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ARTICLE INFO ABSTRACT
Keywords: Optimizing irrigation and nitrogen fertilization times (INFT) is crucial for enhancing agricultural productivity
Al Agent and benefits while reducing non-point source pollution and climate impacts in irrigated farmland systems.

Intelligent decision-making method
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Sustainability index

Irrigation and fertilization times

However, intelligent decision-making approaches that can efficiently and stably balance agronomic, economic,
environmental, and climatic indicators to generate appropriate INFT remain limited. Here, a two-layer intelligent
decision-making framework was developed based on an Al platform. In Layer 1, an agro-hydrological model
(AHC) was coupled with three multi-criteria decision-making (MCDM) methods (VIKOR, TOPSIS, and AHP) to
balance key indicators and generate candidate INFT solutions. In Layer 2, candidates were evaluated using a
sustainability index (SUSI) based on decision indicators, including positive ones: irrigation water productivity
(IWP), partial factor productivity of nitrogen (PFP,), economic benefits (EB), and yield, and negative ones: ni-
trogen pollution load (NPL) and global warming potential (GWP). The framework was applied to wheat and
maize farmlands in the Hetao Irrigation District of Northwest China across 48 scenarios combining irrigation and
nitrogen application times with different hydrological years. Initially, candidate solutions were screened to
ensure high performance in positive indicators while reducing NPL and GWP. Then, the optimal strategy was
selected by maximizing SUSI across all decision indicators. Compared to local traditional practices, the optimal
INFT achieved substantial improvements of 3.7-39.2% in yield, EB, IWP, and PFP,,, alongside significant re-
ductions of 20.8-51.2% in NPL and 3.1-9.6% in GWP across wet, normal, and dry years in wheat and maize
farmlands. These improvements led to significant increases in the SUSI of wheat and maize farmland systems by
28.5-106.9% relative to the local control scenarios in three hydrological years. Moreover, the Al-based decision-
making framework reduced the time required for per full decision cycle to just 6-9% of that need by traditional
approaches, which rely on externally linked modules. This reduction was achieved by replacing extensive manual
steps, including extracting model outputs, converting data formats, calculating decision indicators, and executing
MCDM procedures, with an Al platform. The two-layer intelligent decision-making framework proposed in this
study offers a feasible pathway for formulating efficient and sustainable irrigation-fertilization strategies. It
highlights the potential of Al platforms to enable automation and intelligent management in complex agricul-
tural systems.

1. Introduction yield losses caused by drought and low soil fertility, especially in irri-
gated farmland systems (e.g., wheat and maize) (Lopez-Bellido et al.,

Irrigation and nitrogen fertilization are key management practices 2005; Du et al., 2025). Although these practices have been essential for
for enhancing agricultural productivity and are widely used to mitigate ensuring food security, unsustainable water and nitrogen management
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in recent decades has resulted in substantial environmental and eco-
nomic costs. Globally, single applications with large amounts of irriga-
tion water and nitrogen fertilizer exacerbate deep percolation and
nitrate leaching, reducing irrigation water productivity (IWP) and par-
tial factor productivity of nitrogen (PFP;), while increasing nitrogen
pollution load (NPL) and economic benefits (EB) losses in irrigated
wheat and maize farmland systems (Lu et al., 2019; Bhandari et al.,
2020; Li et al., 2020a). In contrast, overly frequent irrigation and
fertilization not only raise labor inputs and costs, but may also aggravate
greenhouse gas (GHG) emissions and global warming potential (GWP)
by repeatedly altering soil moisture and nutrient dynamics (Tongwane
and Moeletsi, 2018; Kamran et al., 2023). Therefore, identifying
appropriate irrigation and nitrogen fertilization times (INFT) is critical
for addressing these conflicts and promoting sustainable irrigated
agriculture.

An efficient method is crucial for determining appropriate INFT for
irrigated farmland systems. Early studies relied on field experiments to
identify suitable INFT. For instance, Lopez-Bellido et al. (2005) exam-
ined nitrogen fertilization times in irrigated wheat farmlands in South-
ern Spain, and Shi et al. (2018) determined the optimal irrigation stages
for maize farmlands in Northwest China. However, field experiments-
based approaches are often constrained by regional and climatic vari-
ability and are time-consuming and labor-intensive, limiting their
broader applicability (Mon et al., 2016; Li et al., 2022). With techno-
logical advances, the agro-hydrological model-based approaches have
increasingly been used to explore INFT in irrigated farmland systems
(Darouich et al., 2022; Qi et al., 2024). For example, Huang et al. (2022)
optimized the irrigation and nitrogen fertilization times for wheat across
different hydrological years using AquaCrop model, while Wu et al.
(2023) developed a framework by integrating AHC (Agro-Hydrological
& chemical and Crop systems simulator) model with multi-criteria de-
cision-making (MCDM) to improve irrigation and fertilization schedules
for maize. Although these methods reduce labor and time costs, their
decision-making efficiency and level of intelligence remain limited
because they still require substantial manual intervention (e.g., data
processing and model operation). In addition, many existing studies rely
heavily on expert judgment or a single MCDM method to identify
management strategies, which increases uncertainty in the outcomes.

