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The expanding adoption of organic fertilizers in sustainable agriculture necessitates

reliable and rapid quality assessment methods to ensure optimal nutrient delivery and

P-ISSN: 3051-3421 environmental safety. Traditional laboratory-based compost characterization
E-ISSN: 3051-343X techniques, while accurate, are time-consuming, destructive, and limited in spatial
Volume: 04 coverage, hindering real-time process control and large-scale quality monitoring.
Issue: 01 Hyperspectral imaging (HSI) has emerged as a transformative non-destructive

. technology that captures both spatial and spectral information across hundreds of
Received: 17-06-2023 contiguous wavelength bands, enabling detailed characterization of compost chemical
Accepted: 19-07-2023 composition, maturity status, and nutrient content. When integrated with machine
Published: 21-08-2023 learning algorithms, HSI systems can automate the detection and quantification of key
Page No: 66-75 quality parameters including organic carbon, nitrogen, phosphorus, moisture content,

and maturity indices without sample preparation or chemical reagents. This review
examines the principles, applications, and computational frameworks underlying
smart compost quality monitoring systems that combine hyperspectral imaging with
advanced data analytics. We analyze spectral signatures associated with compost
constituents, evaluate machine learning models for predictive nutrient estimation, and
discuss automated classification approaches for maturity grading. The integration of
these technologies offers significant advantages for precision agriculture, enabling
site-specific organic fertilizer management, reducing environmental pollution from
improper compost application, and supporting circular economy initiatives in
agricultural waste recycling. Despite considerable progress, challenges remain in
standardizing acquisition protocols, improving model transferability across different
compost types, and reducing system costs for widespread adoption. Future
developments in deep learning architectures, sensor miniaturization, and cloud-based
decision support platforms promise to enhance the accessibility and impact of
intelligent compost monitoring technologies.
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1. Introduction

Composting represents a cornerstone of sustainable agricultural practices, converting organic wastes into valuable soil
amendments that enhance soil fertility, improve water retention, and reduce dependence on synthetic fertilizers [ 2. As global
agricultural systems transition toward circular economy models, the production and utilization of compost and other organic
fertilizers have expanded dramatically, with worldwide organic fertilizer markets projected to exceed substantial growth in the
coming decade B, However, the agronomic effectiveness and environmental safety of compost application critically depend on
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its quality characteristics, including nutrient composition,
maturity level, stability, and absence of phytotoxic
compounds *®I,

Conventional ~ compost  quality  assessment  relies
predominantly on laboratory-based analytical methods such
as wet chemistry, chromatography, and spectrophotometry
181, While these techniques provide accurate quantification of
individual parameters, they suffer from several fundamental
limitations: destructive sampling requirements, lengthy
analysis times ranging from days to weeks, high operational
costs, inability to capture spatial heterogeneity within
compost batches, and limited applicability for real-time
process monitoring during composting operations [": 8. These
constraints impede the optimization of composting processes,
complicate quality assurance in commercial compost
production, and restrict the implementation of precision
agriculture strategies that require site-specific organic
fertilizer recommendations based on actual nutrient content
o]

The advent of hyperspectral imaging (HSI) technology offers
transformative potential for overcoming these limitations
through rapid, non-destructive, and spatially resolved
characterization of compost materials [% 1. Hyperspectral
imaging systems capture reflected or emitted electromagnetic
radiation across hundreds of contiguous narrow spectral
bands, typically spanning visible, near-infrared, and
shortwave infrared regions (400-2500 nm) 21, The resulting
three-dimensional hyperspectral data cubes contain both
spatial information about sample distribution and spectral
signatures that reveal molecular composition, as different
organic and inorganic constituents exhibit characteristic
absorption and reflection patterns related to their chemical
bonds and electronic transitions [*3 141,

When coupled with machine learning algorithms,
hyperspectral imaging enables automated extraction of
quality-related information from complex spectral data,
facilitating rapid prediction of nutrient concentrations,
classification of maturity stages, and detection of
contamination or quality defects [*> 161, Machine learning
models can identify subtle spectral patterns imperceptible to
conventional analysis, handle high-dimensional data
structures inherent to hyperspectral imaging, and provide
calibration-free or minimally calibrated predictions once
adequately trained 1. This synergy between advanced
sensing technology and computational intelligence forms the
foundation of smart compost quality monitoring systems that
promise to revolutionize organic fertilizer management in
precision agriculture (8191,

