterogeneous soil sensing technologies. This transformation
converts raw, sensor-level IoT data streams into stable, zone-
level information suitable for automated irrigation decision
support.

Every day, the DataFusion module is set up to perform
this calculation of all parameters of interest x,, for every
management zone within the platform, so that a state array
containing both the current key growing properties and all
relevant historic properties since the start of the current
growing period is available for carrying out forecasting tasks
for each zone.

Given the historical evolution of specific management
zones, it is possible to infer the current crop condition by pass-
ing this data into simulations of the specific crop in question.
COSMIC-SWAMP uses the Python Crop Simulator Envi-
ronment (van Diepen et al.), which employs WOFOST [58]
crop simulation models and daily environmental data to
estimate plant growth over time. The PCSE model considers
soil conditions, crop type, sowing dates, and environmental
conditions as inputs, enabling daily-resolution predictions of
plant growth.

COSMIC-SWAMP uses PCSE (The Python Crop Simula-
tion Environment) [59] in a similar fashion to how it is used
within the original SWAMP platform [60] but extends the
interface to include the use of Kalman Filtering to both infer
and forecast unobservable crop parameters such as crop root
size using historic observables based on similar assimilation
methods demonstrated with the PCSE framework [61]. In this
method, a series of simulation ensembles is generated based
on prior knowledge of the field site. Each ensemble is
simulated with a time step of one day, after which its soil
moisture predictions are compared to real data within the
platform. Differences between ensemble predictions and real
data are used to estimate shifts in ensemble parameters,
thereby aligning the model predictions with the real data
until the model converges on the current estimated field
state, given all available field data and prior knowledge.
The spread across predictions from all ensembles then
provides an estimate of the model’s uncertainty. In addition
to estimating the current state, the forecasting tool uses PCSE
to estimate several baseline irrigation scenarios — no future
irrigation, minimal, and maximal — which can be defined
by the farmer based on estimated maximum inputs requested
and their previous growing-season experience. Since PCSE
predicts crop growth performance, this estimates potential
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FIGURE 5. Fusion Platform Architecture. Historical management zone information, including soil and weather conditions and crop plans, is combined
to estimate the current state of crops in the zone. Querying of zone-relevant data is based solely on the zone’s spatial characteristics. Fusion and

Forecasting are achieved by performing a data-driven simulation using PCSE.

yield differences under configurable irrigation scenarios. The
prior Kalman filtering approach provides an updated starting
point for each ensemble in the crop model data for a particular
site, which can then be used to simulate the future evolution to
the end of the growing cycle based solely on available weather
forecast data. While the outputs are highly dependent on
weather forecast uncertainties, this provides a comprehensive
example of crop forecasting within the IoT platform, enabling
users to explore the future evolution of crop growth in the
current cycle across various agronomic scenarios.

Within COSMIC-SWAMP, the Fusion and Forecasting
platform implements a chain of IoT analytics functions
that operate across heterogeneous soil moisture sensing
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technologies. The fusion stage performs a lightweight spatial
analytics that aggregates sensor-level measurements with
different sensing footprints into zone-level soil.

D. SIMULATION PLATFORM

COSMIC-SWAMP includes a simulation platform that
provides an independent tool for evaluating its performance
across a diverse range of crop-growing scenarios. The
platform provides tools to support in situ simulations of the
entire site for evaluating the performance of a potential sensor
array. Furthermore, the forward and backward calibration
functionality of the information platform enables PCSE to
simulate the platform’s response at the sensor level, allowing
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every platform component to be validated and benchmarked
through simulations. COSMIC-SWAMP loads all historical
data for each zone from the current time to the start of the
growing period for the given zone, simultaneously estimating
the current soil moisture and root size.

One major challenge in adopting data-driven irrigation
systems is assessing the impact of the updated prescription
on future crop growth. Currently, there is no straightforward
way to feed data directly into crop modeling platforms, and
farmers typically need to collect and format data for specific
models manually. When considering irrigation zones with
differing inputs, these need to be manually updated on a
zone-by-zone basis, making it difficult to rapidly see how
different prescriptions could optimize growth on a site-wide
basis. When considering future sensor deployments, it is also
important to consider the trade-off between sensor resolution
and cost, as well as the impact multiple sensors can have on
reducing forecasting uncertainty.

