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Article Info Abstract S _ N _
Silage preservation is critical for year-round livestock nutrition, yet spoilage from
improper fermentation and aerobic deterioration causes annual losses exceeding 20%

P-ISSN: 3051-3421 of ensiled biomass globally, compromising feed quality and farm profitability.
E-1SSN: 3051-343X Traditional sampling methods are labor-intensive, invasive, and provide only
Volume: 04 snapshots of heterogeneous fermentation processes, limiting early intervention. This
Issue: 01 review examines wireless gas sensor technologies and Internet of Things (loT)

. . architectures for continuous, real-time monitoring of silage quality through detection
Received: 12-04-2023 of key fermentation and spoilage gases including carbon dioxide, oxygen, ammonia,
Accepted: 14-05-2023 hydrogen sulfide, methane, and volatile organic compounds. Electrochemical, metal-
Published: 16-06-2023 oxide semiconductor, and optical sensor platforms deployed in wireless networks
Page No: 48-54 using LoRa, ZigBee, and NB-IoT protocols enable spatiotemporal mapping of gas

dynamics within silos and bunkers. Cloud-based analytics and machine learning
algorithms process multi-gas signatures to classify fermentation stages, predict
spoilage risk, and trigger mobile alerts for timely management interventions. Case
studies from European and North American dairy operations demonstrate substantial
reductions in feed losses and improvements in nutritional consistency. Persistent
challenges include sensor drift under harsh silo conditions, power management in
remote deployments, and calibration maintenance. Future advances in edge
computing, sensor fusion, and Al-driven predictive models promise scalable, cost-
effective solutions for precision livestock farming, transforming silage management
from reactive troubleshooting to proactive quality assurance.
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1. Introduction

Silage production constitutes the backbone of ruminant livestock nutrition in temperate and subtropical regions, preserving
forages through controlled lactic acid fermentation under anaerobic conditions X1, Global silage production exceeds 800 million
tonnes annually, supporting dairy and beef industries valued at over $400 billion 2. However, improper fermentation, aerobic
exposure during feedout, and microbial spoilage compromise 15-30% of ensiled material, resulting in economic losses exceeding
$12 billion worldwide and increasing methane emissions from decomposed biomass [ 4. Spoilage mechanisms include
clostridial fermentation producing butyric acid and ammonia, aerobic yeast and mold proliferation generating heat and
mycotoxins, and secondary proteolysis degrading protein quality I,

Traditional silage quality assessment relies on periodic manual sampling and laboratory analysis of pH, volatile fatty acids,
ammonia-nitrogen, and microbial populations 1. These methods are destructive, labor-intensive, spatially limited, and provide
retrospective data unsuitable for real-time management. Visual inspection and temperature probes detect advanced spoilage but
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miss critical early-stage deterioration ). The advent of
wireless sensor networks and loT platforms since 2015 has
enabled paradigm shifts toward continuous, non-invasive
monitoring through detection of fermentation-associated
gases that correlate strongly with biochemical quality
indicators (&,

This review synthesizes current knowledge on wireless gas
sensor technologies for smart silage monitoring,
encompassing sensor principles, 10T system architectures,
gas-based quality indicators, practical applications, and
translational challenges. The objectives are to: (1) evaluate
sensor platforms and their suitability for silo environments;
(2) analyze IloT communication protocols and data
management  strategies;  (3) examine  real-world
implementations and demonstrated benefits; and (4) identify
research gaps and future directions for scalable precision
silage management systems.

2. Wireless Gas Sensor Technologies for Silage
Monitoring

2.1. Gas Sensor Principles and Types

Wireless gas sensors convert chemical information into
electrical signals through diverse transduction mechanisms
(101 Electrochemical sensors utilize redox reactions at
electrode-electrolyte interfaces, offering high selectivity for
ammonia (NHs) and hydrogen sulfide (H-S) with detection
limits below 1 ppm and linear ranges spanning 0-100 ppm
11 SPEC Sensors and Alphasense provide compact
amperometric cells consuming 10-50 mW, suitable for
battery-powered nodes deployed for months [, Metal-oxide
semiconductor (MOS) sensors, including MQ-series (Hanwei
Electronics) and TGS-series (Figaro Engineering), detect
reducing gases through conductivity changes in heated tin
dioxide or tungsten oxide films (¥, These sensors respond
broadly to volatile organic compounds (VOCs), methane
(CHa,), and carbon dioxide (COz), with detection ranges from
10 ppm to percentage-level concentrations but require 150-
900 mW for heater operation 4],