This article provides a comprehensive review of
hyperspectral imaging and machine learning approaches for
automated compost quality assessment. We examine the
fundamental principles of hyperspectral sensing applied to
organic materials, analyze spectral characteristics associated
with key compost quality parameters, evaluate machine
learning methodologies for nutrient prediction and maturity
classification, and discuss practical applications in
agricultural and environmental contexts. Additionally, we
identify current challenges and future research directions that
will shape the development and deployment of intelligent
compost monitoring technologies.
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2. Compost Quality Parameters and Assessment
Challenges

2.1. Physical, Chemical, and Biological Indicators
Compost quality encompasses multiple interdependent
physical, chemical, and biological attributes that collectively
determine its suitability for agricultural application and
environmental safety 2%, Physical parameters include
particle size distribution, bulk density, moisture content,
color, and odor characteristics, which influence handling
properties, application uniformity, and decomposition rates
in soil 211, Moisture content typically ranging from 30-60%
affects microbial activity during composting and determines
storage stability 221,

Chemical quality indicators form the core of compost
characterization, with organic matter content, total nitrogen,
available phosphorus, exchangeable potassium, and carbon-
to-nitrogen (C/N) ratio serving as primary parameters 23],
Organic carbon content, generally comprising 15-45% of dry
matter, reflects the energy and humus-building potential of
compost [24]. Nitrogen concentration, typically 1-3% on a
dry basis, determines the fertilizer value and influences
nutrient release patterns following soil incorporation 2°. The
CIN ratio, ideally between 15 and 25 for mature compost,
indicates nitrogen availability and immobilization risk [26],
Additional chemical parameters including pH (typically 6.5—
8.5), electrical conductivity, heavy metal concentrations, and
content of potentially phytotoxic compounds such as
ammonia and volatile organic acids are critical for safety
assessment [27: 28],

Biological indicators, particularly respiration rate and
microbial community composition, provide information
about compost stability and ongoing decomposition
processes 2%, Maturity indices, including germination index,
which measures phytotoxicity through seed germination
tests, serve as integrative parameters that combine multiple
quality aspects [,

2.2. Compost Maturity and Stability Indices

Compost maturity refers to the degree of organic matter
decomposition and the absence of phytotoxic substances,
while stability indicates the resistance to further biological
degradation B, Immature compost can cause nitrogen
immobilization, oxygen depletion in soil, production of
phytotoxic compounds, and introduction of pathogens,
making maturity assessment essential for safe agricultural use
2 Traditional maturity indicators include temperature
decline, C/N ratio reduction, humification indices based on
spectroscopic measurements, and biological assays such as
the Solvita test 3. However, no single universal maturity
index exists, as optimal values vary depending on feedstock
composition and intended application 41,

2.3. Variability in Raw Materials and Processes

Compost quality exhibits substantial variability arising from
diverse feedstock sources including agricultural residues,
food waste, animal manures, municipal biosolids, and yard
trimmings [, Each feedstock possesses distinct initial
chemical composition, degradation kinetics, and nutrient
profiles. Furthermore, composting process parameters such
as aeration regime, moisture management, temperature
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profile, and residence time significantly influence final
product characteristics €1, This inherent heterogeneity both
within and between compost batches complicates quality
prediction and necessitates frequent monitoring throughout
production and storage 571,

2.4. Limitations of Laboratory-Based Methods
Conventional analytical approaches, while providing
quantitative accuracy, face multiple operational constraints
1381, Sample collection and preparation procedures are labor-
intensive and may introduce bias due to spatial heterogeneity
in large compost piles or windrows B9, Wet chemistry
methods for nutrient determination require chemical
reagents, specialized equipment, and trained personnel,
resulting in analysis costs ranging from $50 to several
hundred dollars per sample %, Turnaround times of several
days to weeks delay decision-making for process
optimization or quality-based pricing. Most critically,
destructive sampling prevents continuous monitoring and
provides only point measurements rather than comprehensive
spatial quality mapping. These limitations create strong
demand for rapid, non-destructive, and cost-effective quality
assessment technologies that can support both large-scale
commercial  operations and  precision  agriculture
applications.