The simulation platform in COSMIC-SWAMP attempts to
leverage the fact that, after information and fusion platform
processing, historical data across an entire site is available to
afarmer. This data can be used as inputs to crop growing mod-
els to first validate the reliability of a model to predict key per-
formance metrics at specific dates from other readings, such
as leaf area index or total yield at harvest, before also being
used to simulate future growth performance under a variety
of different site conditions, such as irrigation prescriptions.
In COSMIC-SWAMP, this simulation stack goes beyond
simple end-level variable simulations (such as soil moisture).
Instead, it uses a backward calibration model to simulate
raw sensor-level inputs, thereby mimicking how they would
behave when inserted into the platform at the IoT stage.
While increasing computational complexity, this approach
allows simulations to be performed across the entire network,
enabling an understanding of how specific choices of sensor
locations or sensor resolution affect the platform’s ability to
set constraints on soil moisture in specific irrigation zones.

Several studies have examined the resolution required for
cosmic-ray sensing in irrigation prescriptions. This setup
enables understanding of these limitations on multi-sensor
arrays by running simulations with varying irrigation levels
and examining their impact on water-stress resolution and
future forecasting outputs. For this to be reliable, the
backward calibration model must include detector smearing
effects, such as those arising from ADC resolution or
calibration uncertainty in point capacitive probes [62], [63],
or from overall counting-rate uncertainty in cosmic-ray
neutron sensors.

The procedure that allows for this sensor-level site
simulation is as follows:

1) Starting crop conditions and soil properties are taken
for each management zone within a given site.

2) Environmental data is estimated for the site over
the entire growing period using an available weather
source.
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3) The PCSE interface produces a time-series estimate of
soil moisture evolution for each zone.

4) For each sensor in the site, a ‘local soil condition®
is calculated based on a weighted average of all
management zones that intersect its sensitive footprint
location attribute.

5) The sensor’s average ‘local soil condition® is backward
calibrated to produce a raw sensor reading for each
simulation time (e.g., millivolts for capacitive probes,
raw neutron counts for neutron sensors).

6) Steps 4-5 are repeated for all possible sensors at the
site.

7) The weather data and collection of raw sensor data
are organized as a long time-series ordered data frame,
which contains updated values for each entity.

8) The raw data is uploaded in series to the Orion context
broker, moving through the list of possible uploaded
data.

9) The COSMIC-SWAMP platform’s notification system
is left to handle the automated processing and calibra-
tion of the raw data as if it were real data, including
forward calibration and soil moisture extraction.

This procedure allows a soil moisture estimate for each
zone to be requested at the end, enabling an understanding of
the relative difference between the truth simulation input and
the COSMIC-SWAMP output. An example of using this end-
to-end simulation chain is shown in Figure 4. A simulation
of one irrigation zone in a COSMIC SWAMP npilot is
shown with a simplified deployment consideration of one
neutron probe and one capacitive soil probe co-deployed.
For weather inputs, it is possible to use historical data from
either the ECMWF’s ERA5-Land database® or the NASA
POWER databases’ for a chosen simulated deployment site.
Soil moisture in the zone is estimated daily using two
different irrigation prescriptions. The data is used with the
backward calibration service to predict raw sensor counts,
which are then passed to the COSMIC SWAMP platform
as if it was real data. The insertion of this data triggers an
automatic correction (information platform) and averaging
(fusion platform) for the simulated day, resulting in a final
estimate of soil moisture and site conditions. This can then
be compared with the proper soil moisture to provide an
estimate of overall uncertainty and the sensors’ response to
the irrigation change. In this scenario, the uncertainty from
both probes is roughly 2-3% when averaged over a daily
timescale. Importantly, the simulation properly captures the
increased uncertainty in soil moisture during wetter periods
for cosmic-ray neutron sensing.

The major impact this soil moisture simulation tool has on
end users is that it provides a template for directly integrating
soil moisture products from the fusion platform into site-wide
simulations, allowing diverse deployment scenarios to be

f’https J/Iwww.ecmwf.int/en/era5S-land
7https://power.larc.nasa. gov

VOLUME 14, 2026



P. Stowell et al.: COSMIC-SWAMP: loT Processing of Cosmic-Ray Soil Moisture Sensors

IEEE Access

understood by more expert users before purchasing additional
Sensors.

VI. EVALUATION METHODOLOGY AND RESULTS
We evaluated the behavior of the COSMIC-SWAMP platform
using initial test deployments and simulation scenarios.

A. METHODOLOGY

The evaluation of the COSMIC-SWAMP platform focuses
primarily on a quantitative assessment of its IoT ana-
lytics capabilities for smart irrigation, complemented by
a qualitative analysis of system flexibility under real
deployment conditions. Quantitative metrics are used to
evaluate calibration accuracy, temporal aggregation, spatial
data fusion, and uncertainty behavior across heterogeneous
soil moisture sensors, while qualitative observations highlight
the platform’s ability to operate robustly in dynamic IoT
environments.

