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Abstract

Rural organic wastes are spatially dispersed across agricultural production areas and set-
tlements, creating challenges for collection, treatment, nutrient recovery, and return to
agricultural land. This study developed a township-scale spatial planning framework inte-
grating waste quantification, centralized and decentralized composting, nutrient recovery,
and techno-economic assessment in Beiyang Township, eastern China. Agricultural residues
were allocated to five centralized composting reactors, whereas household kitchen waste
was treated using decentralized bins. Machine-learning models estimated total carbon (TC)
and total nitrogen (TN) retention under three composting-adoption scenarios. The defined
study area was estimated to generate approximately 8745 t yr~! of rural organic waste,
82.8% of which originated from agricultural production. Under the high-adoption scenario,
with 70% of agricultural waste and 75% of kitchen waste composted, retained TN was equiv-
alent to approximately 27.9% of annual local crop N fertilizer demand on a total-N basis.
Economic performance improved with increasing waste participation. Under the baseline
scenario, four centralized reactors and the decentralized system were financially viable,
whereas one reactor was non-viable. Under the moderate- and high-adoption scenarios,
all configurations achieved positive NPVs and IRRs above the 10% benchmark rate. The
framework supports coordination of rural organic-waste treatment, nutrient recycling, and
sustainable agricultural land management at the township scale.

Keywords: sustainable agricultural land management; spatial planning; nutrient recycling;
rural organic waste; centralized and decentralized composting; circular agriculture;
techno-economic assessment; township scale

1. Introduction

Rural organic waste management has become an important component of China’s
transition towards sustainable agriculture and a circular economy [1]. Large quantities of
crop residues, livestock manure, and household food waste are generated across spatially
dispersed villages, whereas collection, transportation, and treatment infrastructure remain
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uneven [2-5]. Evidence from 100 villages across five Chinese provinces showed that waste
collection services were considerably more common than transportation and formal disposal
services, leaving many rural communities dependent on uncontrolled dumping, burial,
or open burning [6]. More broadly, circular-economy research and infrastructure in rural
areas remain less developed than those in urban regions, despite the potential to convert
locally generated organic residues into fertilizers, soil amendments, bioenergy, and other
secondary resources [7,8]. Rural waste management should therefore be regarded not
only as a pollution-control problem but also as a spatial planning and resource-recovery
challenge [9]. Appropriate treatment systems need to accommodate differences in waste
composition, generation intensity, transport distance, settlement pattern, administrative
capacity, and local demand for recovered products [10].

Composting is among the most accessible biological technologies for stabilizing
biodegradable waste and returning organic matter and plant nutrients to agricultural
soils [4,11]. Reviews of nutrient-recovery technologies identify composting and vermicom-
posting as established approaches for recovering carbon and nutrients from agricultural
and food-system residues [12]. Consequently, the benefits of composting cannot be inferred
solely from the quantity of waste diverted from disposal [13]. Nutrient retention during
treatment, product quality, operational energy and material requirements, avoided collec-
tion and disposal burdens, and the potential substitution of compost for mineral fertilizers
collectively determine the performance of a composting system [14]. These considerations
are particularly important in rural areas, where feedstocks are heterogeneous, waste sources
are geographically dispersed, and agricultural residues are generated seasonally.

Composting systems can generally be organized into centralized and decentralized
pathways [15]. Centralized facilities can achieve economies of scale, professional process
control, and more consistent quality assurance, but they require sufficient feedstock aggre-
gation and may incur substantial collection and transportation costs [16]. Decentralized or
community-scale composting reduces transport requirements and facilitates the local reuse
of compost; however, its successful operation depends on source separation, household par-
ticipation, suitable siting, odor and leachate control, technical support, and clearly assigned
operational responsibility [17,18]. A benefit—cost decision model developed for decentral-
ized composting similarly demonstrates that economic, environmental, operational, social,
and regulatory factors need to be evaluated jointly, rather than assuming that small-scale
treatment is inherently sustainable [19]. The complementary advantages of these two
pathways suggest that rural regions may benefit from hybrid systems [16]. Concentrated
and relatively homogeneous agricultural residues can be treated at centralized facilities,
whereas dispersed household food waste can be processed closer to its point of generation.

Nevertheless, an important implementation gap remains at the township scale. Previ-
ous studies on agricultural waste recycling in rural China have demonstrated the value of
material-flow analysis and environmental management accounting for farm-level decision-
making [20,21]. Recent composting assessments have also highlighted the importance of
explicitly defining capital expenditure, operating expenditure, recovered-product revenues,
baseline treatment conditions, greenhouse-gas accounting boundaries, and key sensitiv-
ity parameters [22]. However, rural waste quantification, spatial allocation, centralized—
decentralized technology selection, nutrient-retention estimation, and investment appraisal
are frequently addressed as separate research questions. This fragmentation limits the
capacity of township governments to determine how much waste can realistically be cap-
tured, where treatment facilities should be located, which waste streams should be treated
centrally or locally, how much compost and nutrients can be recovered, and under what
participation, subsidy, and market conditions a proposed system becomes financially vi-
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able [23]. Moreover, integrated assessments that combine centralized and decentralized
composting arrangements under alternative rural adoption scenarios remain limited.

This study addresses the challenge of coordinating spatially dispersed rural organic-
waste streams with suitable composting infrastructure and local agricultural nutrient de-
mand. Using Beiyang Township in eastern China as a case study, an integrated framework
was established to link spatial waste inventories, centralized and decentralized composting
configurations, carbon and nitrogen retention, and techno-economic performance under
different adoption scenarios. The framework provides a quantitative basis for assessing
the potential of differentiated composting strategies to support nutrient recycling and
sustainable agricultural land management at the township scale.

2. Materials and Methods
2.1. Study Area and Analytical Framework

Beiyang Township is located in Huangyan District, Taizhou City, Zhejiang Province,
eastern China (Figure S1) [24]. It covers an administrative area of 112.54 km? and had
a resident population of 33,222 at the end of 2019. Population data were obtained from
official statistics (http://www.stats.gov.cn/). The township comprises 12 villages or com-
munities characterized by spatially heterogeneous agricultural production and house-
hold distribution.

Although Beiyang Township was selected as the administrative and planning context,
the detailed spatial assessment focused on Urban-Rural Living Lab (URLL), situated in
the central part of the township and covering approximately 80% of its administrative
area [25,26]. The township-wide population of 33,222 was used to describe the broader
administrative setting, whereas the URLL planning inventory covered 22,122 residents
(Table SN1.7). The waste-generation inventory, composting-system configuration, and
scenario assessments therefore refer to this defined study area rather than the complete
township administrative territory. The area coverage is approximate and should not be
interpreted as the proportion of the township population represented.

The analytical framework consisted of five sequential modules (Figure 1): (1) con-
struction of a spatially explicit rural organic waste inventory; (2) definition of alternative
composting-adoption scenarios; (3) allocation of agricultural and kitchen waste to central-
ized and decentralized composting systems; (4) estimation of compost production and total
carbon (TC) and total nitrogen (TN) retention; and (5) techno-economic and sensitivity
analyses. Agricultural residues were assigned to centralized tower composting reactors
(CRs), whereas household kitchen waste was assigned to decentralized composting bins
(CBs). The analysis was conducted at the village and reactor-site levels and subsequently
aggregated to the township level.

2.2. Rural Organic Waste Inventory and Spatial Classification

A multidimensional classification framework was used to identify rural waste streams
suitable for composting (Figure 2). Waste was classified according to four dimensions:
human activity, production scale, generation location, and waste source. Human activities
were divided into agricultural production activities and daily-life activities. According to
production scale, waste was classified as centralized production waste or decentralized
production waste. Generation locations included villages, households, farms, and public
facilities. The principal biodegradable waste streams included crop residues, vegetable
residues, livestock manure, and kitchen waste.
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Figure 1. Comprehensive methodological framework including (a) rural waste classification, (b) sce-

nario design analysis, (¢) composting technology evaluation, (d) nutrient-recovery analysis and
(e) economic benefit analysis.
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Figure 2. Multi-dimensional classification framework for rural waste based on human activities,
production scale, specific locations, and waste sources.

Only biodegradable agricultural and household waste streams were included in the sub-
sequent composting assessment. Industrial waste, recyclable inorganic materials, and other
non-compostable fractions were excluded. Pig manure was considered a co-composting
material in the centralized reactor system but was not assigned a separate scenario-specific
composting fraction.