3. Hyperspectral Imaging for Compost Analysis

3.1. Principles of Hyperspectral Imaging

Hyperspectral imaging combines the spatial information of
conventional imaging with the spectral discrimination
capability of spectroscopy, acquiring a complete spectrum at
each pixel location to create three-dimensional data cubes
with two spatial dimensions and one spectral dimension.
Unlike multispectral imaging systems that capture
information in a few discrete broad bands, hyperspectral
sensors record reflectance or transmittance across hundreds
of contiguous narrow bands (typically 5-10 nm bandwidth)
spanning visible (VIS, 400-700 nm), near-infrared (NIR,
700-1000 nm), and shortwave infrared (SWIR, 1000-2500
nm) regions.

The fundamental principle underlying hyperspectral analysis
of organic materials relies on the interaction between
electromagnetic radiation and molecular vibrations and
electronic transitions. Organic molecules containing C-H, O-
H, N-H, C-O, C-N, and other functional groups exhibit
characteristic absorption features at specific wavelengths due
to overtones and combinations of fundamental vibrational
modes occurring in the mid-infrared region. Water content
strongly influences spectra through broad O-H absorption
bands centered around 1450 nm and 1940 nm, while organic
carbon compounds show absorption features near 1200 nm,
1730 nm, and 2200-2300 nm. Nitrogen-containing
compounds, particularly proteins and amino acids, exhibit
absorption features around 1510 nm, 1980 nm, and 2180 nm.

3.2. Spectral Characteristics of Compost Materials

Compost materials display complex spectral signatures
reflecting  their  heterogeneous  composition  and
transformation during decomposition. Fresh organic
feedstocks exhibit distinct spectral features associated with
cellulose, hemicellulose, lignin, proteins, and water content,
with prominent absorption bands in the NIR and SWIR
regions. As composting progresses, spectral profiles evolve
due to the breakdown of labile organic compounds, formation
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of humic substances, changes in moisture content, and
modification of surface properties.

Mature compost typically shows increased absorption in the
visible region due to darker coloration from humic acid
accumulation, along with modified NIR and SWIR features
reflecting reduced cellulose and protein content and increased
recalcitrant aromatic structures. The ratio of absorption
intensities at specific wavelength pairs has been correlated
with maturity indices and C/N ratio. Moisture content exerts
strong influence on overall spectral shape and intensity,
necessitating either moisture correction algorithms or
measurement under standardized moisture conditions.

3.3. Imaging Systems and Acquisition Protocols
Hyperspectral imaging systems for compost analysis can be
categorized into laboratory-based benchtop systems and
portable or field-deployable configurations. Laboratory
systems typically employ pushbroom line-scanning designs
where the sample moves on a conveyor belt beneath a
stationary imaging spectrograph that disperses light from a
linear field of view onto a two-dimensional detector array.
These systems offer high spectral and spatial resolution,
controlled illumination conditions using halogen or LED
lamps, and precise calibration capabilities.

Field-deployable systems prioritize portability and
robustness, often utilizing snapshot spectral imaging or
handheld point spectrometers with spatial scanning
mechanisms. Recent developments in compact, cooled
InGaAs detectors and improved miniaturization have enabled
SWIR hyperspectral cameras suitable for outdoor
environments and integration with mobile platforms
including conveyor systems at compost facilities.
Acquisition protocols must address several critical factors:
standardized sample presentation to minimize surface
roughness effects, appropriate illumination geometry to
reduce specular reflection from moist surfaces, calibration
using white reference materials and dark current
measurements, and optimal spatial resolution matching the
characteristic particle size of compost samples. Typical
imaging configurations employ spatial resolutions of 0.5-2
mm per pixel for laboratory measurements and 5-10 mm for
industrial implementations.