To evaluate the suitability of the COSMIC-SWAMP plat-
form for in-field monitoring, a set of prototype LoRaWAN-
connected cosmic-ray neutron probes was deployed at the
Sheepdrove Farm (UK), an operational agricultural site
equipped with an established reference sensor. The deploy-
ment was conducted in close proximity to a CRS1000/B
cosmic-ray neutron sensor (Hydroinnova), which served as
a baseline for comparative analysis [64]. The prototype
sensors, developed at the University of Durham, employ
boron-nitride-based scintillator detectors and are denoted
BNCS1, BNCS2, and BNCS3 (Boron Nitride Cosmic
Sensors, BNCS). In these systems, neutron interactions
produce scintillation pulses that are discriminated from
background signals using timing-based electronic thresholds.
In contrast, the CRS1000/B relies on a boron trifluoride gas
detector and represents a widely used commercial sensor
system in cosmic-ray neutron sensing networks. Scintillator-
based platforms [65], such as the BNCS, are considered
a cost-efficient alternative to gaseous proportional counters
based on helium-3 or boron-10 [66]. Both sensing systems
provide hourly-integrated cosmic-ray neutron counts together
with local measurements of pressure, temperature, and
humidity.

The BNCS systems transmitted data to the COSMIC-
SWAMP platform using a full LoORaWAN communication
stack, while the co-located CRS1000/B (Hydroinnova) sensor
transferred data to an external web server via an Iridium
satellite modem. Data from the Hydroinnova system were
periodically retrieved by the COSMIC-SWAMP platform
through a custom MQTT-based ingestion agent. The simul-
taneous operation of these heterogeneous communication
and data acquisition paths enabled an evaluation of the
COSMIC-SWAMP information and fusion platforms, assess-
ing their ability to automatically ingest, standardize, and
process soil-moisture-related data streams originating from
distinct sensor technologies and network infrastructures.

The three BNCS sensors were operated continuously
for a period of approximately three months to compare
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volumetric water content (VWC) estimates produced by the
COSMIC-SWAMP platform against those obtained from the
co-located CRS1000/B reference system. Each prototype
device was registered within COSMIC-SWAMP as an
independent entity, denoted BNCS1, BNCS2, and BNCS3.
Sensor-specific calibration was performed automatically by
the COSMIC-SWAMP calibration service, which estimated
the raw neutron counting rate parameters for each BNCS
device using data from the nearby Hydroinnova sensor
as a reference. During the deployment, a malfunction
in the onboard temperature compensation of the BNCSI1
probe resulted in an incomplete dataset for that sensor.
Nevertheless, over the full deployment period, raw data from
all available sensors were automatically ingested, calibrated,
and processed through the complete COSMIC-SWAMP
pipeline to generate soil moisture estimates. Measurements
of atmospheric humidity provided by the Durham neutron
probes were used to correct environmental effects in the
neutron count data for both sensing systems. Owing to the use
of an Iridium satellite link, data from the CRS1000/B system
were retrieved and incorporated into COSMIC-SWAMP at
approximately biweekly intervals following the initial data
acquisition period.

Table 2 summarizes the quantitative metrics adopted to
evaluate the IoT analytics capabilities of the COSMIC-
SWAMP platform.

B. IoT AND INFORMATION PLATFORMS

Figure 8 shows the strong correlation between the water
content extracted directly from the CRS1000/B probe and
the Durham scintillator sensors added to the COSMIC-
SWAMP platform. Unfortunately, a failure in the LoRaWAN
gateway connectivity due to issues with the 4G service
provider resulted in several weeks of missing data. Whilst
the boron-based sensors include a queue system to support
short network outages, extended outages lasting for long
periods resulted in lost data. The extracted soil moisture
estimate from COSMIC-SWAMP was consistent with that
obtained from the CRS1000/B within 5-10% VWC. The raw
counting rate of the BNCS systems was found to be between
48% and 56% of the CRS1000/B system. However, all three
functioning systems showed a relative shift in neutron count
rates over time. Some diurnal variation was observed on
the prototype BN systems relative to the CRS1000/B tube,
with the highest fluctuations occurring in BNCS2. This was
believed to be due to an incorrectly set trigger threshold on the
BNCS2 system, making it overly sensitive to the temperature
drift of low-level photomultiplier tube signals. Despite this,
the daily-averaged extracted soil moisture (Figure 7, bottom
plot) agreed at the few percentage level for BNCS1 and
BNCS3, with correlation coefficients greater than 70%,
as shown in Figure 8.