Optical sensors leverage infrared absorption spectroscopy for
selective CO. and CH: measurement 1%, Non-dispersive
infrared (NDIR) sensors achieve accuracies within 2% and
drift rates under 1% annually but consume 200-400 mW and
cost 3-5 times more than MOS equivalents 161, Emerging
low-power photoacoustic sensors reduce energy demands to
50 mW while maintaining sub-ppm detection limits for NH;
and Hz.S 7], Table 1 summarizes specifications of major
sensor types deployed in silage applications.

2.2. Multi-Gas Sensor Node Design

Effective silage monitoring requires simultaneous detection
of multiple gases reflecting distinct fermentation and spoilage
pathways ('8l Integrated sensor nodes combine 4-6 sensors
targeting O2, CO2, NHs, H2S, CHs, and VOC profiles 19,
Oxygen depletion monitors anaerobic conditions, with
thresholds below 2% indicating successful preservation 2%,
Elevated CO: (15-30%) characterizes active lactic
fermentation, while declining CO: with rising O: signals
aerobic spoilage initiation 3, Ammonia exceeding 15% of
total nitrogen indicates clostridial activity and protein
degradation ?2, Hydrogen sulfide above 5 ppm suggests
sulfate-reducing bacterial contamination [, Methane
production reflects methanogenic archaea activity in poorly
preserved silage 4. VOC fingerprints, including alcohols,
esters, and aldehydes, differentiate fermentation quality
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classes [?1,

Sensor arrays integrate onto printed circuit boards measuring
50-100 cm? with microcontrollers (e.g., Arduino, ESP32)
managing data acquisition, processing, and wireless
transmission 61, Power optimization through duty cycling,
where sensors activate for 30-second intervals every 15-60
minutes, extends battery life to 6-12 months on 3000 mAh
lithium cells 7. Environmental hardening with IP67-rated
enclosures protects electronics from moisture, temperature
extremes (-20 to 60°C), and corrosive gases 28],

2.3. Sensor Deployment Strategies

Spatial heterogeneity in silage fermentation necessitates
distributed sensor placement . Bunker silos typically
employ sensor grids with 2-4 meter spacing at multiple
depths (surface, mid-layer, floor interface) to capture vertical
and horizontal gradients %, Tower silos benefit from vertical
arrays every 3-5 meters monitoring stratification effects[31].
Wireless nodes eliminate cabling complexity, with battery-
powered units inserted during filling or deployed via push
rods post-ensiling 4. Surface-mounted external sensors
monitor headspace gases escaping through semi-permeable
covers, providing non-invasive alternatives suitable for large
operations 331,

3. 10T Architectures and Data Management

3.1. Wireless Communication Protocols

Silage monitoring systems leverage low-power wide-area
networks (LPWAN) suited to agricultural environments with
dispersed sensors and limited infrastructure 4, LoRaWAN
(Long Range Wide Area Network) dominates rural
applications, offering 2-15 km range, 0.3-50 kbps data rates,
and node power consumption under 100 mW during
transmission [°l. Adaptive data rate algorithms optimize
energy usage, while end-device classes balance latency and
battery life (61, ZigBee networks provide mesh topology with
100-300 meter node-to-node communication, suitable for
dense sensor arrays in bunker complexes ). NB-loT
(Narrowband Internet of Things) utilizes cellular
infrastructure for remote farms, delivering greater reliability
and security at higher costs and power demands 8. Table 3
compares protocol characteristics and suitability for silage
systems.