Rapid advancements in artificial intelligence (AI) offer new oppor-
tunities to develop stable and intelligent methods for balancing pro-
ductivity, environmental impacts, and economic viability in designing
appropriate INFT (Li et al., 2023a; Puig et al., 2025). For instance, Du
et al. (2025) developed an intelligent decision-making framework that
combined the DSSAT model with machine-learning algorithms to opti-
mize irrigation and fertilization rates and application stages for wheat.
Although machine learning improved the computational efficiency in
evaluating decision indicators, its autonomy and stability in generating
robust optimal solutions still need to be strengthened. Recently,
Al-based development platforms (e.g., COZE, Generative Pre-trained
Transformer, and Hugging Face Agent) have enabled the integration
of agro-hydrological models with MCDM methods, offering a potential
pathway to address these challenges (Biazar et al., 2025; Shalwee et al.,
2025). Within such platforms, a data management module (DMM) can
be designed to extract and organize outputs from the agro-hydrological
models and transfer them to a decision-indicator quantification module
(DIQM), which can incorporate a comprehensive set of indicators (e.g.,
IWP, PFP,,, NPL, GWP, and EB). Building on these modules, a two-layer
decision module (TLDM) can be developed by combining multiple
MCDM methods in the first layer with a sustainability index (SUSI) of
decision indicators in the second layer to rank candidate solutions and
identify appropriate INFT strategies. Module-to-module data flow can
further automate data transmission and execution, enable autonomous
operation and improve system intelligence (Arjona et al., 2021). More-
over, a two-layer design that integrates MCDM with SUSI may help
reduce uncertainty associated with reliance on a single MCDM method.
However, to the best of our knowledge, integrated decision-making
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frameworks that simultaneously couple agro-hydrological models,
multiple MCDM methods, and SUSI within AI development platforms
remain scarce. Consequently, whether such an integrated framework
can consistently generate appropriate INFT for irrigated farmland sys-
tems is still unclear.

Beyond these technical limitations, most previous studies have
emphasized yield and water-fertilizer productivity when optimizing
INFT (Mon et al., 2016; Huang et al., 2022), while giving limited
attention to the trade-offs among agricultural productivity, environ-
mental impacts, and economic benefits. As a result, it remains unclear
whether improved INFT in irrigated farmland systems can simulta-
neously reconcile productivity, environmental, and economic objec-
tives, especially when INFT is generated through Al-assisted decision-
making. To address these gaps, this study aims: (1) to develop a two-
layer intelligent decision-making framework on the lightweight AI
platform COZE by integrating agro-hydrological models, multiple
MCDM methods, and SUSI evaluation; (2) to validate the framework’s
ability to identify optimal INFT through case studies in irrigated farm-
land systems; and (3) to assess whether Al-assisted INFT can jointly
enhance agricultural productivity and economic benefits while reducing
environmental burdens, thereby improving overall system
sustainability.

2. Methodology

2.1. Two-layer intelligent decision-making framework for optimizing
INFT

COZE is a next-generation, lightweight, and modular AI development
platform. By integrating data management plugins and pre-configured
code plugins (Sun et al., 2025), it enables users to efficiently build
complex modules for data management, transmission, computation, and
decision-making analysis using Python within its built-in integrated
development environment. On the COZE platform (free personal
version, https://www.coze.cn; API rate limit of 300 requests per min-
ute), a two-layer intelligent decision-making framework was developed
(Fig. 1). This framework was achieved by integrating AHC model with
MCDM methods (i.e., VIKOR, AHP, and TOPSIS) and introducing SUSI
evaluation for decision indicators (i.e., yield, IWP, PFP,, NPL, GWP, and
EB). First, field experiment data were used to calibrate and validate the
AHC model. Scenario analysis was then performed with AHC to generate
basic data on soil NO3-N leaching, CO, and N2O emissions, and grain
yield under different INFT scenarios. Next, three modules were
sequentially designed within the COZE platform: DMM, DIQM, and
TLDM. These modules were responsible for extracting AHC outputs,
calculating decision indicators, implementing the MCDM and SUSI-
based two-layer decision process, and ultimately generating the
optimal INFT. Within COZE, these modules were interconnected
through workflows, allowing for the full automation of the process, from
data extraction and decision indicator quantification to INFT decision-
making analysis. This created an end-to-end intelligent framework
(Fig. 1). The process begins with the input of crop type, after which all
subsequent steps, data extraction, decision indicator quantification, and
two-layer decision-making, are carried out without manual interven-
tion. The detailed functional implementation of each module is pre-
sented in Sections 2.2, 2.3, and 2.4.

2.2. AHC model description and data management module

AHC is a one-dimensional agro-hydrological model developed by Xu
et al. (2018), which incorporates modules that simulate key processes
such as soil water movement, organic matter turnover, and crop growth.
The model employs the Richards equation for simulating soil water flow,
uses the convection-dispersion equation for the transport of solutes
(NHZ-N and NO3-N), and applies first-order kinetics to represent the
turnover of organic matter. Phenological development and biomass
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Fig. 1. Workflow of the two-layer intelligent decision-making framework.

accumulation are described using the integrated EPIC sub-model within
the AHC architecture. The upper boundary condition is determined by
irrigation, rainfall, and evaporation. The lower boundary is mainly
related to the groundwater conditions. The governing equations for the
watercarbon-nitrogen-crop growth (WCNC) processes can be found in Li
et al. (2023a) and Supplementary Materials Egs. (S1-S8).