Agricultural waste generation was estimated separately for rice straw, citrus peel, wild-
rice residues, sugarcane bagasse, and other vegetable residues. The spatial distribution of
cultivated land was obtained from the authors’ previous study [27] and is reproduced in
Figure SN1.3 of the Supplementary Materials for completeness and reference. The village-
level distribution of centralized and decentralized agricultural residues is provided in Table
SN1.3. The annual generation of each agricultural waste type was estimated by combining
the cultivated area with its crop-specific waste-generation coefficient.
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The estimated residue-generation coefficients were 429.1, 370.1, 1866.8, 1822.5, and
1129.6 kg mu! for rice straw, citrus residues, sugarcane bagasse, water bamboo residues,
and vegetable residues, respectively. These coefficients were derived from crop yields,
residue-generation fractions, and crop-specific collection factors, as detailed in Table SN1.2
of the Supplementary Materials. Kitchen waste generation was estimated separately using
a per-capita generation rate of 0.14 kg person~! day~!.

Agricultural waste was further classified according to whether it originated from
concentrated or dispersed production sources. Waste from larger farms and concentrated
agricultural production areas was considered more readily collectable and suitable for
centralized treatment. Previous studies have highlighted that the scattered distribution of
agricultural residues, fragmented farmland ownership, and relatively high collection and
transportation costs can substantially constrain biomass recovery from smallholder farming
systems [28,29]. To account for these logistical constraints, a conservative accessibility factor
of 0.30 was assumed for agricultural residues generated from decentralized production
sources, whereas an accessibility factor of 1.0 was applied to centralized production sources.
This factor was applied in addition to the crop-specific collection coefficients presented in
Table SN1.2 and represents the assumed proportion of physically collectable residues that
could realistically be aggregated for centralized composting. The value of 0.30 was adopted
as a planning assumption rather than a locally measured collection rate.

Kitchen waste generation was estimated for the 22,122 residents included in the URLL
planning inventory (Table SN1.7), using a rural per-capita generation rate of 0.14 kg person !
day~! [3]. Multiplication by 365 days yields approximately 1130.4 t yr—! of household
kitchen waste. The additional organic waste from public facilities listed in Table SN1.8 was
estimated at approximately 375.3 t yr~!, giving a total of approximately 1506 t yr~! after
rounding. The larger township population of 33,222 was not used in this calculation, and no
additional population correction factor was applied. Kitchen waste generated by households
and relevant public facilities was allocated to the corresponding village or community. All
waste quantities were converted to tonnes per year before the scenario analysis.

The resulting inventory contained the annual quantity, waste source, production scale,
and spatial location of each waste stream. These data were used to construct the waste-flow
analysis and determine the amount of material available for centralized and decentral-
ized composting.

The waste-generation quantities presented in this study are model-based planning
estimates rather than direct measurements of all waste streams. Their precision is limited by
uncertainties in cultivated areas, crop-specific residue-generation and collection coefficients,
population coverage, and per-capita kitchen-waste generation rates. Accordingly, aggregate
and waste-stream totals are presented as rounded planning estimates, while unrounded
intermediate values were retained in the underlying calculations. These rounded figures
should not be interpreted as statistical confidence bounds.

2.3. Scenario Design and Composting System Configuration

The three scenarios were designed to represent different levels of composting adoption
rather than to predict future adoption rates. S1 was defined as the baseline scenario using
composting fractions reported for rural China [30,31]. S2 represented a moderate expansion
of composting participation, whereas S3 represented a high-adoption scenario for assessing
the potential benefits and financial implications of wider implementation. The S2 and
S3 fractions were selected as planning assumptions to examine the response of nutrient
recovery and economic performance to increasing waste participation. The midpoint values
of the specified ranges were adopted consistently in subsequent calculations.
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Scenario S2 represented a moderate increase in composting adoption. The assumed
composting fractions were 40% for agricultural waste and 45% for kitchen waste. Scenario
53 represented a high-adoption condition, under which 70% of agricultural waste and 75%
of kitchen waste were treated. Although Table 1 presents possible ranges for S2 and S3, the
midpoint values shown in parentheses were used in all subsequent calculations.

Table 1. Specific explanations and values for three composting ratio scenarios.

Scenario S1 52 S3
Based on the status of Appropriate increase in Aggressively increase in
Description waste treatment in rural fraction for fraction for
areas of China waste composting waste composting

Fraction of AW treated 12% 35-45% (40%) 65~75% (70%)

by composting
Fraction of KW treated 17% 40~50% (45%) 70~80% (75%)

by composting

Note: Abbreviations: AW: Agricultural Waste, KW: Kitchen Waste; The values in parentheses are
those taken by the study.

For each scenario, the amount of waste allocated to composting was calculated by
applying the corresponding composting fraction to the estimated waste generation. The
30% collection factor was additionally applied to agricultural residues generated from
decentralized production sources. For kitchen waste, the scenario-specific composting
fraction was assumed to represent the combined effects of household participation, source
separation, collection, and actual use of the composting system.

A 10-year assessment horizon was adopted to maintain a consistent economic com-
parison between centralized composting reactors and decentralized composting bins. This
period corresponds to the assumed service life of the equipment in the financial model.
All capital investments, annual operating cash flows, and terminal residual values were
evaluated within this common period. The assumed service life represents a model param-
eter, and the resulting economic indicators should be interpreted accordingly. All scenario
parameters were held constant during the 10-year assessment period.

Agricultural residues were allocated to centralized tower composting reactors based
on the treatment system described by Liu et al. [32], detailed parameters can be found in
Table S1 of the Supplementary Materials. Kitchen waste was allocated to decentralized
composting bins based on the system evaluated by Colén et al. [33], detailed parameters
can be found in Table S2 of the Supplementary Materials. This allocation reflected the
relatively concentrated and seasonal generation of agricultural residues and the spatially
dispersed generation of household kitchen waste.

Potential locations for the centralized composting reactors were evaluated using ArcGIS
(ArcGIS Desktop 10.5) and environmental and accessibility criteria based on the approach
described in [34]. Five suitable locations, designated R1-R5, were selected. The site-selection
criteria and associated distance and slope thresholds are provided in Table SN1.1, while the
GIS-based screening and site-selection procedure is illustrated in Figure SN1.2.

Following site selection, agricultural-residue availability was estimated at the village
level using the spatial distribution of cultivated land and crop-specific residue-generation
coefficients (Table SN1.3). The seasonal availability of different residue types was further
estimated using their monthly generation patterns (Table SN1.4). Based on these estimated
feedstock quantities, seasonal patterns, and the assumed composting-adoption rates under
51-53, scenario-specific operating arrangements were developed for the five reactors. The
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corresponding feedstock compositions and monthly operating schedules are presented in
Tables SN1.5 and SN1.6.

The resulting arrangements represent scenario-based feedstock and treatment-capacity
planning rather than an optimized assignment of individual waste sources to specific
reactors. In particular, no explicit source-to-reactor allocation model based on minimum
transport distance, transport cost, or tonne-kilometres was implemented. Therefore, the
proposed reactor configurations should not be interpreted as transport-optimal solutions.

The feedstocks processed in the centralized reactors included locally generated agri-
cultural residues, pig manure, and calcium superphosphate. To facilitate reactor operation
and reduce variation in compost quality, each reactor was assumed to process only one type
of crop residue per month. Each crop residue was composted separately with pig manure
and calcium superphosphate. The feedstock ratios and their reference basis are provided in
Table SN1.5, while the scenario-specific monthly operating plans for the five reactors are
provided in Table SN1.6. Additional reactor specifications are provided in Supplementary
Note S1.

The centralized composting reactors were modeled using a uniform nominal treatment
cycle of 10 days, based on the adopted reactor specifications (Table S1). Although the
crop-residue types, co-composting ratios, and predicted TC and TN loss rates varied among
feedstocks, feedstock-specific treatment durations were not explicitly incorporated into the
capacity calculations. The assumed cycle was therefore used as a common operational
parameter for planning purposes rather than as a demonstrated maturity period for every
agricultural residue.