3.4. Laboratory and Field-Scale Implementations
Laboratory applications of hyperspectral imaging for
compost  research  have  demonstrated  successful
quantification of organic carbon, total nitrogen, C/N ratio,
moisture content, and ash content with coefficient of
determination (R2) values typically exceeding 0.80-0.90
when using appropriate calibration models. Studies have
examined compost derived from various feedstocks including
agricultural residues, municipal solid waste, sewage sludge,
and animal manures, establishing the generalizability of the
hyperspectral approach across different compost types.
Field-scale implementations have been developed for inline
monitoring at commercial composting facilities, where
hyperspectral cameras installed above conveyor belts capture
spectral images of compost during screening and packaging
operations. These systems enable continuous quality
assessment, automated sorting based on nutrient content or
maturity level, and generation of spatial quality maps that
identify heterogeneous regions within batches. Integration
with facility management software allows real-time quality
control and documentation for certification programs.
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4. Machine Learning and Automated Analysis

4.1. Spectral Preprocessing and Feature Extraction

Raw hyperspectral data requires preprocessing to remove
systematic noise, correct for illumination variations, and
enhance chemically relevant information. Standard
preprocessing techniques include Standard Normal Variate
(SNV) transformation to remove multiplicative scatter
effects, Savitzky-Golay smoothing and derivative
calculations to emphasize absorption features and remove
baseline drift, and multiplicative scatter correction (MSC) to
normalize spectra to a common baseline. First and second
derivative spectra are particularly effective for compost
analysis as they resolve overlapping absorption bands and
reduce the influence of particle size and surface
characteristics.

Dimensionality reduction and feature extraction techniques
address the high-dimensional nature of hyperspectral data,
where hundreds of spectral bands create multicollinearity
challenges and increase computational requirements.
Principal Component Analysis (PCA) transforms correlated
spectral variables into uncorrelated principal components that
capture maximum variance in the data, typically retaining
95-99% of spectral information in 5-15 components.
Wavelength selection algorithms including Competitive
Adaptive Reweighted Sampling (CARS), Successive
Projections Algorithm (SPA), and regression coefficient
analysis identify the most informative spectral bands for
specific quality parameters, reducing model complexity
while maintaining prediction accuracy.

4.2. Regression and Classification Models

Partial Least Squares Regression (PLSR) represents the most
widely adopted machine learning approach for hyperspectral
prediction of continuous compost quality parameters such as
nutrient concentrations and moisture content. PLSR handles
multicollinearity effectively by decomposing spectral data
into latent variables that maximize covariance with the
response variable, typically achieving root mean square error
of prediction (RMSEP) values of 0.2-0.5% for nitrogen
content and 2-5% for organic carbon content. Support Vector
Machine Regression (SVR) provides nonlinear modeling
capability through kernel functions, demonstrating superior
performance for complex relationships between spectra and
quality parameters particularly when combined with
optimized hyperparameters.

Classification models for categorical quality assessments,
such as maturity grading into classes (immature, semi-
mature, mature), employ algorithms including Linear
Discriminant Analysis (LDA), Support Vector Classification
(SVC), Random Forest (RF), and k-Nearest Neighbors (k-
NN). Random Forest classifiers, which construct ensembles
of decision trees trained on bootstrap samples with random
feature subsets, have achieved classification accuracies
exceeding 90-95% for compost maturity categorization.
These models inherently provide variable importance
rankings that identify the most discriminative wavelength
regions for classification tasks.

4.3. Deep Learning for Spatial-Spectral Analysis

Convolutional Neural Networks (CNNs) and their variants
have emerged as powerful tools for automated feature
extraction and quality prediction from hyperspectral images
[79]. Unlike conventional machine learning approaches that
require manual feature engineering, deep learning
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architectures automatically learn hierarchical representations
from raw spectral data through multiple layers of
convolution, pooling, and nonlinear activation functions.
One-dimensional CNNs applied to spectral signatures have
demonstrated competitive or superior performance compared
to traditional chemometric methods for nutrient prediction.
Hybrid spatial-spectral CNN architectures simultaneously
process spectral information and spatial context from
neighboring pixels, enabling detection of quality variations
and contamination spots within compost samples. Recurrent
neural networks, particularly Long Short-Term Memory
(LSTM) networks, can model sequential dependencies in
spectral data and have been applied to time-series monitoring
of composting processes using sequential hyperspectral
measurements. Despite promising results, deep learning
approaches require large training datasets and significant
computational  resources, presenting challenges for
applications with limited sample availability.