The measured data from representative fields of the target crop are
used to calibrate and validate the model parameters. To obtain the basic
data required for calculating decision indicators, including IWP, PFP,,,
NPL, GWP, EB, and crop yield, the calibrated AHC model is applied to
conduct scenario simulations for the target crop (wheat and maize)
farmlands in the study region. Scenarios with varying INFTs are
designed to determine the optimal strategy for both crops (Section 3.3).

The DMM was developed using the data extraction plugin of COZE
and Feishu Cloud Documentation (https://www.feishu.cn) to store the
basic data generated from AHC simulations. The DMM retrieves the
corresponding basic data, and the data extraction plugin converts these
datasets into floating-point format. Upon entering the target crop type,
the module is activated and automatically performs data extraction,
format conversion, and data transmission to downstream modules, i.e.,
DIQM.

2.3. Decision indicators quantification module

The DIQM was designed to quantify the decision indicators. In the
decision-making framework, the positive decision indicators include
IWP, PFP,, EB, and crop yield, while the negative decision indicators
consist of NPL and GWP. The NO3-N leached from the 0-1 m soil layer
can enter the groundwater, increasing the risk of non-point source
pollution (Du et al., 2011; Li et al., 2022). This risk is particularly sig-
nificant in regions with shallow groundwater, such as the Hetao Irri-
gation District of Northwest China (HIDNC), where the groundwater
depth fluctuates between 1 and 2.7 m (Li et al., 2022). Therefore, the
simulated NO3-N leached from the 0-1 m soil layer by the AHC model is
used to estimate NPL to groundwater. Additionally, crop yield is directly
simulated by the AHC model.

The IWP and PFP,, are calculated as follows:

Y,
IWP=0.1x-"2 (€]
depth
Ycrop
PFP, = % 2)
" N rate

where IWP is the irrigation water productivity, kg m~3; PFP, is the
partial factor productivity of nitrogen, kg kg™'; Yerop is the crop grain
yield, kg ha’l; Igepen is the irrigation depth, mm; Npge is the nitrogen
application rate, kg ha™!; 0.1 is the unit transform coefficients.

The GWP is calculated as follows (IPCC, 2021; He et al., 2024):

Ceoz + 273 x Cnao

GWP = 1000 3
where GWP denotes the global warming potential, t CO3-eq ha!; Ceop is
the cumulative soil CO5 emissions during the crop growing season, kg
ha™! ; Cn20 is the cumulative soil NoO emissions during the crop growing
season, kg ha~1; The 273 is the GWP values for N5O to CO5 over a 100-
year time horizon (IPCC, 2021; He et al., 2024). 1000 is the unit
transform coefficients.

The EB is calculated as follows (Li et al., 2020; 2022):

EB = P 'Ycrop — P2 'Iamount —P3 'Frate - Cozher (4)

where p; and ps are th crop grain and fertilizers prices, respectively, CNY
kg’l; D2 is the irrigated water price, CNY m™3; Iymoun: is the irrigation
amount, m®ha™; Frqe is the application rate of fertilizers, kg ha™Y; Coher
is the other cost caused by seed, pesticide, plowing, sowing, harvesting,
and labor for field management, CNY ha~!. The values for D1, P2, P3, and
Cother in maize and wheat fields are provided in our previous studies Li
et al. (2020; 2022).

2.4. Two-layer decision module

The TLDM was constructed by integrating three MCDM methods
(VIKOR, TOPSIS, and AHP) along with the SUSI of decision indicators
[IWP, PFP,, EB, and yield (positive decision indicators); NPL and GWP
(negative decision indicators)]. In the first layer, three MCDM methods
are applied to balance positive and negative decision indicators across
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different INFT scenarios. Each method employs a distinct internal
mechanism to identify a compromise solution that optimally balances
the conflicts between positive and negative decision indicators: (1)
VIKOR minimizes individual regret while maximizing group utility
(Opricovic and Tzeng, 2004); (2) TOPSIS identifies the solution closest
to the ideal solution and farthest from the negative-ideal solution
(Opricovic and Tzeng, 2004); and (3) AHP derives a priority ranking
through pairwise comparisons (Lukinskiy et al., 2025). Before per-
forming the decision-making analysis, all negative indicators are posi-
tively transformed. Subsequently, at the first decision-making level,
three preliminary candidate solutions are generated based on the prin-
ciple of maximizing positive indicators while minimizing negative ones.
The corresponding calculation equations for VIKOR, TOPSIS, and AHP
are provided in Egs. (5)-(13).

In the second layer, the SUSI of the decision indicators for the three
preliminary candidate solutions generated by VIKOR, TOPSIS, and AHP
is calculated using Eq. (14). The candidate solution with the highest
SUSI value is then selected as the final optimal solution. The two-layer
decision-making approach aims to mitigate uncertainties inherent in
relying on any single MCDM method, while identifying a synergistic and
sustainable solution (i.e., INFT) that optimally balances farmland pro-
ductivity, environmental impacts, and economic benefits.

The VIKOR model can be described as follows (Opricovic and Tzeng,
2004):

(8-S (Ri—R")
Q=vig =g+ - ©)
s=3% M ®)
j=1 f,—f}
Ri—max{w} @
EAw A

where Q; represents the benefit ratio associated with the i-th scenario
(the lowest Q denotes the optimal option); v represents the decision-
making coefficient; S; and R; represent the group utility and individual
regret associated with the i-th scenario, respectively; wj is the weight of
the j-th indicator. Among these, S* and S” represent the minimum and
maximum values of S;, while R* and R represent the extreme values of R;
respectively.