Kitchen waste was treated using decentralized composting bins located within the
corresponding villages or communities. The number of bins required under each scenario
was calculated by dividing the amount of kitchen waste allocated to composting by the
annual treatment capacity of one bin. The technical specifications and calculation procedure
for the composting bins are provided in Supplementary Note S1, while the scenario-specific
numbers of bins required for villages/communities and public facilities are provided in
Tables SN1.7 and SN1.8, respectively.

2.4. Prediction of TC and TN Contents in Produced Organic Fertilizers

TC and TN can be lost during composting through carbon dioxide, methane, ammonia,
nitrous oxide, and other gaseous or leachate pathway [4,35]. These losses reduce the organic
matter and nutrient content of the final compost. Direct experimental information was
unavailable for several locally important agricultural residues, particularly citrus peel and
wild-rice residues. Machine-learning models were therefore developed using data extracted
from published composting studies.

The TC-loss dataset comprised 128 observations obtained from 26 publications, while
the TN-loss dataset contained 131 observations obtained from 27 publications. When
numerical values were reported only in figures, the data were extracted using Digitizelt.
All observations were standardized to represent the percentage loss of the initial TC or TN
mass. The complete datasets, original publications, variable definitions, measurement units,
and data-extraction procedures are provided in Tables S3 and S4.

Based on the literature analysis, four variables were selected as model inputs: initial
moisture content, initial C/N ratio, ventilation rate, and calcium superphosphate addition
rate [36,37]. TC loss and TN loss were used as the corresponding target variables.

The TC-loss and TN-loss datasets comprised 128 and 131 observations collected from
26 and 27 publications, respectively. Each dataset was randomly divided at the individual-
observation level into training (80%) and testing (20%) subsets, without grouping by
publication or experimental study. Three machine-learning algorithms, including random
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forest (RF), gradient boosting (GB), and extra-trees regression (ETR), were implemented
using the scikit-learn library in Python (3.12) with default hyperparameter settings. These
models were selected because previous studies demonstrated their applicability to predict-
ing composting maturity, process performance, and related composting indicators [37-40].
No additional hyperparameter tuning was performed. Model performance was evaluated
using R2, RMSE, and MAE. Based on the test-set performance, GB and ETR were selected
for predicting TC and TN losses, respectively.

Representative agricultural waste samples were collected in Beiyang Township between
November 2022- February 2023 and analyzed to determine the physicochemical character-
istics required as model inputs. The analytical methods and measured physicochemical
properties of the local feedstocks are provided in Tables SN2.1 and SN2.2, respectively. The
measured moisture content and C/N ratio, together with the assumed ventilation rate and
calcium superphosphate addition rate of the reactor system, were entered into the selected
models. The predicted TC and TN loss rates for the agricultural feedstocks are reported in
Table SN2.3.

For kitchen waste, TC and TN loss rates were obtained directly from previous studies
because more relevant composting observations were available. The assumed TC and TN
losses during kitchen waste composting were 44.2% and 34.4%, respectively [41,42]. The
final moisture content of the compost was assumed to be 30% [23].

The retained TC and TN masses were calculated by applying the corresponding pre-
dicted or literature-derived loss rates to the initial elemental masses of the feedstocks. Final
compost production was estimated from the feedstock mass balance and standardized to a
moisture content of 30%. The detailed parameters are provided in Supplementary Note
51. Specific performance results of TC and TN through three different models are shown
in Table 2. It compares the predictive performance of three machine-learning algorithms
for estimating TC and TN losses during composting. This comparison was conducted to
identify suitable models for estimating nutrient retention in locally generated agricultural
residues for which direct experimental loss data were unavailable. Based on the test-set
performance, GB was selected for TC-loss prediction and ETR for TN-loss prediction. The
selected models were subsequently applied to estimate the TC and TN retained in compost
under the three treatment scenarios.

Table 2. Specific performance results of TC and TN through three different models.

TC loss
Model R? (train) R? (test) RMSE MAE
GB 0.92 0.81 4.08 2.22
ETR 0.99 0.78 4.46 1.01
RF 0.93 0.75 4.68 2.45
TN loss
Model R? (train) R? (test) RMSE MAE
GB 0.86 0.81 3.52 1.61
ETR 0.97 0.84 3.27 1.38
RF 0.91 0.83 3.31 1.42

2.5. Estimation of Local Crop Nitrogen Demand and Nutrient Recycling Potential

To evaluate the potential contribution of compost-derived nitrogen to local agricultural
production, the annual nitrogen (N) fertilizer demand of cropland in Beiyang Township
was estimated based on the cultivated area of the major crops and their corresponding N
fertilizer application rates. The major crops considered were rice, citrus, wild rice, sugarcane,
and vegetables, consistent with the agricultural waste inventory used in this study.
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The annual N fertilizer demand of crop i was calculated as:
Ndemam:l,i = Ai X Fi (1)

where N,q,q ; is the annual N fertilizer demand of crop i (kg N yr='), A, is the cultivated
area of crop i (ha), and F; is the corresponding N fertilizer application rate (kg N ha=!
yr~1). The crop-specific nitrogen fertilizer application rates and corresponding cultivated
areas used to estimate the annual crop nitrogen demand are provided in Table S5 of the
Supplementary Materials. The total annual N fertilizer demand within the township was
calculated as:

Nd@mand,toml = Z:;l AiFi (2)
where 1 represents the number of crop categories included in the analysis. Cultivated
areas were derived from the spatial crop-distribution dataset described in Section 2.2. The
potential contribution of recovered compost N to local crop N demand was subsequently
calculated for each composting scenario as:

N, compost

Ry x 100% (3)

B Ndemund,total
where Ry is the potential N recycling ratio (%), and N,y is the total amount of nitrogen
retained in compost produced by the centralized composting reactors and decentralized
composting bins under each scenario (kg N yr=1).

This indicator compares total nitrogen retained in the produced compost with the
estimated annual crop nitrogen fertilizer demand. It represents a theoretical nutrient-
recycling potential on a total-N basis; plant-available nitrogen and actual mineral-fertilizer
substitution are not quantified.

To examine the sensitivity of the estimated nitrogen recycling potential to variations in
nitrogen retention, a deterministic one-at-a-time sensitivity analysis was conducted under
Scenario S3. The baseline amount of total N retained in compost was varied by +10% and
120%, while annual crop N fertilizer demand and other parameters were held constant. The
calculation procedure and results are provided in Supplementary Note 53 and Table SN3.1.

2.6. Techno-Economic Assessment

A facility-level techno-economic assessment was conducted separately for the five cen-
tralized composting reactors (R1-R5) and the township-wide decentralized composting-bin
(CB) system under Scenarios S1-S3. The analysis adopted a 10-year, after-tax discounted-
cash-flow framework, corresponding to the assumed service life of the equipment. Year
0 represented the initial capital investment, while all annual operating cash inflows and
outflows were assumed to occur at the end of each year. Within each scenario, annual waste
throughput, compost output, selling price, unit operating costs, subsidy rate, and deprecia-
tion were assumed to remain constant over the project life. The economic input parameters
are presented in Tables 3 and 4, while their corresponding literature references, calcula-
tion bases, and underlying assumptions are summarized in Table S6 of the Supplementary
Materials. Inflation, price escalation, working capital, and equipment replacement during
the assessment period were not considered.
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Table 3. Economic input parameters for the centralized composting-reactor systems under Scenarios S1-S3.
S1 S2 S3
Parameter Unit
R1 R2 R3 R4 R5 R1 R2 R3 R4 R5 R1 R2 R3 R4 R5

Equipment and $ 49,900 107,600 175,200
installation cost

Service life year 10

of equipment

Congfl’x;rﬁon kWh/year  3823.1 3821.1 3237.9 3703.2 42453 13,1975 13,0437 10,0684 124549 14,0664 22,3008 22,1417 17,6194 21,4535 246157
Ele“gfi‘z unit $/kWh 0.086 0.086 0.086 0.086 0.086 0.086 0.086 0.086 0.086 0.086 0.086 0.086 0.086 0.086 0.086
Electricity cost $/year 328.8 328.6 2785 3185 365.1 1135.0 1121.8 865.88 1071.1 1209.7 1917.9 1904.2 15153 1845.0 2116.9
Labor cost $/year 5400
Annual
depreciation $/year 5000 10,760 17,520
Residual value $ 2579.0 5637.2 9180.5
Cost of other
. $/year 1260.0 1004.2 852.1 299.5 15844 45405 33723 2353.6 10073 52745 7349.9 5846.0 4118.7 1735.0 9230.2
raw materials
Annual
agics‘i‘ét;‘fl' t/year 203.9 203.8 172.7 1975 226.4 703.9 695.7 537.0 664.3 750.2 1189.4 1180.9 939.7 1144.2 1312.8
throughput
Annual output of t/year 76.5 764 60.4 74.1 84.9 256.3 260.9 187.9 249.1 281.3 446.0 428 3289 429.1 4923
organic fertilizer
Compogt selling $/t 77 4
prlce
Income tax rate % 25
Subsidy for
agricultural $/t 54.2
residues

Note: R1-R5 denote the five centralized reactor sites. Annual depreciation and residual value were treated as separate source-based inputs. Depreciation was used
only to calculate taxable income, whereas residual value was included as an after-tax terminal cash inflow in year 10. The subsidy displayed as USD 54.2 t-1 was
rounded to one decimal place; the unrounded value of USD 54.15 t-1 was used in all cash-flow calculations.
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Table 4. Economic input parameters for the decentralized composting-bin system under Scenarios
S1-S3.