4.4. Automated Quality Grading Systems

Integration of machine learning models into automated
decision support systems enables real-time compost quality
assessment without human intervention. These systems
typically comprise several modules: hyperspectral image
acquisition and calibration, preprocessing and segmentation
to separate compost from background, pixel-wise or region-
wise spectral feature extraction, application of trained
prediction models to estimate quality parameters, and
generation of quality maps and grading decisions based on
predefined acceptance criteria.

Advanced implementations incorporate  uncertainty
quantification through prediction intervals or ensemble
modeling, providing confidence estimates alongside quality
predictions to support risk-informed decision-making.
Automated alerts can be triggered when quality parameters
fall outside specified ranges, enabling rapid corrective
actions during composting or preventing shipment of
substandard products. Cloud-based platforms facilitate
remote monitoring across multiple composting facilities and
enable continuous model improvement through data
accumulation and periodic recalibration.

5. Agricultural and Environmental Applications

5.1. Nutrient-Based Compost Application Planning
Precision agriculture strategies require accurate nutrient
information to optimize organic fertilizer application rates
and timing, minimizing excess application that wastes
resources and contributes to environmental pollution while
preventing under-application that limits crop productivity.
Hyperspectral imaging-based nutrient characterization
enables site-specific compost management by providing
rapid, spatially resolved nutrient content maps that inform
variable rate application systems. When compost quality data
is integrated with soil nutrient status from precision soil
sampling and crop nutrient demand models, farmers can
develop prescription maps for variable rate spreading
equipment, applying appropriate amounts based on actual
nutrient content rather than assumed average values.

This approach offers particular value for compost derived
from heterogeneous feedstocks where nutrient composition
varies substantially between batches and even within
individual batches. Real-time quality assessment during
compost loading onto spreading equipment could enable
dynamic adjustment of application rates to compensate for
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nutrient variability, achieving uniform nutrient distribution
despite variable compost quality. Economic analyses suggest
that improved application efficiency can reduce compost
usage by 10-25% while maintaining equivalent crop yields,
generating significant cost savings for large-scale organic
farming operations.

5.2. Process Monitoring During Composting

Application of hyperspectral imaging for temporal
monitoring throughout composting operations provides
insights into decomposition kinetics, maturity progression,
and process optimization opportunities. Sequential spectral
measurements at different stages of the composting cycle
reveal characteristic spectral evolution patterns associated
with organic matter transformation, enabling prediction of
maturity achievement time and identification of process
anomalies such as insufficient aeration or moisture
imbalance.

Automated monitoring systems can track key process
indicators including temperature, moisture content, and
spectral indices correlating with microbial activity,
generating alerts when parameters deviate from optimal
ranges. This information supports adaptive process
management where aeration rates, moisture addition, or
turning frequency are adjusted based on actual compost
condition rather than fixed schedules. Studies have
demonstrated that spectral monitoring-guided process control
can reduce composting time by 15-30% while improving
final product quality and consistency.

5.3. Quality Assurance for Commercial Compost
Commercial compost producers face increasing regulatory
requirements and customer expectations for quality
documentation and certification. Traditional quality
assurance programs relying on infrequent laboratory
sampling fail to detect batch-to-batch variations and provide
limited traceability. Hyperspectral imaging systems
integrated into production lines enable 100% quality
inspection, documenting nutrient content, maturity status,
and potential contamination for every batch or even
subdividing large batches into quality zones.

This comprehensive quality data supports premium pricing
for high-quality compost, facilitates compliance with organic
certification standards, and builds customer confidence
through transparent quality reporting. Advanced applications
include automated blending of compost batches to achieve
target nutrient specifications and contamination screening to
detect plastic fragments, stones, or other foreign materials
based on spectral differences from organic material.