The TOPSIS model can be described as follows (Opricovic and Tzeng,
2004):

__D

Ei = D +D, (8)

n

j=1

(€89)

where E; is the score value of the i-th scenario, with the highest value
corresponding to the best scenario; D;” is the distance between the i-th
scenario and the ideal scenario; D; is the distance between the i-th sce-
nario and the worst scenario; wj is the weight of the j-th indicator; ry; is
the normalized value of the j-th indicator for the i-th scenario; x;; is the
original value of the j-th indicator for the i-th scenario.
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The calculation equations for the AHP model are as follows
(Lukinskiy et al., 2025):

j«max —n
_ 12
R=Rin=1) 12)
=1

where CR is the consistency ratio, and when CR < 0.1, the consistency of
the decision matrix is acceptable; Ay is the maximum eigenvalue of the
decision matrix; RI is the random consistency index; S; is the score value
of the i-th scenario, with the highest value corresponding to the best
scenario; n is the number of preset scenarios; wj is the weight of the j-th
indicator; x; is the original value of the j-th indicator for the i-th
scenario.

The SUSI for all positive and negative indicators is calculated as
follows:

Z;:l wj'pIJ'

SUSI = ———
Zj";1w]"NIj

14)

where SUSI denotes the sustainability index; PI; is the j-th positive in-
dicator, including irrigation water productivity, partial factor produc-
tivity of nitrogen, crop yield, and economic benefit; NI; is the j-th
negative indicator, including global warming potential and nitrogen
pollution load. In this study, in order to eliminate the influence of
different units among decision-making indicators, the SUSI were
calculated based on standardized data.

The CRITIC method was employed to assign weights for all decision
indicators in Egs. (5)-(14) (Diakoulaki et al., 1995):

5k (1 - rﬂ()

n n (15)
Zj:l Gijzl (1 - rfk)

(AJj:

where rj is the linear correlation coefficient, which represents the
discordance of the j-th indicator and k-th indicator, and o; is the standard
deviation, which quantifies the contrast intensity of the j-th indicator.

3. Application of two-layer intelligent decision-making
framework

3.1. Study site

The HIDNC is a typical irrigated agricultural region located in the
Inner Mongolia Autonomous Region of China (41°09'N, 107°39E),
covering a total area of 11626 km?. The region experiences an average
annual precipitation of approximately 140 mm, cumulative annual po-
tential evaporation of 2240 mm, and average annual temperature of
7 °C, respectively. The annual groundwater depth fluctuates between 1
and 2.7 m (Li et al., 2022). The predominant soil textures include loam,
silt loam, and sandy loam. Wheat and maize are the primary food crops
cultivated in the HIDNC. From 2000 and 2021, the planting areas of
wheat and maize ranged 300 to 3733 km? and from 902 to 4305 km?,
respectively (Li et al., 2025). Over the years, inappropriate irrigation
and nitrogen application management have caused severe significant
challenges in the region, including substantial water percolation, NO3-N
leaching, GHG emissions, and low IWP, PFP,, and EB in wheat and
maize farmlands (Du et al., 2011; Li et al., 2020b). Thus, wheat and
maize farmlands in the HIDNC were selected as representative case
studies to evaluate the performance of the two-layer intelligent decision-
making framework in generating appropriate INFT, with the goal of
balancing productivity, environmental impacts, and economic benefits
in irrigated farmland systems.
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3.2. Field data collection, model setup, calibration, and validation

Two field experiment were conducted at the Hetao Experimental
Station in the HIDNC. In the first experiment, maize was cultivated in
the test field during the 2017-2018 period, with five different combi-
nations of irrigation and nitrogen application (Table S1). Irrigation
depths ranged from 170 to 450 mm, and nitrogen application rates
varied between 150 and 350 kg ha™. In the second experiment, wheat
was planned as the test crop from 2019 to 2020. Six treatments with
different irrigation and nitrogen application treatments were imple-
mented (Table S2). For these treatments, irrigation depths ranged from
180 to 450 mm, and nitrogen application rates ranged from 170 to 340
kg ha™!. In both maize and wheat experiments, data were collected on
soil water, NHZ-N and NO3-N contents, soil CO, and N2O emissions, soil
NO3-N leaching, crop height, leaf area index, dry biomass, and grain
yield. Detailed information on experimental design, field management
practices, sample collection, and analytical methods is provided in Li
et al. (2020a) for the maize and in Li et al. (2022) for the wheat.
Tables S1 and S2 can be found in the Supplementary Materials.

The steps for creating AHC simulation case in wheat and maize fields
of the HIDNC as follow: the soil water and solute dynamics were simu-
lated across a 300 cm deep vertical profile, discretized at 1 cm intervals
into 301 nodes. These nodes were subsequently aggregated into 4-6
layers according to the soil texture characteristics of the test fields. The
simulation period spanned from sowing to harvest of the target crops in
the study region. Daily fluxes of irrigation, precipitation, and evapora-
tion defined the upper boundary condition for soil water flow, whereas
daily groundwater depth were used to set the lower boundary condition.
For soil solute transport, the fluxes of solute concentrations (NHZ-N and
NO3-N) resulting from precipitation, irrigation, and groundwater were
applied to define the upper and lower boundary conditions. Initial
conditions were set according to the measured values of soil water and
nitrogen content.