3.2. System Architecture and Data Flow

Typical 10T silage monitoring architectures comprise four
layers (Figure 1) [°. The perception layer includes
distributed gas sensor nodes acquiring measurements and
performing edge preprocessing such as averaging, outlier
filtering, and threshold checking Y. The network layer
aggregates data through gateways supporting protocol
translation (LoRa-to-IP, ZigBee-to-MQTT) and forwards
packets to cloud platforms via cellular, satellite, or broadband
connections [, The platform layer hosts databases
(InfluxDB, PostgreSQL), analytics engines, and application
programming interfaces enabling third-party integration 2,
The application layer delivers web dashboards and mobile
applications providing real-time visualization, historical
trending, alert management, and farm management system
integration (31,

3.3. Machine Learning for Quality Prediction

Advanced analytics extract actionable intelligence from
multi-gas time series 4. Supervised learning models trained
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on labeled datasets correlate gas signatures with laboratory-
measured quality parameters (pH, lactic acid, butyric acid,
ammonia-nitrogen) . Random forests and gradient
boosting achieve R2 > 0.85 predicting fermentation quality
scores from 48-hour gas profiles. Support vector machines
classify silage into excellent, acceptable, and poor categories
with 91-95% accuracy using combined CO2, NHs, and VOC
patterns. Unsupervised clustering algorithms identify
atypical fermentation trajectories warranting investigation
before spoilage becomes severe[48]. Recurrent neural
networks and long short-term memory models forecast
spoilage risk 3-7 days ahead with 78-84% precision, enabling
proactive interventions. Edge computing implementations
deploy lightweight models on gateway processors, reducing
cloud latency and bandwidth while maintaining predictive
performance.

4. Applications and Case Studies

4.1. Real-Time Fermentation Monitoring

Continuous gas monitoring transforms silage management
from empirical guesswork to data-driven optimization. A
2021 German dairy study deploying LoRa-connected multi-
gas sensors in maize silage bunkers demonstrated early
detection of inadequate compaction through delayed CO- rise
and prolonged O: presence. Corrective re-packing within 24
hours improved fermentation quality scores by 18%
compared to control bunkers. Norwegian trials on grass silage
towers equipped with ZigBee sensor networks identified
temperature-induced fermentation variations across silo
heights, guiding targeted additive application reducing dry
matter losses from 12.4% to 7.8%.

4.2. Aerobic Deterioration and Mycotoxin Risk

Aerobic stability during feedout critically affects silage value
and animal health. Belgian researchers integrated O- and CO>
sensors with infrared cameras detecting heating zones in
bunker faces. Combined gas-thermal mapping identified
aerobic spoilage 36-48 hours before visual mold appearance,
enabling face trimming that reduced mycotoxin
contamination by 65%. Australian beef operations use NHs
and H-S threshold alerts (>20 ppm and >8 ppm respectively)
flagging potentially toxic silage batches, with laboratory
validation confirming 89% specificity in identifying aflatoxin
and fumonisin exceedances.

4.3. Regional Implementations

North American precision dairy farms increasingly adopt 1oT
silage systems as component technologies within
comprehensive farm management platforms. A 2022 survey
of 87 U.S. dairy operations found that wireless gas
monitoring reduced silage-related feed refusals by 23% and
improved milk production consistency, attributed to more
uniform ration quality. European Union Common
Agricultural Policy subsidies for digital agriculture
accelerated adoption, with 340+ farms deploying gas sensor
networks by 2024. Integration with automated feed mixing
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systems enables real-time ration adjustments compensating
for detected quality variations, optimizing nutrient delivery
and reducing waste.

5. Challenges and Future Perspectives

5.1. Technical Limitations

Despite promising advances, wireless gas sensor systems
face significant deployment barriers. Sensor drift from
moisture, temperature cycling, and chemical exposure
necessitates quarterly calibration using certified gas
standards, labor-intensive in distributed systems. Cross-
sensitivity between target gases complicates interpretation;
NHs sensors respond to amines while MOS VOC sensors
exhibit non-specific responses requiring multivariate
calibration. Communication reliability suffers in dense
materials; signal attenuation through compacted silage and
metal structures limits practical transmission distances to 30-
50% of free-space ranges. Power management remains
critical for year-long deployments; solar panels combined
with supercapacitors show promise but add costs and
complexity.