5.4. Environmental and Economic Benefits

Adoption of intelligent compost quality monitoring
contributes to multiple environmental and economic
objectives aligned with sustainable agriculture principles.
Improved nutrient management reduces excess application
that would otherwise contribute to nitrate leaching into
groundwater, phosphorus runoff to surface waters causing
eutrophication, and greenhouse gas emissions from nitrogen
transformations in soil. Enhanced compost quality
assessment supports waste diversion from landfills by
enabling utilization of variable-quality feedstocks through
targeted processing and appropriate end-use matching.
Economic benefits extend beyond operational efficiency
improvements to include market advantages from certified
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quality products, reduced liability risks associated with
contaminated or immature compost application, and
enhanced reputation for environmental stewardship. Life
cycle assessments indicate that technology investments in
hyperspectral imaging systems are typically recovered within
2-5 years through a combination of reduced laboratory costs,
decreased compost overapplication, quality-based premium
pricing, and waste processing credits.

6. Challenges and Future Perspectives

6.1. High Dimensionality of Hyperspectral Data

The inherent high dimensionality of hyperspectral images,
with hundreds of spectral bands and potentially millions of
pixels per image, creates computational challenges for data
processing, storage, and real-time analysis. While
dimensionality reduction techniques mitigate some concerns,
they require careful optimization to preserve chemically
relevant information while removing redundant data.
Development of efficient compression algorithms and data
reduction strategies specific to compost spectral
characteristics represents an important research direction.
Edge computing approaches that perform initial processing
and feature extraction directly on imaging hardware before
data transmission can reduce bandwidth requirements and
enable faster response times for automated systems.
However, implementation of complex machine learning
models on resource-constrained edge devices necessitates
model optimization techniques including quantization,
pruning, and knowledge distillation.

6.2. Model Robustness and Transferability

Machine learning models trained on data from specific
compost types, feedstocks, or production facilities often
exhibit reduced accuracy when applied to new conditions not
represented in the training set. This transferability challenge
limits the practical deployment of universal models and
necessitates site-specific calibration, increasing
implementation costs and complexity. Sources of model bias
include variations in composting processes, feedstock
composition, spectral instrument characteristics, and
environmental conditions during measurement.

Transfer learning approaches that leverage pre-trained
models and adapt them to new contexts using limited local
calibration samples show promise for improving
transferability. Domain adaptation techniques from computer
vision, which minimize distribution differences between
training and target domains, are beginning to be explored for
hyperspectral applications. Establishment of standardized
reference compost samples and collaborative databases
containing diverse spectral datasets would facilitate
development of more robust models.

6.3. System Cost and Operational Complexity

Current hyperspectral imaging systems remain relatively
expensive, with laboratory-grade instruments costing
$50,000-$150,000 and field-deployable systems ranging
from $20,000-$80,000 depending on spectral range and
specifications. These capital costs, combined with
requirements for technical expertise in system operation,
calibration, and data analysis, present barriers to adoption
particularly for small and medium-sized composting
operations.

Technology development efforts focused on sensor
miniaturization,  utilization of lower-cost detector
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technologies, and simplified turnkey systems with integrated
analysis software are essential for broader market
penetration. Multispectral imaging systems with fewer
carefully selected bands optimized for key compost
parameters offer a potential cost-effective alternative, albeit
with reduced information content compared to full
hyperspectral acquisition. Equipment sharing models, third-
party testing services, and mobile quality assessment units

that serve multiple facilities represent alternative
implementation pathways that distribute costs across multiple
users.

6.4. Future Integration with Smart Agriculture Platforms
The convergence of hyperspectral compost monitoring with
broader digital agriculture ecosystems presents exciting
opportunities for holistic nutrient management. Integration
with precision agriculture platforms that combine soil

7. Figures
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sensing, crop monitoring, yield mapping, and weather data
enables comprehensive nutrient budgeting that considers all
nutrient sources and sinks within farming systems.
Blockchain-based traceability systems could incorporate
hyperspectral quality data to create verifiable records of
compost characteristics from production through field
application.