For two field experiments, data from the first year across all treat-
ments were used to calibrate the parameters of the AHC model,
including those related to soil hydraulics, water stress, organic matter
dynamics, and crop growth (Table S3-S6). Data from the second year
were then used for model validation. A parameter adjustment approach
was adopted, refining the values until the AHC model accurately
captured the WCNC processes under varying irrigation and nitrogen
application treatments (Figs. S1-S6 and Table S7 for wheat farmlands,
and Figs. S7-S10 and Table S8 for maize farmlands). The important
parameters with high sensitivity and their calibrated values are shown in
Table 1. Further detailed information about the calibration and
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validation of AHC are available in Li et al. (2023a). Figs. S1-S10 and
Table S1-S8 can be found in the Supplementary Materials.

3.3. Scenario design

To obtain the basic data (soil NO3-N leaching, CO5 and N2O emis-
sions, and grain yield) required for decision-making, scenario simula-
tions were conducted using the calibrated AHC model. Based on field
surveys and relevant studies in the HIDNC (Dong et al., 2011; Peng et al.,
2019; Li et al., 2020a; Li et al., 2022; Zhang et al., 2022), wheat was
typically irrigated 2-5 times and nitrogen fertilized (including basal
fertilizer) 3-6 times during its growing season, while maize was irri-
gated 3-6 times and nitrogen fertilized (including basal fertilizer) 3-6
times. For each crop, the times of irrigation and fertilization were fully
randomly combined across three hydrological years (wet, normal, and
dry), resulting in a total of 48 scenarios (Tables 2 and 3). Among these
scenarios for wheat and maize, the combinations of three irrigations and
three nitrogen applications (I3N3) correspond to the local traditional
practices, which were used as the control scenarios. The total irrigation
depth and total nitrogen application rate during the crop growing season
were kept constant across different irrigation and fertilization times. The
optimal total irrigation depths and total nitrogen application rates for
different hydrological years were adopted from previous research in the
HIDNC. For wheat, suitable irrigation depths were 210 mm in wet years,
240 mm in normal years, and 300 mm in dry years (Li et al., 2022; Li
et al., 2023). For maize, the corresponding values were 270 mm, 300
mm, and 330 mm, respectively (Li et al., 2022). For all irrigation sce-
narios, the irrigation amount was evenly distributed across each stage in
both wheat and maize farmlands (Tables 2 and 3). The suitable nitrogen
application rate for both crops was 250 kg ha™?, regardless of the hy-
drological year. In the study region, 50 kg ha™! of nitrogen fertilizer was
applied as basal fertilizer during the seeding stage in wheat farmlands,
and the remaining nitrogen was evenly distributed across the subse-
quent designed fertilization stages (Table 2) (Li et al., 2022). In maize
farmlands, 75 kg ha™! of nitrogen fertilizer was applied as basal fertilizer
during the seeding stage, and the remaining nitrogen was evenly
distributed across the subsequent designed fertilization stages (Table 3)
(Zhang et al., 2022). Specific dates for irrigation and nitrogen fertil-
ization were determined based on local farming practices. Detailed in-
formation on scenario design is provided in Tables 2 and 3.

3.4. Performance comparison

Integrating agro-hydrological models with MCDM methods has

Table 1
Important parameters with high sensitivity and their calibrated values for AHC model.
Processes Parameters  Descriptions Calibrated values Notes
Wheat Maize
fields fields

Soil water flow 051 Saturated water content 0.42 0.41 Numerical subscripts 1, 2, 3, and 4 denote the 0-25, 25-50, 50-70,
Os2 (em® em ™) 0.43 0.41 and 70-100 cm soil layers, respectively.
O3 0.49 0.40
K1 Saturated hydraulic conductivity 25 20
K2 (emd™h) 15 15
K3 10 15

Soil solute transport La3 Dispersion length of NH4-N (cm) 21 20
Las 15 15
Lp3 Dispersion length of NO3-N (cm) 15 18

Carbon/Nitrogen (C/ 1 C/N ratio in fresh organic matter pool 15 16 Numerical subscripts 1 and 2 denote the pool with slow and fast

N) turnover T2 12 10 turnover rate, respectively.

ki Decomposition rate coefficient in fresh 0.00012 0.00013
ko organic matter pool 0.00035 0.00032

Crop growth TOTP Optimal temperature for plant growth 15.5 22

(49}

LAI gy Potential maximum leaf area index 6 7
THU Total heat units required for plant 2200 2700