Parameter Unit S1 S2 S3
Unit price of compost bins $/bin 137.8 137.8 137.8
Number of composting bins bin 135 345 571
Initial capital investment $ 18,603.0 47,541.0 78,683.8
Treatment cost $/t 4.2 4.2 4.2
Annual kitchen-waste throughput t/year 256.0 677.4 1129.1
Annual output of organic fertilizer t/year 77.1 203.8 339.7
Compost selling price $/t 774 77.4 77.4
Service life of equipment year 10 10 10
Residual value $ 0 0 0
Annual depreciation per bin $/bin/year 13.8 13.8 13.8
Total annual depreciation $/year 1863.0 4761.0 7879.8
Income tax rate % 25 25 25

Note: The economic parameters represent the assumptions adopted for the decentralized composting-
bin system. The annual kitchen-waste treatment quantity and required number of bins were calculated
for each scenario. The assumed unit equipment cost, treatment cost, compost selling price, and
equipment service life were held constant across scenarios. Unpaid household labor and external
waste-collection infrastructure costs were not included in the financial calculation. The exclusion of
paid labor expenditure reflects the assumed community-operated management arrangement and
does not imply that routine composting activities require no labor input. The opportunity cost of
unpaid resident labor was not included in the financial assessment.

The economic assessment focused on the direct financial feasibility of the proposed
composting systems rather than a comprehensive socioeconomic cost-benefit analysis.
Three indicators were employed to evaluate financial performance: NPV, IRR, DPP. NPV
was used to quantify the discounted net financial benefit over the assessment period, IRR was
used to evaluate investment profitability relative to the benchmark discount rate, and DPP
was used to assess the timing of capital recovery. These indicators are commonly employed
in techno-economic evaluations of waste-treatment and resource-recovery system [23,43].

For the centralized reactor system, the initial capital investment I, included equipment
purchase and installation. Annual cash operating expenditure consisted of electricity, labor,
and other raw-material costs. Electricity consumption was calculated separately for R1-R5
according to the annual quantity of waste processed, while annual labor expenditure was
fixed at USD 5400 per reactor. Reactor revenue consisted of the market-equivalent value of
the compost produced and the agricultural-residue treatment subsidy:

REVCR,t = PCQC,t + PsQAw,t (4)

where REV ; is the annual revenue of a centralized reactor in year t; P, is the compost selling
price (USD 77.4t71); Q_ , is annual compost output; P; is the agricultural-residue treatment
subsidy (USD 54.2 t™') and Qy,,, is the annual quantity of agricultural residues processed.

For the decentralized CB system, initial capital investment was calculated by multiply-
ing the unit purchase price of a composting bin by the number of bins required under each
scenario. Annual cash operating expenditure was calculated from the quantity of kitchen
waste treated and the unit treatment cost:

OPEXCB,t = ¢ Qku,t 5)

where ¢, is the unit treatment cost of USD 4.2 t~1. Q,, , is the annual quantity of kitchen waste
processed. The treatment cost represented water use, pre-composting, and other routine
treatment inputs. The decentralized composting-bin system was assumed to be operated by
trained residents under a community-based management arrangement without direct wage
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payments. Accordingly, no paid labor expenditure was included in the baseline financial
assessment. Nevertheless, routine operation, monitoring, cleaning, and maintenance require
labor inputs, and the associated opportunity costs of residents’ time were not monetized in
the present analysis. Revenue from the CB system was calculated as:

REVCB,t = Pch,t (6)

No direct operating subsidy was assigned to the CB system because the corresponding
public funding was assumed to support demonstration, training, and system promotion
rather than generate project-level cash revenue.

Income tax was calculated using a rate of 25%. Depreciation was treated as a non-cash
expense and was used only to determine taxable income. It was therefore not included
in cash operating expenditure and was added back when calculating after-tax operating
cash flow. Taxable income, income tax, and after-tax operating cash flow were calculated

as follows:
TI, = REV, — OPEX, — D, (7)
Tax, = max(0, tTI,) (8)
OCF, =TI, — Tax; + D, = REV, — OPEX, — Tax, (9)

where TI, is taxable income, REV, is total annual revenue, OPEX; is cash operating expendi-
ture, D, is annual depreciation, Tax, is income tax, and OCF, is after-tax operating cash flow.
When taxable income was negative, income tax was set to zero; tax-loss refunds and loss
carry-forwards were not considered.

For the centralized reactors, annual depreciation and residual value were treated as
separate source-based economic parameters. Annual depreciation was held at the values
reported in Table 3 and affected project cash flow only through the income-tax calculation.
Residual value represented the independently estimated after-tax recovery value of the
equipment at the end of year 10 and was not used to recalculate annual depreciation. Thus,
the depreciation values should not be interpreted as straight-line depreciation calculated
from (I, — SV)/10.

For the CB system, annual depreciation was calculated by multiplying the rounded
depreciation of USD 13.8 bin~! yr~! by the number of bins under each scenario. The CB
residual value was assumed to be zero. Accordingly, the project cash flow was defined as:

—I, ift =0
C = OCF, ifl<=1t <10 (10)

where SV is the terminal residual value. For the centralized reactors, the residual values
reported in Table 3 were added to the year-10 cash flow. These residual values were treated
as after-tax terminal recoveries, and no additional tax associated with equipment disposal
was modelled. For the CB system, SV = 0.

Net present value (NPV) was calculated by discounting all project cash flows at the
benchmark discount rate of 10%:

10 Ct
NPV = 11
; 1 +nt (1)

where 7 = 10%, Ct is the project cash flow in year t, and the project life is 10 years. Internal
rate of return (IRR) was defined as the discount rate that produced an NPV of zero:

10 Ct
0=)Y ——— 12
; (1 + IRR) (12)
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The discounted payback period (DPP) was calculated from cumulative discounted
cash flow and was defined as the first year in which the cumulative discounted value became
non-negative:

t o C
DPP = min{t Dy ——> o} (13)
= A +ry

For the discounted payback analysis, the DPP was reported as the first complete year in
which cumulative discounted cash flow became non-negative. When cumulative discounted
cash flow remained negative at the end of the 10-year assessment period, the investment
was classified as not recovered within the evaluation horizon. If cumulative discounted cash
flow remained negative at the end of year 10, the investment was reported as not recovered
within the assessment period.

A configuration was classified as financially viable when its 10-year NPV was positive
and its IRR exceeded the 10% benchmark discount rate. DPP was reported as a supple-
mentary indicator of capital-recovery timing rather than as an additional independent
viability criterion. The economic assessment was restricted to direct facility-level financial
performance rather than a comprehensive socioeconomic cost-benefit analysis. For the
centralized reactors, the financial model included equipment purchase and installation, elec-
tricity consumption, paid labor, and operating materials, whereas external waste-collection
infrastructure, transportation expenditures, and land acquisition costs were not explicitly
monetized. For the decentralized composting-bin system, equipment and routine treatment
costs were included, while unpaid resident labor was excluded from financial operating
expenditure. Although decentralized composting may reduce the need for long-distance
waste transportation, routine operation, monitoring, cleaning, and maintenance still require
labor inputs. Consequently, the financial results should be interpreted within the defined
cost boundaries, and the exclusion of these additional costs may lead to optimistic esti-
mates of financial viability and affect the comparison between centralized and decentralized
composting systems.