Due to issues with LoRaWAN gateways, several data
breaks are shown in Figure 4. It is clear, however, that because
the cosmic-ray sensing correction methods rely solely on
current environmental data, the measured soil moisture from
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TABLE 2. Summary of evaluation metrics used in the quantitative analysis.

Metric
Volumetric Water Content (VWC)

Unit
% (VIv)

Definition

Estimated soil moisture expressed as volumetric water content derived from calibrated cosmic-
ray neutron count data.

Linear correlation between VWC estimates obtained from BNCS sensors and the CRS1000/B
reference system.

Square root of the mean squared difference between BNCS-derived and reference VWC

Pearson correlation coefficient (r) -

Root Mean Square Error (RMSE) %

(VWC) estimates.

Mean Bias Error (Bias) % Average signed difference between BNCS-derived and reference VWC values, indicating
(VWC) systematic offset.

Standard deviation (o) % Statistical dispersion of VWC estimates over time, used to characterize measurement noise and
(VWC) temporal variability.

Neutron count rate ratio (N /No) - Ratio between measured neutron count rates and dry reference count rates used for soil

moisture retrieval.

Uncertainty propagation % Variation in VWC estimates arising from sensor noise and model uncertainty in simulated

(VWC) irrigation scenarios.

the working probes was consistent with data obtained from
the CRS1000/B system each time the LoRaWAN gateway
was restored. The one exception to this is the BNCS2 system,
due to its strong temperature response, which highlights the
potential issue that faulty probes can pose to the network’s
ability to estimate current soil moisture.

C. FUSION AND SIMULATION PLATFORMS

The simulation platform enables understanding of how key
fundamental limitations of different sensors, such as the
increase in relative uncertainty at high soil moisture for cos-
mic ray probes, can influence the platform’s responsiveness
to various rainfall or irrigation events. Figure 9 shows a
PCSE simulation of sorghum growth at a water-limited site in
Brazil used to predict the change in calibrated soil moisture
readings (after the backward and forward calibration steps)
for both simulated capacitive depth probes and a simulated
neutron probe under two different irrigation scenarios. The
neutron probe in question has an estimated dry counting rate
of 2000 counts per second. Figure 9 reveals that, in general,
the neutron probe can observe the same daily shifts in soil

55140

moisture as the capacitive probes but has higher relative
uncertainty on hourly readings in the periods immediately
after irrigation due to higher statistical noise when soil
moisture is higher. While only a prototype, this demonstrates
COSMIC-SWAMP’s capability to support a fully end-to-end
simulation of site response to changing irrigation conditions
during a growing season, capturing the inherent uncertainty
of specific sensor types implemented on the platform itself.

D. IoT ANALYTICS AND STATISTICAL EVALUATION

A quantitative assessment of soil moisture estimation is
essential to validate the effectiveness of IoT-based analytics
and automated calibration pipelines in real-world deploy-
ments. In the context of cosmic-ray neutron sensing (CRNS),
such evaluation must also account for the statistical nature
of neutron counting processes and the impact of temporal
aggregation on measurement stability. Within the COSMIC-
SWAMP platform, IoT analytics are employed to process,
calibrate, and harmonize heterogeneous CRNS data streams,
enabling a consistent comparison across different sensing
technologies.
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Table 3 summarizes the statistical performance of the
boron-nitride-based cosmic-ray neutron sensors (BNCS)
after automated calibration within the COSMIC-SWAMP
platform, using the co-located CRS1000/B sensor as a
reference, considering a 6-hour integration window. The
reported metrics include the Pearson correlation coefficient
(r), root mean square error (RMSE), mean bias, and standard
deviation of the volumetric water content (VWC) estimates.
Overall, BNCS1 and BNCS3 exhibit strong correlation and
low bias with respect to the reference system, indicating that
the COSMIC-SWAMP calibration and processing pipeline
is able to produce consistent soil moisture estimates from
heterogeneous CRNS technologies. In contrast, BNCS2
shows reduced performance, which is consistent with the
hardware-related temperature sensitivity observed during the
deployment. It is important to note that cosmic-ray neutron
sensing is inherently a counting experiment; therefore,
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shorter integration windows tend to increase statistical
noise, leading to lower correlation values between sensors.
These results demonstrate that the platform’s IoT analytics
can both harmonize measurements across different sensing
technologies and expose sensor-specific anomalies, thereby
supporting robust soil moisture estimation in real-world
deployments.