maturity
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Table 2
Detailed scenario design for wheat farmlands in HIDNC.
Field practices Times Wheat growth stages Labels Hydrological years
Seeding Tillering Jointing Heading Filling Mature
Irrigation 2 \/ \/ 12 Wet year (H1)
3 v v v 13 Normal year (H2)
4 V/ v v Y/ 14 Dry year (H3)
5 v v v v v 15
Nitrogen fertilization 3 v v v N3
4 v v v v N4
5 v v v v v N5
6 v v v v v v N6
Note: scenarios =I; x Ny x Hy (i=2,3,4,5;j=3,4,5,6;n=1, 2, 3).
Table 3
Detailed scenario design for maize farmlands in HIDNC.
Field practices Times Maize growth stages Labels Hydrological years
Seeding V12 Tasseling Silking Filling Mature
Irrigation 3 Vv \/ \/ 13 Wet year (H1)
4 \/ \/ \/ \/ 14 Normal year (H2)
5 v v v v v I5 Dry year (H3)
6 v v v v v v 16
Nitrogen fertilization 3 v v v N3
4 v v v v N4
5 v v v v v N5
6 v v v v v v N6
Note: scenarios = I; x Nj x Hy (i=3,4,5,6;,j=3,4,5,6;n=1,2, 3).
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rapidly emerged as a promising approach for optimizing agricultural
management practices. This combined methodology serves as the
baseline control in the present study to evaluate the advantages of the
proposed intelligent decision-making framework. Specifically, Control 1
refers to the AHC model + VIKOR framework developed by Wu et al.
(2023), which balances crop yield, IWP, and soil salinity to determine
irrigation and fertilization strategies for maize farmlands. Control 2
corresponds to the AHC model + VIKOR framework established by Li
et al. (2023a), which integrates crop yield, PFP,, IWP, and multiple
ecosystem service values to formulate irrigation and fertilization stra-
tegies for wheat farmlands. To assess the effectiveness of the proposed
framework, this study compares its performance against the two con-
trols across several key dimensions: model operation/activation,
extraction of model outputs, data format conversion, calculation of de-
cision indicators, execution of MCDM procedures, and the time required
per decision cycle.

4. Results and discussion

4.1. Responses of agricultural productivity-environmental-economic
indicators to various INFT

Crop yield exhibited a nonlinear response to irrigation times across
wet, normal, and dry years for both wheat and maize farmlands (Fig. 2a,
d). As the number of irrigation events increased, i.e., from 2 to 5 times
for wheat and from 3 to 6 times for maize, crop yield increased first and
then decreased. Specifically, for wheat, the highest yield was achieved

Computers and Electronics in Agriculture 247 (2026) 111721

under three irrigation events in wet years and four events in normal and
dry years. For maize, the optimal times that resulted in the highest yield
were four irrigations in wet years and five irrigations in normal and dry
years. The responses of IWP, PFP,, and EB to irrigation times aligned
with those of yield across all hydrological years and crop types (Fig. 2b,
¢, e, f and Fig. 3¢, f). In contrast, the negative indicators displayed
opposing trends, i.e., NPL decreased significantly as irrigation events
increased (Fig. 3a, d), while GWP showed an upward trend (Fig. 3b, e).

Increasing nitrogen application times had a negative impact on crop
yield, IWP, PFP,, and EB for both crops across all hydrological years
(Fig. 2 and Fig. 3c, f). Even so, appropriately increasing nitrogen
application times helped reduce GWP without increasing NPL (Fig. 3a,
b, d, e). The synergistic response of these productivity, environmental,
and economic indicators to varying INFT demonstrates the feasibility of
maintaining high crop yield, IWP, and PFP,, while simultaneously
keeping low GWP and NPL through the optimization of INFT.

4.2. Decision-making of optimal INFT for wheat and maize farmlands

A single MCDM method introduces considerable uncertainty into the
decision-making solutions (Ye et al., 2025). At the first decision-making
level, VIKOR identified I2N6 as the candidate INFT for wheat farmlands
in all three hydrological years. Using AHP, the corresponding candidate
solutions were I3N4, 14N4, and I3N3 for wet, normal, and dry years,
respectively, whereas TOPSIS selected ISN3, ISN3, and I4N4 under the
same conditions (Fig. 4). For maize farmlands, the candidate INFT
selected by VIKOR was I3N6 in all three hydrological years. AHP
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Fig. 4. First-layer decision outcomes based on MCDM methods for wheat farmlands under different irrigation and nitrogen fertilization times. Note: IxXNy denotes the
combination of x irrigation times and y fertilization times. For the VIKOR method, the preliminary candidate solutions were selected by ranking the benefit ratio (Q),
with the lowest Q value identifying the candidate INFT. For the TOPSIS and AHP methods, the preliminary candidate solution was ranked by score, with the highest

score corresponding to the candidate INFT.

selected I5N4, I5N4, and 14N4, while TOPSIS selected I6N6, I6N4, and
I6N4 in wet, normal, and dry years, respectively (Fig. 5). The variation
in candidate solutions among different MCDM methods suggests that
relying on a single method to determine the INFT increases uncertainty
and may overlook the optimal solution (Li et al., 2023a; Wu et al., 2023).

The candidate INFTs recommended by VIKOR yielded the lowest
SUSI across all hydrological years and crop types (Fig. 6). This occurred
because VIKOR selected a low irrigation frequency (2 times for wheat
and 3 times for maize) to control the negative indicator GWP (Fig. 3).
However, under a constant total irrigation amount, the low irrigation
frequency resulted in a larger single irrigation depth, which increased
available nitrogen losses and the risk of crop waterlogging, ultimately
reducing yield and increasing NPL (Peng et al., 2019; Li et al., 2022),
thus reducing SUSI (Fig. 6). The AHP method also recommended a low
irrigation frequency (3 times for wheat and 4 times for maize) in dry
years to mitigate GWP. In dry conditions, however, infrequent irrigation
increased the risk of soil drought between adjacent irrigation events,
limiting crop growth (Mon et al., 2016) and resulting in yield and EB
losses, which reduced SUSI (Fig. 6). For the TOPSIS method, it focused
on mitigating soil water-nitrogen pulses by increasing irrigation and
fertilization times in wet and normal years to reduce NPL (Abera et al.,
2018). However, the high irrigation frequency reduced the amount of
water and nitrogen supplied per event during critical growth stages
(tillering, jointing, and filling in wheat; V12, tasseling, and filling in
maize), potentially leading to water and nutrient deficits (Shi et al.,
2018; Huang et al., 2022). As a result, crop yield, IWP, and PFP,