2.7. Sensitivity and Model Interpretation Analyses

Pearson correlation analysis and SHapley Additive exPlanations (SHAP) were used
to examine the effects of input variables on predicted TC and TN losses [44,45]. Pearson
correlation coefficients were used to characterize the direction and strength of linear relation-
ships between individual predictors and TC or TN loss. SHAP values were subsequently
calculated for the selected machine-learning models to quantify the relative contribution of
each predictor and identify possible nonlinear effects and interactions [46].

A deterministic one-at-a-time sensitivity analysis was conducted to evaluate the robust-
ness of the economic results [47]. The analysis focused on Scenario S3 because it represented
the highest composting-adoption level and produced the most favorable baseline economic
results. Each selected parameter was independently increased and decreased by 20%, while
all other parameters were held at their baseline values [23].

For the centralized reactors, the parameters evaluated were the agricultural-waste
treatment subsidy, compost selling price, annual compost output, cost of auxiliary materials,
labor cost, electricity cost, and equipment cost. For the decentralized composting-bin system,
the evaluated parameters were compost selling price, annual kitchen waste throughput,
treatment cost, annual compost output, and equipment cost. Sensitivity was expressed as
the change in NPV relative to the corresponding baseline value. No probability distributions
were assigned to the parameters; therefore, the analysis represents deterministic parameter
variation rather than a probabilistic uncertainty assessment.

To assess the dependence of centralized-reactor viability on operating subsidies, a
break-even subsidy (sBE) was also calculated for each reactor under S1-S3 by solving
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NPV (sBE) = 0 using the same 10-year discounted-cash-flow framework (10% discount
rate), annual depreciation, 25% income-tax rule (zero tax on negative taxable income), and
year-10 residual value described in Section 2.6. The subsidy was varied as revenue per
tonne of annual agricultural residues processed while all other scenario-specific inputs
were held constant. The break-even subsidy represents a model-based financial threshold
rather than an observed or recommended policy rate.

3. Results
3.1. Volume Distribution of Rural Organic Waste Within the Multi-Level Classification Framework

A Sankey diagram was used to characterize the distribution of rural organic waste
according to human activity, production scale, specific location, and waste stream (Figure 3).
The total annual generation of rural organic waste within the defined study area was
estimated at approximately 8745 t yr~!. Agricultural production was the dominant source,
generating approximately 7240 t yr—!, accounting for 82.8% of the total, whereas daily-life
activities contributed approximately 1506 t yr=! (17.2%).

Human activities Production scale Specific locations Waste source

Shanxiajie village 685

Lianqun village 1111

Qianjiang villige 1113

Vegetable waste | 4892
4805 Centralised production

Guan'ao village 1313

7240  Agricultural production
Aolivillage 701
Changtan village 191

Chaoji village 476
Water bamboo leaves 806

Chengxie village | 1042
Sugarcanie bagasse 714

Kangshan village 726 Riceswraw 474
3941 Decentralised production

Xiaoligiao village 165

YijianJu 50
Beiyangiu 169 Kitchen waste | 1506

1506 Daily life Secher Farm 483
Sinogerman Farm 147 -
Primary School 9 Citrus peels 353

Hospital 2
Food Market 365

Figure 3. Sankey diagram of annual rural organic-waste flows according to human activity, production
scale, specific location, and waste stream in Beiyang Township (t yr*1 ). Values may not sum exactly
because of rounding.

In terms of production scale, centralized agricultural production generated approxi-
mately 4805 t yr~! of organic waste, representing 54.9% of the total. Decentralized produc-
tion, including dispersed agricultural residues and household and public-facility kitchen
waste, accounted for approximately 3941 t yr=! (45.1%). At the spatial level, Guan’ao
Village was the largest waste-generating location, producing approximately 1313 t yr—!
(15.0%), followed by Qianjiang Village (1113 t yr~!), Lianqun Village (1111 t yr!), and
Chengxie Village (1042 t yr~!). These results indicate considerable spatial heterogeneity
in organic-waste generation across the study area, highlighting the importance of account-
ing for waste-source distribution when planning composting infrastructure and allocating
treatment capacity.

Regarding waste composition, vegetable residues constituted the largest individual
waste stream, with an estimated annual generation of approximately 4892 t yr—!, accounting
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for 55.9% of the total. This was followed by kitchen waste (1506 t yr!, 17.2%), water
bamboo leaves (806 t yr=1,9.2%), sugarcane bagasse (714 t yr~!,8.2%), rice straw (474 t yr~!,
5.4%), and citrus peels (353 t yr~!, 4.0%). Vegetable residues and kitchen waste together
accounted for approximately 73.2% of total rural organic-waste generation. Their dominant
contributions suggest that these two waste streams should receive particular attention in
composting-system planning. Moreover, differences in generation scale, spatial distribution,
and waste characteristics support the adoption of differentiated treatment strategies, with
relatively concentrated agricultural residues allocated to centralized composting facilities
and spatially dispersed kitchen waste managed through decentralized composting systems.

3.2. Organic Fertilizer Production and Retained Carbon and Nitrogen Under Different Scenarios

Figure 4a illustrates the specific locations of the five reactors, while Figure 4b—-d show
the organic fertilizer yield, along with its carbon and nitrogen content, for each reactor (R1
to R5) under three operational scenarios (S1, S2, and S3). The performance of each reactor
varies across scenarios, highlighting the influence of different management strategies on
output effectiveness.

(b) S1 S2 S3

R5 84,907.0 E 281,328.5

4923132
I X E 249,098.2 429,070.3
R4 74,063.0

R34 1 604403 E 187,9433 328,895.2

. 442,834.2
R2 76,422.7 || 2608750 83

446,016.5

R1 76,461.7 1. #6222
(') 250?000 500?000 0 250:000 500:000 l0 250:000 500:000
Production of organic fertilizer (kg)

(©) 2 S3 (d) S1 S2 S3
g ; 4 14,8840
RS 31,793.5 105,252.5 184,187.4 R5 2539.7 | 85053
s . 183,813.7 : 4 : :
R4 31,7286 | 0eT3T R4 27774 | 93412 16,090.1
R3 243753 E 75,457.1 132,047.5 R3 2037.5 E | 6187.0 10,997.5
R2 36,166.0 1. ases 2096982 R2 2307.1 -u 79202 13,346.8
R1 38,617.2 1. e 2252628 R1 3429.4 E 11,466.3 20,004.6
+ T T T Tt T T + T T + T
0 100,000 200,000 0 100,000 200,000 0 100,000 200,000 0 15,000 0 15,000 0 15,000

Carbon production from organic fertilizer (kg) Nitrogen production from organic fertilizer (kg)

Figure 4. (a) Spatial distribution of reactors and comparative analysis of (b) Organic Fertilizer,
(c) Carbon, and (d) Nitrogen production from composting in different scenarios across reactor sites.

Among the reactors, R5 had the highest organic fertilizer production, reaching 84,907.0,
281,329.5, and 492,313.2 kg in scenarios S1, S2, and S3, respectively. The total carbon mass of
the organic fertilizer in these scenarios was 31,793.5, 105,252.5, and 185,187.4 kg, while the
nitrogen content was 2539.7, 8505.3, and 14,884.0 kg. In contrast, R3 produced the lowest
amount, approximately 29-33% lower than R5 across the three scenarios. Overall, the yields
increased as the proportion of agricultural waste used for composting increased across
all scenarios.

Figure 5a also displays the distribution of villages/communities in Beiyang Township
and the amount of CBs required under the three scenarios, while Figure 5b—d detail the
potential organic fertilizer production and its carbon and nitrogen content across 12 vil-
lages/communities under the same scenarios. These illustrations underscore the variation
in fertilizer productivity and nutrient content based on the management strategies applied
in each village.
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-, Shanxiajie L 17,4187 29,031.2
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Figure 5. (a) The number of bins required under different scenarios in different villages and quantifi-
cation analysis of (b) organic fertilizer, (c¢) carbon and (d) nitrogen from composting.