Artificial intelligence agents that autonomously optimize
composting processes, predict quality outcomes, recommend
application strategies, and adapt to changing conditions
through continuous learning represent the next frontier in
intelligent compost management. Development of industry
standards for data formats, communication protocols, and
quality metrics will facilitate interoperability between
different technology platforms and enable widespread data
sharing to accelerate innovation.
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Fig 3: Integrated decision-support framework for compost quality-based nutrient management

Table 1: Compost quality parameters and their agronomic significance

Quality Parameter Typical Range Agronomic Significance Assessment Method
. . Soil structure improvement, carbon sequestration Loss on ignition, combustion
| 0 il il y
Organic matter content [25-65% (dry basis) microbial habitat analysis
. 0, i i 1 1
Total nitrogen 0.5-3.5% (dry Crop nutrition, mineralization dynamics Kjeldahl dlgestlon_, combustion
basis) analysis
C/N ratio 10-30 Nitrogen availability vs. immobilization Calculated from C and N content
Moisture content  |30-60% (wet basis)| Storage stability, handling properties, microbial activity Gravimetric drying at 105°C
pH 6.0-8.5 Nutrient availability, soil acidity buffering Potentiometric measurement
Available phosphorus | 0.2-1.5% P-Os Crop nutrition, root development Extractable P determination
Exchangeable potassium| 0.5-2.0% K.0 Crop nutrition, plant stress tolerance Extractable K determination
Electrical conductivity 2-8dS/m Salinity, potential for salt stress Conductlvnglx?::;s urement in
Maturity indices Variable Phytotoxicity risk, stability Germination index, respiration rate
Heavy metals Regulated limits Environmental safety, food chain contamination Atomic absorption, ICP-MS

Table 2: Hyperspectral wavelength regions associated with compost constituents

Wavelength Range

Associated Molecular Vibrations

Compost Constituents

Relevance to Quality Assessment

combination

(hm)
400-700 (VIS) Electronic transitions, n-bonding Humic aC|d§, chromophores, Maturity |nd_|cat_|0n throug_h color,

minerals contamination detection

900-1100 2nd overtone C-H stretch Cellulose, hemicellulose, lipids Labile organic matter content

1200-1250 2nd overtone C.'H Ny tretch, C-H Organic carbon compounds Total organic carbon estimation

combination

1400-1500 1st overtone O-H stretch Water, hydroxyl groups Moisture content determination

1450-1550 Lst overtonestl\rl eg hStrEICh’ O-H Proteins, amino acids, water Nitrogen content prediction

1680-1800 1st overtone C-H stretch Cellulose, organic compounds Structural carbohydrate content

1900-2000 O-H Comblzitrgga H20 bend + Water Moisture quantification

2100-2200 C-0 stretch, C-N combination Proteins, cellulose Nitrogen and carbon estimation

2200-2400 C-H combination, C-O, O-H Lignin, cellulose, hemicellulose Recalcitrant organic matter, maturity
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Table 3: Machine learning models used for compost quality prediction

throughput screening and real-time monitoring

Model Type Algorithm Examples | Typical Application Pe:\;c::[rrr}gsnce Advantages Limitations
Multiple Linear Regression . L .
Linear (MLR), Principal Nutrlent' R2 =0.70-0.85, |Simple, interpretable, low| Limited for nqnllnear
. . concentration : relationships,
regression Component Regression dicti RMSE moderate computational cost lticolli R
(PCR) prediction multicollinearity issues
Latent variable Partial Least Squares Nutrient and moisture| R2 = 0.80-0.95, [Handles multicollinearity, cc?n?qg:g;tcr?lz?:éler
regression Regression (PLSR) content quantificationf RMSE low |effective for spectral data pselection
- - - — - — - - -
Support vector | SVR with RBF/polynomial Nor!hr}ear nutrlept R2 =0.85-0.95, ) Effeg:tlve for high Computatlor_la}lly intensive,
. prediction, maturity | Accuracy 90— | dimensional data, robust sensitive to
machines kernels, SVC e -
classification 95% to overfitting hyperparameters
Random Forest (RF), Classification and | R2=0.82-0.94, | Handles nonlinearity, |[Less interpretable, prone to
Tree-based . \ - . - S -
ensembles Gradient Boosting, regressmn,_varlable Accuracy 88— _ provides feature overfitting with small
XGBoost selection 95% importance, robust datasets
. Complex pattern | R2=0.85-0.96, Automatic feature Requires large datasets,
Multilayer Perceptron - - - . :
Neural networks recognition, spatial- | Accuracy 91— learning, captures  |computationally expensive,
(MLP), 1D-CNN, LSTM - J :
spectral analysis 97% complex relationships black-box nature
Discriminant Di L”.‘ea.” Quaﬁratllc . lassi f!\/lat_urlty I Accuracy 85— ITOb.Efl.b'“?“C Assumes specific data
analysis iscriminant Analysis | classification, quality 92% classification, distributions
(LDA/QDA) grading computationally efficient
Table 4: Advantages and limitations of hyperspectral imaging-based compost monitoring
Aspect Advantages Limitations
Measurement speed Rapid analysis (seconds to minutes per sample), enables high- Initial system setup and calibration time-consuming