decreased, ultimately lowering SUSL

In the second decision-making level, the candidate solution with the
highest SUSI value was selected from those generated by VIKOR, AHP,
and TOPSIS (Fig. 6) and recommended as the final INFT for each crop
under different hydrological years. This demonstrates that the second
decision-making layer consistently identified the solution that achieved
the best overall compromise among all positive and negative indicators,
thereby determining the optimal INFT. Specifically, under suitable
irrigation depth (210 mm in wet years, 240 mm in normal years, and
300 mm in dry years for wheat; 270 mm, 300 mm, and 330 mm for
maize) and nitrogen application rate (250 kg ha! for both crops across
hydrological years), the recommended strategies were as follows: for
wheat, I3N4 (three irrigations and four nitrogen applications) in wet
years, and I4N4 (four irrigations and four nitrogen applications) in
normal and dry years; for maize, ISN4 (five irrigations and four nitrogen
applications) in wet and normal years, and I6N4 (six irrigations and four
nitrogen applications) in dry years.

4.3. Performance advantages of the decision-making framework and it-
driven INFT

Compared to traditional decision-making approaches that rely on
externally connect individual modules (agro-hydrological model +
MCDM), the two-layer intelligent decision framework developed on the
COZE platform offers significant advantages in both efficiency and in-
telligence (Table 4). Specifically, Du et al. (2025) developed a DASSAT
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Table 4
Performance comparison between intelligent decision-making framework and
traditional methods.

Steps Traditional method Traditional method Intelligent
(Agro-hydrological (Agro-hydrological decision-
model + MCDM) (Wu  model + MCDM) (Li making
et al., 2023) et al., 2023a) framework

Model v/ v v/

operation/
activation

Model output v X

extraction

Data format v Vv x

conversion

Decision \/ \/ X

indicator
calculation
MCDM v v x
method
execution
Time for each 12-20 min 17-30 min 1-2 min
decision
cycle

Note: MCDM denotes multi-criteria decision-making methods.

model combined with a machine learning-based decision-making
framework for optimizing irrigation-nitrogen application schedules,
while Wu et al. (2023) proposed an AHC-VIKOR framework for opti-
mizing irrigation and nitrogen rates. Although such integrations of
agro-hydrological models with machine learning or MCDM have
improved  decision-making efficiency = compared to field

Wet years
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experiment-based methods, they still require considerable human
intervention, such as extracting model outputs, converting data formats,
calculating decision indicators, and executing MCDM procedures
(Biazar et al., 2025). Moreover, the time required for these manual steps
increases with the number of decision indicators (Darouich et al., 2022).
For instance, in our earlier study using an AHC + VIKOR approach to
balance yield, IWP, and soil salinity, one decision cycle took 12-20 min
(Wu et al., 2023). When nine ecosystem service values were later added
as decision indicators, the decision cycle time increased by an additional
5-10 min (Li et al., 2023a). In contrast, the framework proposed in this
study can be activated simply by entering the crop type, after which the
entire decision process is automatically carried out by the COZE agent
on behalf of the user. By replacing extensive manual steps with an Al
platform, reducing the procedure from five steps to one, the time
required for a full decision cycle was shortened to just 1-2 min, which is
only 6-9% of the time required by earlier methods, corresponding to an
11- to 16-fold increase in decision-making efficiency (Table 4).

The INFT optimized by the intelligent decision framework effectively
enhanced agricultural productivity and economic returns while miti-
gating negative environmental impacts in irrigated farmland systems
(Fig. 7). This improvement stems primarily from the framework’s
two-layer decision mechanism: (1) MCDM methods were applied to
screen candidate solutions that effectively reduce negative indicators
(NPL and GWP) while maintaining high positive indicators (crop yield,
IWP, PFP,, and EB); and (2) the final solution was selected through
further optimization guided by the SUSI-maximization principle. Across
the three hydrological years, the optimal INFT consistently out-
performed the local control (I3N3) in both farmland systems (Fig. 7). In

Normal years

Yield

(1]
PFP,

Local control Optimal INFT (a)-(c) Wheat farmlands (d)-(f) Maize farmlands

Fig. 7. Comparison of decision-making indicators between the optimal and local control scenarios. Note: INFT is the abbreviation of irrigation and nitrogen
fertilization times. NPL, GWP, EB, IWP, PFP, denote the nitrogen pollution load, global warming potential, economic benefits, irrigation water productivity, and

partial factor productivity of nitrogen, respectively. The units of yield, NPL, GWP, EB, IWP, and PFPn are t ha~!, kg ha !, t CO5-eq ha !, x10> CNY ha !, kg m~

kg kg™, respectively.
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wheat farmlands, the optimal INFT (I3N4 for wet years and [4N4 for
normal and dry years) increased crop yield, EB, IWP, and PFP, by
3.8-16.4%, 8.0-11.4%, 3.8-16.3%, and 3.7-16.4%, respectively, and
reduced NPL and GWP by 20.8-31.8% and 3.1-5.3% compared to the
local control. For maize farmlands, the optimal INFT (I5N4 for wet and
normal years and I6N4 for dry years) enhanced these positive indicators
by 7.1-21.8%, 11.3-39.2%, 7.3-21.8%, and 7.1-21.9%, respectively,
and achieved corresponding reductions of 29.9-51.2% in NPL and
8.2-9.6% in GWP relative to the local control. As a result, the optimal
INFT significantly increased the SUSI by 28.5-56.1% for wheat farm-
lands and by 42.9-106.9% for maize farmlands relative to the local
control (Fig. 8).