Marked differences in organic fertilizer production and nutrient content were observed
between villages due to variations in population size and treatment options. Among the
villages, Lianqun had the highest production, generating 7557.7, 19,968.7, and 33,281.2 kg
under scenarios S1, 52, and S3, respectively. This corresponded to 1816.9, 4800.5, and
8000.8 kg of carbon and 111.9, 295.5, and 492.6 kg of nitrogen. Qianjiang and Lianqun villages
had similar production levels. In contrast, Yijianju had the lowest yield, approximately
73.8% lower than Lianqun, with total yields of 1978.0, 5236.0, and 8726.6 kg. Xiaoligiao
village had the second-lowest production. These differences emphasize the importance of
implementing tailored waste treatment strategies to improve organic fertilizer production.

3.3. Techno-Economic Performance of the Composting Systems

Figure 6a—c present the cumulative discounted cash flows of the five centralized reactors
(R1-R5) and the decentralized composting-bin system (CB) over the 10-year project horizon.
Initial capital investment was recorded as a cash outflow in year 0, and a discount rate of 10%
was applied. For the centralized reactors, the reported residual values were added to the net
cash flow in year 10. The zero line therefore represents the discounted break-even threshold.

Under Scenario S1 (Figure 6a), financial performance differed among the five reactor
sites. R1, R2, R4, and R5 achieved positive 10-year NPVs of USD 4.74, 5.86, 6.76, and
11.69 thousand, respectively. Their corresponding IRRs were 12.12%, 12.61%, 13.01%, and
15.12%, all exceeding the 10% benchmark rate. Their discounted payback periods were 9,
9,9, and 8 years, respectively. In contrast, R3 remained economically non-viable, with an
NPV of USD —6.68 thousand and an IRR of 6.86%; its cumulative discounted cash flow
did not become non-negative within the 10-year project horizon. The CB system remained
viable under S1, achieving an NPV of USD 6.80 thousand, an IRR of 17.97% and a DPP of
7 years. Thus, the baseline scenario did not make all centralized reactors unprofitable, but
their financial margins were relatively small and site-dependent.
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Figure 6. Techno-economic performance of the centralized reactors and decentralized composting-bin
system under different waste-participation scenarios: cumulative discounted cash flow from year
0 to year 10 under (a) S1, (b) S2, and (c) S3; and discounted payback period (DPP) and internal
rate of return (IRR) under (d) S2 and (e) S3. Year 0 represents the initial capital investment. For the
centralized reactors, the reported residual value was added to the net cash flow in year 10, whereas
the composting-bin system was assumed to have no residual value. A discount rate of 10% was used,
and the horizontal dashed line in panels (d) and (e) indicates the 10% benchmark rate.

Under Scenario S2 (Figure 6b), all centralized reactors became economically viable.
Their 10-year NPVs ranged from USD 72.41 thousand for R3 to USD 143.88 thousand for
R5, while their IRRs ranged from 23.89% to 36.06%. R1, R2, R4, and R5 reached discounted
break-even in year 4, whereas R3 reached discounted break-even in year 5. The CB system
achieved an NPV of USD 19.36 thousand and an IRR of 18.82%, with a DPP of 7 years,
respectively. These results demonstrate that increased waste participation substantially
improved the financial performance of both treatment pathways.

Scenario S3 produced the highest absolute financial returns (Figure 6¢). The NPVs of
the five centralized reactors ranged from USD 156.22 thousand for R3 to USD 281.28 thou-
sand for R5, and their IRRs ranged from 28.00% to 40.77%. R5 exhibited the strongest
financial performance, with an NPV of USD 281.28 thousand, an IRR of 40.77%, and a
DPP of 3 years. R3 remained the least profitable centralized configuration, although it was
economically viable, with an NPV of USD 156.22 thousand and an IRR of 28.00%. The CB
system achieved an NPV of USD 32.73 thousand and an IRR of 19.00% and its DPP was
6 years.

Figure 6d and Figure 6e compare the DPPs and IRRs under S2 and S3. All five central-
ized reactors achieved higher IRRs than the CB system under both scenarios. R5 achieved
the highest IRR under both scenarios; its DPP was 4 years under 52 and 3 years under S3. R3
had the lowest IRR and longest DPP among the centralized reactors, with a DPP of 5 years
under both scenarios. The CB system reached discounted break-even in years 7 and 6 under
52 and S3, respectively.

Overall, the results indicate that economic viability was jointly determined by waste
throughput, site-specific compost output, operating costs, subsidy revenue, and initial
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capital investment. Under S1, four centralized reactors were marginally viable, whereas R3
was not viable. Under 52 and S3, all centralized and decentralized configurations satisfied
the viability criteria of a positive 10-year NPV and an IRR exceeding the 10% benchmark
rate. These findings remain conditional on the assumed compost selling price, subsidy rate,
treatment cost, equipment service life, terminal residual value, and the exclusion of unpaid
resident labor and waste-collection infrastructure costs.

3.4. Model Interpretation and Economic Sensitivity Results

Figure 7a,c present the results of the sensitivity analysis for total carbon (TC) loss
using a Pearson’s correlation heatmap and a SHAP value plot. The heatmap reveals a strong
negative correlation between TC loss and superphosphate percentage (SSP) and a positive
correlation with the carbon-to-nitrogen ratio (C/N). This suggests that a decrease in SSP
and an increase in the C/N ratio are associated with higher TC loss. The SHAP value
plot further emphasizes the influence of SSP and C/N on TC loss predictions, with wide
variability in their effects across different observations.
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Figure 7. Sensitivity analysis results including Pearson correlation heatmaps of (a) TC loss and
(b) TN loss and SHAP value plots analysis (c¢) TC loss and (d) TN loss.

Figure 7b,d display the sensitivity analysis results for total nitrogen (TN) loss, again
using Pearson’s correlation heatmaps and SHAP value plots. The analyses indicate a
moderate positive correlation between moisture content (MC) and TN loss, while SSP
shows a negative correlation, underlining the crucial role of SSP in retaining nitrogen
during the composting process. Similar to the TC loss analysis, SSP and C/N demonstrate
considerable variability in their SHAP values, indicating that their effects on TN loss can
differ significantly across the dataset. Additionally, the ventilation rate is shown to have a
substantial impact on TN loss, though its effect on TC loss is less pronounced.

Figure 8 presents the sensitivity of NPV to £20% changes in key economic parameters
under Scenario S3. For all five centralized reactors (Figure 8a—e), the agricultural-residue
treatment subsidy exerted the greatest influence on NPV, followed by the compost selling
price and annual compost output. A 20% increase in the subsidy, compost selling price, or
compost output increased NPV, whereas a 20% decrease in these revenue-related parameters
reduced NPV. In contrast, increases in equipment cost, auxiliary-material cost, labor cost,
and electricity cost reduced NPV, although their effects were generally smaller. For the
decentralized composting-bin system (Figure 8f), NPV was most sensitive to the compost
selling price and annual compost output. Higher equipment and treatment costs reduced
NPV, while increases in annual kitchen-waste throughput also reduced NPV when compost
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output was held constant in the one-at-a-time sensitivity analysis. Overall, the results
indicate that the profitability of centralized composting was primarily revenue- and subsidy-
driven, whereas the decentralized system was particularly sensitive to compost revenue
and the relationship between treatment throughput and compost production.
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Figure 8. Sensitivity of NPV to +20% changes in key economic parameters under Scenario S3:
agricultural-residue treatment subsidy, compost selling price, annual compost output, auxiliary-
material cost, labor cost, electricity cost, and equipment cost for (a) R1, (b) R2, (c) R3, (d) R4,
and (e) R5; and compost selling price, annual compost output, annual kitchen-waste throughput,
treatment cost, and equipment cost for (f) the decentralized composting-bin system.

The break-even subsidy analysis (Table 5) revealed a marked dependence on waste
participation. Under S1, R3 required USD 62.54 t~! to achieve NPV = 0, above the baseline
subsidy of USD 54.15 t~!, consistent with its negative NPV. For the other four reactors,
the S1 threshold ranged from USD 42.95 to 49.11 t~1. Under S2, the threshold decreased
to USD 11.27-24.89 t~1, and under S3 to USD 6.27-18.08 t~1. All S2 and S3 reactors still
required a positive subsidy to reach financial break-even under the adopted assumptions;
these thresholds should not be interpreted as actual local subsidy requirements. Since all
calculated break-even subsidy thresholds were positive, none of the centralized reactors
would achieve a non-negative NPV under zero-subsidy conditions, assuming all other
economic parameters remained unchanged. Nevertheless, the substantially lower break-
even thresholds under S2 and S3 indicate that increased waste participation could reduce
the level of financial support required for economically viable operation.