Sample preparation sample handling

Non-destructive, no chemical reagents required, minimal

Surface measurement only, may not represent bulk
composition for heterogeneous materials

Spatial coverage

Complete spatial mapping of quality variability within samples
or batches, identifies heterogeneous zones

Large data volumes require significant storage and
processing capacity

Multiple parameters -
single measurement

Simultaneous prediction of multiple quality indicators from

Accuracy varies between parameters, some
constituents poorly predicted

Operational costs
consumable expenses

Reduced laboratory costs after initial investment, lower

High capital cost for instrumentation ($20,000—
$150,000)

Automation potential intervention needed

Fully automatable for inline quality control, minimal operator

Requires technical expertise for system maintenance
and model development

Environmental
impact

No hazardous waste generation, supports sustainable practices

Equipment manufacturing and energy consumption
considerations

Data richness

Comprehensive spectral information enables exploratory

Complex data structures require advanced analytical

analysis and model improvement skills
Ca"bra“_of‘ Models can potentially be shared across similar systems Often requires S'te'Sp?C'f'c r_ecallbratlon, limiting
transferability universality

Real-time feedback

making

Immediate quality information supports adaptive decision-

Model prediction uncertainty requires appropriate
interpretation

9. Conclusion

Hyperspectral imaging coupled with machine learning
represents a transformative technological advancement for
compost quality monitoring, offering rapid, non-destructive,
and spatially comprehensive assessment capabilities that
overcome fundamental limitations of conventional analytical
methods. The technology enables automated quantification
of critical quality parameters including nutrient
concentrations, moisture content, and maturity indices with
accuracy approaching or matching laboratory reference
methods. Integration of these intelligent monitoring systems
into composting operations and precision agriculture
workflows provides substantial benefits including optimized
nutrient management, enhanced process control, improved
product quality assurance, and measurable environmental
and economic advantages.

Successful  implementations across  laboratory and
commercial scales have demonstrated technical feasibility
and practical value, particularly for applications requiring
high-throughput analysis, continuous monitoring, or spatial

quality mapping. Machine learning algorithms, ranging from
traditional chemometric approaches to advanced deep
learning architectures, effectively extract quality information
from complex hyperspectral data and enable automated
decision support with minimal human intervention.

Despite significant progress, important challenges remain
that must be addressed to realize the full potential of smart
compost monitoring technologies. Research priorities include
improving model robustness and transferability across
diverse compost types and production systems, reducing
system costs through sensor innovation and streamlined
designs, developing standardized protocols and reference
materials to facilitate model sharing and validation, and
creating seamless integration pathways with existing
agricultural management platforms.

Future developments in artificial intelligence, Internet of
Things connectivity, and edge computing will enable
increasingly sophisticated autonomous monitoring systems
that continuously learn and adapt to changing conditions. As
these technologies mature and costs decline, hyperspectral
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imaging-based compost quality assessment is positioned to
become a standard tool in sustainable agriculture, supporting
the transition toward circular nutrient economies and
precision management of organic resources.
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