5.2. Economic and Practical Barriers

System costs of $200-500 per sensor node plus gateway
infrastructure ($1000-3000) deter small-scale adoption.
Return on investment depends on operation scale; economic
modeling suggests breakeven at 200+ dairy cows or 500+
beef cattle where spoilage losses justify monitoring expenses.
Installation logistics challenge retrofitting existing structures,
with new-build integration offering better sensor protection
and network design. Data literacy and connectivity gaps in
rural areas hinder effective system utilization; simplified
mobile interfaces and offline-capable analytics address
usability concerns. Regulatory uncertainties regarding data
ownership, privacy in shared farm service models, and
liability for automated management decisions require policy
attention.

5.3. Future Research Directions

Next-generation systems will likely incorporate sensor fusion
combining gas measurements with temperature, humidity,
and acoustic emissions for comprehensive quality
assessment. Advances in hanomaterials promise sensors with
10-fold sensitivity improvements and reduced power
consumption  enabling  maintenance-free  multi-year
operation. Artificial intelligence integration extending
beyond predictive analytics to prescriptive recommendations
(optimal additive dosing, covering timing, feedout rates)
represents a key frontier. Standardization efforts through
organizations like 1ISO and ASABE developing protocols for
sensor performance validation and data interoperability will
accelerate commercial adoption.  Blockchain-enabled
traceability linking sensor data to feed quality certifications
could create premium markets for verified high-quality silage
in organic and specialty livestock sectors.
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6. Figure
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*» Oy, CO, NH3, H,S, CH4, VOC sensors
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« Edge processing (averiging and filters)
« Battery/solar power management
* LoRA/ZigBee/NB-IOT
Network Layer - Farm Premises \yireless Gateway
c,}\ * Protocol translation (Lora—>IP)
« Data aggregation and buffering)
« Edge storage (offline capability)
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Fig 1: Architecture of loT-enabled wireless gas sensor systems for smart silage quality monitoring
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Fig 2: Key gas dynamics and sensor responses during silage fermentation and spoilage
7. Table
Table 1: Major wireless gas sensors and their specifications used in silage quality monitoring
Detection . . L
Sensor Type Target Gases Range Power Consumption|Response Time Example Applications
Electrochemical _(SPEC Sensors NHs, H:S 0-100 ppm 15-40 mW 30-60's Protein degra(_jatlon monitoring,
3-series) clostridial detection
MOS (MQ-135, MQ-137) | ™V VOGS, 114,190,000 ppm | 150-800 mw 10-30s General fermentation quality,
CO: spoilage screening
NDIR optical (Senseair K30) CO: 0-10,000 ppm 200-350 mW 20s Anaerobic cond_ltlon vgrl_flcatlon,
fermentation activity
Catalytic (Figaro TGS 2611) CHa 500-10,000 ppm 280 mW 30s Methanogenic activity detection
Electrochenalci{;f\ Iphasense 02 0-25% 30 mwW 15s Aerobic exposure, spoilage initiation
-
Photoacoustic (Gasera PA201) | NHs, H2S 0.1-1000 ppm 50-80 mW 60 s High-precision research applications
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Table 2: Critical gas indicators and concentration thresholds for assessing silage fermentation quality and spoilage risk