Table 5. Minimum agricultural-residue treatment subsidy required for financial break-even (10-year
NPV = 0), USD t-1.

Reactor S1 S2 S3
R1 49.11 14.96 9.72
R2 4791 12.92 8.71
R3 62.54 24.89 18.08
R4 46.73 11.27 6.27
R5 4295 12.53 7.66

Note: Baseline model subsidy = USD 54.15 t~1. Thresholds were calculated using the original Table 3
inputs, including the nonlinear tax rule; other variables remained fixed within each scenario. Values
were rounded to two decimals.
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4. Discussion
4.1. Carbon and Nitrogen Retention Through Rural Waste Composting

In this study, analysis of the three scenarios revealed that increasing the proportion
of rural waste used for composting can increase the total carbon content in the organic
fertilizer produced. Retaining carbon in the produced compost may increase the return
of organic carbon to agricultural soils and support soil organic matter management. By
preserving carbon in the form of stable organic matter, this practice not only improves soil
structure and fertility but may support soil organic carbon management [48,49]. The results
indicate increased retention of biogenic carbon in the produced compost. However, net soil
carbon sequestration and greenhouse-gas mitigation were not quantified and cannot be
inferred from the present analysis. Additionally, the use of organic fertilizers may reduce
dependency on chemical fertilizers, which may in turn reduce nutrient runoff and associated
environmental impacts [50].

Similarly, increasing the fraction of rural waste used for composting also boosts the
total nitrogen content in locally produced organic fertilizers. Nitrogen is a critical nutrient
for crop growth, and we assessed the potential of organic fertilizers to meet local nitrogen
needs under the three scenarios [51]. The results shown in Figure 9 indicate that, under
Scenario S3, the total N retained in the produced compost was equivalent to approximately
27.9% of the annual local crop N fertilizer demand on a total-N basis. A supplementary
sensitivity analysis showed that this theoretical contribution varied from 22.3% to 33.5%
when the total N retained in compost was varied by £20%, while crop N demand remained
constant (Supplementary Note S3 and Table SN3.1). This result highlights the sensitivity of
the estimated nutrient-recycling potential to nitrogen retention assumptions. Nevertheless,
the indicator represents a theoretical nutrient-recycling potential rather than the amount of
nitrogen directly available for crop uptake or the proportion of mineral nitrogen fertilizer
that could be replaced. Although compost application may support crop productivity and
soil fertility, its agronomic benefits depend on nutrient-release dynamics, crop requirements,
and field management conditions, and inappropriate application may increase the risk of
nitrogen losses [52,53].
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Figure 9. Potential contribution of compost-derived total N to local crop N demand under differ-
ent scenarios.
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4.2. Implications for Sustainable Agricultural Land Management and Rural Waste Management

The results demonstrate that rural organic-waste management can be more effectively
planned when the spatial distribution of waste generation is considered together with
treatment configuration and agricultural nutrient demand. In Beiyang Township, agri-
cultural residues are generated across spatially heterogeneous production areas, whereas
household kitchen waste is dispersed among villages and communities. The proposed
framework therefore assigns agricultural residues to centralized composting reactors and
kitchen waste to decentralized composting bins according to their different generation
and collection characteristics. Such spatial differentiation provides a practical basis for
coordinating waste sources and treatment infrastructure at the township scale. From a
land-management perspective, the approach connects the spatial organization of agricul-
tural production with organic-waste treatment and subsequent nutrient recycling, rather
than treating waste management as an isolated end-of-pipe activity. Such integration is
consistent with circular-agriculture principles, which emphasize closing resource loops,
minimizing waste losses, and returning recovered resources to agricultural production
systems [54].

Nutrient recovery further strengthens the connection between rural organic-waste
management and sustainable agricultural land management. The estimated retention of
compost-derived nitrogen indicates that locally generated organic residues could provide
a supplementary nutrient resource for agricultural production. Previous studies have
demonstrated that compost application, either alone or in combination with mineral fertil-
izers, can contribute to soil nutrient management, improve soil properties, and enhance
crop productivity [55-58]. However, the magnitude of these benefits depends on compost
composition, application rate, soil characteristics, crop nutrient requirements, and nutrient-
release dynamics [57,58]. In particular, nitrogen availability from compost is influenced by
mineralization and immobilization processes [59]. Therefore, the total nitrogen retained in
compost should not be interpreted directly as the amount of mineral nitrogen fertilizer that
can be replaced. Integrating compost production with spatially differentiated crop nutrient
demand is thus important for developing practical nutrient-recycling strategies and support-
ing coordinated management of organic-waste treatment and agricultural nutrient inputs at
the township scale. From an agronomic perspective, total compost N comprises organic and
inorganic forms with different release characteristics. The plant-available fraction depends
on nitrogen mineralization and immobilization, soil and crop conditions, and potential field
losses. Consequently, this total-N indicator should not be interpreted as a direct measure of
crop-available N or mineral-fertilizer replacement without compost-characterization and
field-application data.

The results also indicate that spatial and nutrient considerations need to be evalu-
ated together with financial feasibility. The economic performance of both centralized
and decentralized composting systems improved as waste participation increased, while
the sensitivity analysis identified the agricultural-residue treatment subsidy as an impor-
tant determinant of centralized-reactor profitability. Because the subsidy was represented
as an operating revenue in the present model, the financial sustainability of centralized
composting depends not only on treatment capacity and compost production but also on
the continuity of policy support and sufficient waste throughput [5]. This suggests that
rural organic-waste planning should integrate infrastructure allocation, waste participa-
tion, nutrient-recycling objectives, and economic incentives rather than evaluating these
components independently.

More broadly, the framework provides a spatial decision-support approach that can be
adapted to other rural regions where organic wastes, settlements, and agricultural produc-
tion are geographically dispersed. Its application does not require the same combination
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of waste streams or treatment technologies used in Beiyang Township; instead, the frame-
work can be adjusted using locally available information on waste generation, settlement
patterns, crop distribution, treatment capacity, nutrient demand, and economic conditions.
The approach therefore does not directly optimize agricultural land-use patterns, but it
can support land-use planning by identifying how waste-management infrastructure and
nutrient-recycling pathways can be better coordinated with the spatial organization of
agricultural production. This integration is particularly relevant for rural areas seeking to
improve resource recovery while maintaining the productive and environmental functions
of agricultural land.

4.3. Limitations and Outlook

While this study provides valuable insights into the potential benefits of implementing
composting technology at the township level, several limitations should be acknowledged.
First, the analysis primarily relies on scenario simulations, which may not fully capture the
complexities and variability of real-world waste management practices. Factors such as
changes in waste composition, fluctuations in local participation, and shifts in government
policy can significantly influence the outcomes of composting initiatives [60]. Moreover,
the study focuses on a specific township in China, which may limit the generalizability of
the findings to other regions with different socio-economic and environmental conditions.
Future research should incorporate field trials and pilot projects to validate these theoretical
models and adapt them to diverse local contexts.

A further technical limitation concerns the assumption of a uniform treatment cycle
for different agricultural residues. Feedstock composition, biodegradability, lignocellulosic
characteristics, and moisture content may affect decomposition rates and the time required
to achieve compost maturity. The use of a common reactor cycle may therefore introduce
uncertainty into the estimated annual treatment capacity and compost production. Future
experimental studies should determine feedstock-specific processing durations and validate
compost maturity to improve the accuracy of reactor scheduling and capacity planning.

The machine-learning models were developed using relatively small literature-derived
datasets, and their generalizability requires further evaluation. Because the training and
testing subsets were randomly divided at the individual-observation level rather than by
publication, observations from the same study may have been included in both subsets,
potentially resulting in optimistic predictive-performance estimates. In addition, although
default hyperparameters were used without further optimization, the final algorithms were
selected based on test-set performance. Therefore, the reported model accuracy should not
be interpreted as independent cross-study generalization. Future studies should employ
publication-level grouped cross-validation or leave-one-study-out validation to improve
model robustness and transferability.