The underlying mechanisms can be explained by the inherent limi-
tations of the control scenarios and the balanced optimization achieved
by the two-layer framework. Under the local control, limited irrigation
and fertilization events failed to replenish soil moisture and nutrients in
a timely manner during critical growth stages, leading to reductions in
crop yield and EB (Rubio-Asensio and Intrigliolo, 2024). Additionally,
low irrigation and fertilization frequencies resulted in higher single
applications of water and nitrogen. In turn, these larger individual in-
puts increased deep percolation and nitrate leaching (Lu et al., 2019; Li
et al., 2020a). Furthermore, they triggered stronger pulses of soil CO5
and N3O emissions, thereby increasing GWP (Trosta et al., 2016;
Tongwane and Moeletsi, 2018). In contrast, the Al-driven INFT deliv-
ered appropriate water and nitrogen supplies at critical growth stages,
thus avoiding productivity losses associated with water and nitrogen

Normal years
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deficits or excesses (Shi et al., 2018). This approach also reduced the
pollution load and climate risk linked to nitrate leaching and GHG
emissions (Li et al., 2020b; Li et al., 2023b), thus increasing the SUSI of
farmland systems. These results confirm that the two-layer decision
framework can generate suitable irrigation and nitrogen application
times that maintain high productivity while offering clear advantages in
mitigating adverse environmental and climate impacts, as well as
increasing sustainability in irrigated farmland systems.

4.4. Limitations and suggestions

In this study, a two-layer intelligent decision-making framework was
developed by integrating an AHC model with MCDM methods (VIKOR,
AHP, and TOPSIS) and introducing SUSI evaluation for decision in-
dicators on an Al development platform. Although the framework has
significantly improved decision-making efficiency and intelligence with
Al support, its generalizability remains limited. This limitation stems
primarily from the framework's continued reliance on agro-hydrological
models as the core driver for generating the basic data. Such physically-
based models typically require extensive regional data on climate, soil,
crop, and groundwater to support model setup, parameter calibration,
and validation, which restricts the framework's applicability in data-
scarce regions (Manivasagam and Rozenstein, 2020; Wimalasiri et al.,
2020).

Furthermore, although the proposed method can identify suitable
INFT for target crops in irrigated farmland systems under different
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hydrological years, it does not fully account for variations in precipita-
tion patterns and soil nutrient dynamics during the crop growing season
across regions and hydrological years. These factors critically influence
optimal water and nitrogen management (Zeng et al., 2021; Puig et al.,
2025). To address these limitations, future research should focus on: (1)
exploring data-driven models, such as machine learning or deep
learning, to replace or complement physically-based models, thereby
reducing dependency on region-specific data and improving the trans-
ferability of the framework to data-limited regions; and (2) developing
dynamic intelligent decision-making methods that incorporate real-time
precipitation and soil nutrient monitoring information on AI develop-
ment platform, enabling real-time recommendations for irrigation and
fertilization based on actual crop needs and environmental conditions,
thereby improving the spatiotemporal adaptability and decision-making
precision.

5. Conclusion

Developing intelligent decision-making methods that balance pro-
ductivity, economic, environmental, and climatic impacts is crucial for
the efficient management of irrigation and nitrogen application. In this
study, a two-layer intelligent decision-making framework was devel-
oped by integrating AHC model with MCDM methods (VIKOR, AHP, and
TOPSIS) and introducing SUSI evaluation for decision indicators (yield,
IWP, PFP,,, NPL, GWP, and EB) on the Al platform. Applied to wheat and
maize farmlands in the HIDNC, the framework strategically determined
the optimal INFT for both crops under wet, normal, and dry years by its
internal MCDM-based first decision-making level and maximum SUSI-
based second decision-making layer.

For wheat, three irrigations with four nitrogen applications were
recommended for wet years, while four irrigations with four nitrogen
applications were suggested for normal and dry years. For maize, five
irrigations with four nitrogen applications were advised for wet and
normal years, and six irrigations with four nitrogen applications for dry
years. Compared to local control scenarios, the optimal INFT signifi-
cantly improved yield, EB, IWP, and PFP,, while reducing NPL and
GWP, thereby increasing the SUSI of wheat and maize farmland systems
across wet, normal, and dry years.

Moreover, the Al-based decision-making framework substantially
shortened the time required for each full decision cycle compared with
traditional approaches that rely on externally linked modules, achieving
an 11- to 16-fold increase in decision-making efficiency. In conclusion,
this study highlights how intelligent, tiered decision architectures can
guide the co-optimization of irrigation and fertilization, thereby
providing a feasible pathway for more autonomous and sustainable
agricultural system management.
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