VII. DISCUSSION

The results presented in this study should be interpreted in
light of the system-oriented scope of the work, which focuses
on the operational integration of cosmic-ray neutron sensing
(CRNS) within an IoT-based smart irrigation platform. Rather
than aiming at an exhaustive metrological evaluation of
soil moisture sensing technologies, the proposed approach
emphasizes automated data ingestion, calibration, fusion, and
analytics under real deployment conditions.
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The evaluation demonstrates that COSMIC-SWAMP is
capable of harmonizing heterogeneous soil moisture data
streams originating from different CRNS devices and com-
munication infrastructures, transforming raw sensor observa-
tions into management-zone-level indicators suitable for irri-
gation decision support. The consistency observed between
prototype BNCS sensors and a commercial reference system
indicates that the platform’s calibration and analytics pipeline
can support the operational use of CRNS data despite
hardware heterogeneity and data acquisition constraints.

TABLE 3. Statistical performance of CRNS probes over a 6 hour
integration windows after COSMIC-SWAMP calibration (RMSE, Mean Bias
and Std. Dev. are given in %VWC.

Sensor Corr. (r) RMSE Mean Bias  Std. Dev.
BNCS1 0.836 3.16 0.24 5.20
BNCS2 0.573 5.06 1.14 6.00
BNCS3 0.770 2.08 -0.17 2.87

Several sources of uncertainty and limitation must never-
theless be acknowledged. A first source of uncertainty arises
from the statistical nature of cosmic-ray neutron measure-
ments, where counting noise can introduce variability in
short-term soil moisture estimates. While temporal aggrega-
tion mitigates part of this effect, residual fluctuations remain,
particularly under low neutron flux conditions. Environmen-
tal corrections related to atmospheric pressure, humidity, and
vegetation biomass further contribute to uncertainty, despite
the application of established correction models.

Spatial heterogeneity within the effective CRNS footprint
represents another important factor. In agricultural fields with
non-uniform soil properties or irrigation patterns, the large
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sensing footprint of CRNS integrates multiple soil conditions,
which may differ from point-based reference measurements.
This scale mismatch is inherent when comparing field-scale
sensing approaches with localized in-ground sensors and
should be considered when interpreting quantitative error
metrics.

Hardware-related factors also influence data quality and
reliability. During the deployment, one of the prototype
BNCS sensors exhibited temperature-related issues that
resulted in incomplete data, highlighting the importance of
robust sensor design and continuous monitoring in long-term
deployments. In addition, operational constraints associated
with heterogeneous communication technologies, such as
latency and intermittent data availability (e.g., satellite-
based data transfer), can affect the timeliness of analytics
outputs, although they do not compromise the integrity of the
underlying measurements.

From an IoT analytics perspective, these limitations
underscore the importance of integrated platforms that
explicitly manage uncertainty, heterogeneity, and data
provenance. The Fusion and Forecasting components of
COSMIC-SWAMP exemplify how spatially weighted data
fusion and model-based forecasting can transform hetero-
geneous sensor data into decision-ready information, while
maintaining traceability of assumptions and limitations.
By making uncertainties and data gaps explicit at the platform
level, such approaches support more informed irrigation
management decisions.

Overall, the discussion highlights that the observed errors
and variability are consistent with known characteristics of
CRNS-based sensing and heterogeneous IoT deployments.
The validation provided in this work is therefore best

VOLUME 14, 2026



P. Stowell et al.: COSMIC-SWAMP: loT Processing of Cosmic-Ray Soil Moisture Sensors

IEEE Access

understood as a system-level proof of concept, demonstrat-
ing feasibility, interoperability, and automated operation.
These findings motivate future work focused on extended
measurement campaigns, deeper metrological validation,
and uncertainty-aware analytics, which are outlined in the
concluding section.

VIIl. CONCLUSION
This paper presented COSMIC-SWAMP, an end-to-end IoT
analytics platform designed to operationalize cosmic-ray
neutron sensing (CRNS) data for smart irrigation systems.
The proposed solution addresses the challenge of integrating
heterogeneous sensing technologies, communication infras-
tructures, and analytics workflows into a unified platform
capable of supporting automated irrigation decision support.
A real-world deployment involving prototype and com-
mercial CRNS sensors was used as a proof of concept
to demonstrate the feasibility of automated data ingestion,
calibration, fusion, and analysis under operational condi-
tions. The results show that the platform can harmonize
heterogeneous soil moisture data streams, generate consistent
volumetric water content estimates, and support zone-based
analytics within the scope of a system-oriented evaluation.
Future work will focus on extended measurement cam-
paigns across different crops and climatic conditions to
enable deeper metrological validation, as well as on the inte-
gration of uncertainty-aware analytics and adaptive decision-
support strategies. These efforts will further strengthen the
role of CRNS-enabled IoT platforms in sustainable and
scalable irrigation management.
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