Another limitation is the absence of a detailed assessment of the potential social impacts
of adopting composting technologies in rural communities. Although the study considered
the fraction of local waste used for composting, it did not fully explore how factors such as
cultural attitudes, education levels, and existing waste management infrastructure might
influence the success of composting programs [61,62]. Future work should include a com-
prehensive social impact assessment to identify barriers to compost adoption and develop
effective community engagement strategies. Additionally, investigating the long-term envi-
ronmental impacts of composting, such as effects on soil health and biodiversity, would
offer a more complete understanding of the benefits and trade-offs associated with different
composting methods [63]. Expanding the scope of the study to include these aspects would
enhance the robustness of policy recommendations and support the development of more
sustainable waste management systems.
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A separate source of uncertainty arises from the waste-generation inventory. The esti-
mated quantities are calculated from cultivated-area statistics, literature-derived conversion
and collection factors, and population-based kitchen-waste coefficients, each of which may
vary in space and time. Because reliable probability distributions or empirical variability
ranges for these combined inputs are unavailable, confidence intervals for the waste totals
cannot be justified from the present data. The rounded waste-generation estimates therefore
describe approximate quantities under the stated assumptions and should not be construed
as high-precision observations.

Additionally, there is another limitation concerning the spatial distribution of agricul-
tural residues into centralized composting reactors. Although GIS-based screening was
employed to identify suitable reactor locations, the subsequent allocation was not optimized
using explicit source-to-facility transport distances, transportation costs, or tonne-kilometre
indicators. Consequently, the proposed configurations should be regarded as scenario-based
planning arrangements rather than transport-optimal solutions. The exclusion of detailed
transport logistics may affect both the practical feasibility and economic performance of the
centralized system. Future studies should integrate spatially explicit waste-source locations,
road-network distances, transport capacities, and collection costs into a facility-allocation
optimization framework to assess alternative waste-routing strategies and their implications
for overall system performance.

The sensitivity analysis indicates that the volume-based agricultural-residue treatment
subsidy was a major determinant of reactor profitability. In the present model, the sub-
sidy increased annual operating revenue rather than directly reducing the initial capital
investment. Consequently, project performance remains sensitive to the quantity of eligible
waste processed, the continuity of the subsidy policy, and the timing of subsidy payments.
Uncertainty can also accumulate across the sequential inventory, composting-loss prediction,
nutrient-recovery, and financial-assessment modules. The S1-53 adoption scenarios and
1+20% one-at-a-time sensitivity tests explore selected changes in input assumptions, but
do not propagate their joint uncertainty or describe correlations among waste generation,
treatment effectiveness, compost yield, or market conditions. A probabilistic analysis would
require defensible input distributions and dependencies, which were unavailable for the
present township-level assessment. Future field monitoring and cost data could support
joint Monte Carlo uncertainty propagation, with reported confidence or prediction intervals
for recovered N and NPV. The estimated nitrogen-recycling potential is also subject to
uncertainty associated with predicted TN losses, initial nitrogen contents, waste-generation
estimates, and crop nitrogen demand. Accordingly, the reported 27.9% under Scenario S3
should be interpreted as a point estimate under the adopted assumptions rather than a
precisely determined recovery rate. Although the alternative composting-adoption scenar-
ios illustrate changes in nutrient-recycling potential, they do not quantify the predictive
uncertainty of this indicator. Further experimental validation and uncertainty propagation
using independently evaluated TN-loss models would be necessary to establish a reliable
uncertainty interval.

The economic assessment is also subject to limitations associated with the adopted
cost boundaries. In particular, the exclusion of external waste-collection infrastructure,
transportation, land acquisition, and unpaid resident labor may lead to optimistic estimates
of financial feasibility. These omissions may affect centralized and decentralized compost-
ing systems differently. Centralized reactors require the aggregation and transportation of
agricultural residues from spatially distributed production sources, potentially increasing
collection and logistics expenditures. In contrast, decentralized composting reduces the
need for centralized waste transportation but relies on household participation and unpaid
labor for routine operations, monitoring, and maintenance. Therefore, the relative economic
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advantages of the two systems should be interpreted with caution. Incorporating these
additional cost components could reduce the estimated NPV, lower the IRR, and extend
the discounted payback period. Future work should integrate site-specific transportation
distances, collection logistics, land requirements, and labor inputs into the economic as-
sessment to provide a more comprehensive evaluation of implementation feasibility. The
assumption of unpaid resident participation may lead to an optimistic assessment of the
financial feasibility of decentralized composting. In practice, routine operation and main-
tenance require continued labor inputs, and the introduction of paid personnel or the
inclusion of residents” opportunity costs could reduce the estimated financial benefits. Fu-
ture studies should quantify actual labor requirements and associated costs through field
surveys to evaluate the economic viability of decentralized composting under alternative
labor-management arrangements.

5. Conclusions

This study developed an integrated spatial planning and techno-economic assessment
framework for coordinating centralized and decentralized composting at the township
scale. By linking the spatial distribution of rural organic waste with differentiated treatment
pathways, nutrient recovery, and financial performance, the study provides the following
main findings.

First, the spatial heterogeneity of waste generation highlights the importance of match-
ing composting technologies to local waste characteristics. Centralized composting is
suitable for aggregating agricultural residues from concentrated production areas, whereas
decentralized systems offer a complementary pathway for managing household kitchen
waste closer to its source. This differentiated configuration provides a practical basis for
coordinating treatment infrastructure with agricultural and settlement patterns.

Second, increasing composting adoption can strengthen local nutrient recycling by re-
taining carbon and nitrogen in recovered organic fertilizers. The estimated compost-derived
nitrogen represents a potentially valuable supplementary nutrient source for agricultural
land management. Nevertheless, nutrient retention should be distinguished from actual
fertilizer substitution, which depends on nutrient availability, crop requirements, and field
application conditions.

Third, the financial feasibility of rural composting systems depends not only on treat-
ment capacity but also on waste participation, recovered-product revenues, and policy
incentives. The economic analysis indicates that higher waste participation improves invest-
ment performance, while subsidy dependence remains a key consideration for centralized
systems. Consequently, economically sustainable implementation requires coordinated
planning of feedstock supply, infrastructure investment, product utilization, and long-term
policy support.

Opverall, the proposed framework provides a transferable approach for integrating rural
organic-waste management with nutrient-recycling and agricultural land-management
objectives. Its application to other regions requires locally adapted waste inventories,
treatment parameters, economic conditions, and field validation of composting performance.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/agriculture16212365/s1. Figure S1: Location of case study area.
Figure SN1.1: Framework for composting planning and design in Beiyang Town. Figure SN1.2:
The GIS-based compost reactor siting process. Figure SN1.3: Crop cultivation in Beiyang Town
obtained through GIS-based grid segmentation and field research. Table S1: Technical parameters of
compost reactor. Table S2: Technical parameters of compost bin. Table S3: Dataset used for TC-loss
machine-learning model development. Table S4: Dataset used for TN-loss machine-learning model
development. Table S5: Crop-specific nitrogen fertilizer application rates used to estimate annual
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crop N demand in Beiyang Township. Table S6: Sources, calculation bases, and verification status of
economic parameters used in Tables 3 and 4. Table SN1.1: Factors and criteria for siting composting
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specific parameters used to estimate agricultural residue generation in Beiyang Township. Table SN1.3:
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grids and village areas. Table SN1.4: Volume of waste from centralised and decentralised production
according to type and month. Table SN1.5: Determination of the proportion of crop residues and pig
manure in compost reaction materials. Table SN1.6: Detailed operational plans for five composting
reactors under three scenarios. Table SN1.7: Population size of villages/communities and number
of compost bins under different scenarios. Table SN1.8: Number of compost bins under different
scenarios for public facilities. Table SN2.1: Specific sample test methods and standards. Table SN2.2:
Sample test and analysis results. Table SN2.3: Final model prediction results. Table SN3.1: Sensitivity
of theoretical nitrogen recycling potential to variations in total nitrogen retained in compost under
Scenario S3.
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The following abbreviations are used in this manuscript:
AW Agricultural waste

C/N Carbon-to-nitrogen ratio
CAAS Chinese Academy of Agricultural Sciences

CB Decentralized composting bin

CR Centralized tower composting reactor
DPP Discounted payback period

ETR Extra-trees regression

GB Gradient boosting

GIS Geographic information system

IRR Internal rate of return

KW Kitchen waste

MAE Mean absolute error

MC Moisture content

NPV Net present value

RF Random forest

RMSE  Root-mean-square error

SHAP SHapley Additive exPlanations
ssp Superphosphate percentage
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TC Total carbon
N Total nitrogen
USsD United States dollar
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