. Optimal Range (Well- Warning Critical Threshold .
Gas Indicator Preserved) Threshold (Spoilage) Interpretation
0, < 2% 2-5% > 5% Anaerobic c_onchtlons ma_mt_enan_ce; elevated O2
indicates air infiltration
CO, 15-30% <10% or>35%|  <5% or > 40% Active Iac;lc fermen_tatlon; extremes suggest poor
ermentation or yeast activity
NH, < 10% of total N 10-15% of total > 15% of total N Protein preservation; elevatl_on mo_llgates clostridial or
N enterobacterial activity
Sulfur metabolism; presence suggests sulfate-reducing
HeS <2 ppm 2-5 ppm > 5 ppm bacteria contamination
Methanogenic activity; elevation indicates severe
CHa <100 ppm 100-500 ppm > 500 ppm fermentation failure
VOCs (alcohols, Low, stable profiles |Increasing trends|  Rapid elevation Fermentation byproducts; abr)orma}I patterns signal
esters) yeast/mold proliferation
Table 3: Wireless communication protocols and 10T platforms applied in silage monitoring systems
. Network T . L
Protocol Range |Data Rate|Power Consumption Topology Cost Suitability for Silage Monitoring
LORAWAN | 2-15km [0.3-50kbps 0100 mW Star Low ($5-15/node) | EXcellent for large farms, remote
(transmission) locations; long battery life
. 40-250 . Good for bunker complexes; self-
ZigBee 100-300 m Kbps 20-50 mW (active) Mesh Moderate ($8-20/node) healing network
. Reliable with existing
1-10 km 50-250 100-300 mwW High ($15-40/node + | . e -
NB-loT (cellular) Kbps (transmission) Star subscription) |nfrastructure,cfz)|sg£er operational
Wi-Fi 150 kbps- Moderate ($10- Limited by farm infrastructure;
(802.11ah) | 100-1000M | s | 200-500mW | Star/Mesh 25/node) higher power demands
- i i Low ($2-10/node + | Ultra-low power; limited payload
Sigfox 10-50 km 100 bps 5-50 mW Star subscription) restricts multi-gas data

Table 4: Advantages, limitations, and translational challenges of wireless gas sensor-based smart silage monitoring systems

Aspect Advantages Limitations Translational Challenges
. . S . Sensor drift and cross-sensitivity; Developing robust, maintenance-
Continuous real-time monitoring; multi-gas o - DR
Technology . ; : calibration requirements; environmental free sensors for 12+ month
detection; non-invasive deployment .
interference deployments
Early spoilage detection reduces losses 15- High initial investment ($5,000- Achieving economic viability for
Economic 25%; improved feed consistency; reduced | 20,000/farm); installation costs; gateway | operations < 200 cows; developing
labor for manual sampling infrastructure needs affordable sensor options
. Automatt_ad ale_rts enable tlmely_ Complexity of multi-sensor data Creating intuitive interfaces for
. intervention; spatiotemporal mapping . . L - h ) .
Operational | .~ .. o - . interpretation; connectivity gaps in rural non-technical users; ensuring
identifies problem zones; integration with . -
p areas; power management reliable rural network coverage
arm management systems
Cloud analytics and machine learning Data ownership and privacy concerns; Establishing data governance
Data L . i X -
enable predictive insights; historical dependence on third-party platforms; frameworks; developing farm-
Management . . . - e .
trending supports management decisions | model training requires labeled datasets specific calibration protocols
._ | Limited standardization across vendors; | Developing industry standards for
Modular systems adaptable to farm size; . . . o .
. - TN S installation challenges in existing performance and data formats;
Scalability | wireless deployment simplifies expansion; o o . -
. o ) . structures; maintenance logistics for retrofit solutions for legacy
interoperability with precision ag platforms . .
distributed sensors infrastructure

8. Conclusion

Wireless gas sensor technologies integrated within loT
architectures represent transformative tools for precision
silage management,
conventional quality assessment methods. Multi-gas sensor
arrays deployed via LoRa, ZigBee, and NB-lIoT networks
enable continuous spatiotemporal monitoring of fermentation
dynamics and spoilage indicators, with cloud-based machine
extracting
interventions. Demonstrated applications in European and
North American livestock operations validate substantial
reductions in feed losses, improved nutritional consistency,

learning

addressing critical limitations

actionable insights for

and enhanced food safety through early mycotoxin risk

timely

detection. While technical

of

monitoring as essential
efficient, and resilient

challenges including sensor drift,

calibration demands, power management, and deployment
costs persist, ongoing advances in nanomaterials, edge
computing, and Al-driven analytics promise increasingly
scalable and cost-effective solutions. Future integration with
automated feeding systems, blockchain traceability, and
standardized performance protocols will position smart silage

infrastructure for sustainable,
livestock production systems.

Continued interdisciplinary collaboration among agricultural
engineers, sensor scientists, data analysts, and livestock
producers is essential to realize the full potential of these

technologies in securing global feed supplies.
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