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Abstract

Purpose: Comparing farmland and alfalfa grassland systems under different planting scales
in influencing grain yield and environmental security is crucial to achieving sustainable
food development. This study aims to evaluate the environmental impacts of farmland
and alfalfa grassland systems under different planting scales in the North China Plain.
Methods: The environmental impacts, including energy depletion, land utilization, water
consumption, global warming, acidification, and eutrophication, were evaluated using
robust regression and life cycle assessment (LCA) based on the functional unit of CNY 1000
of grain (crops and alfalfa) production. Robust regression was applied to improve the accu-
racy of the data, and the LCA method was effectively used to compare the environmental
impacts under different planting scales. Results: The comprehensive environmental impact
of alfalfa production was 9% lower than that of the crop system in the North China Plain.
Compared to large-scale cultivation, smallholder farming resulted in 26%, 34%, and 22%
higher environmental impact indicators for alfalfa, maize, and wheat, respectively. Con-
clusions: The experimental results demonstrate that the robust regression model achieves
high prediction accuracy and generalization ability in estimating input–output quantity.
The results can provide insights into the optimization of policy initiatives oriented towards
the goal of resource-conserving, cost-effective, and environmentally friendly development
to facilitate regional planning and sustainable development.

Keywords: grain yield; environmental impacts; robust regression; life cycle assessment
(LCA); North China Plain

1. Introduction
The production mode of a grassland system not only relates to food security, but also

causes environmental problems that need to be paid close attention. In recent decades
our agricultural environment has been suffering from the double pressures of exogenous
pollution and endogenous pollution. Most agricultural and pratacultural paradigms in
China have focused on increasing grain yield at the cost of significant nonrenewable
resource consumption and environmental degradation [1], and it has become the constraint
restricting the healthy development of agriculture. The excessive use of agricultural inputs
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such as fertilizers and pesticides, and the unreasonable disposal of agricultural wastes
including livestock and poultry manure, crop straw, and farmland residue films has caused
concerns in greenhouse gas emissions, acidification, and eutrophication [2,3]. It is of
great practical significance to study the differences in environmental impact between
representative grain crops and pasture production processes under different planting
scales, clarifying the comparative advantage of grassland agriculture and exploring the
environmental impact of agricultural structure reform in China.

Under the current circumstances food security is the top priority, and feed security is
vital in China. Farmland and cultivated grassland are the most important agroecosystems,
delivering ecosystem services ranging from feed supply for ruminants and soil carbon
storage to habitats of biodiversity [4]. Studies have shown that alfalfa has a series of
advantages over traditional crop production. As a suitable substitute for feed, alfalfa
can provide the high protein and minerals required for animal growth: these aspects
effectively improve feed quality and animal digestion characteristics [5]. In view of the
ecological effects of alfalfa-cultivated grassland, Chen et al. [6] believed that different
seeding types of alfalfa-cultivated grassland showed differences in biomass distribution
patterns, and different planting methods also affected the accumulation and allocation
of aboveground and underground biomass. Therefore, considering the food-economy
comparative advantage of alfalfa, the most convenient and economical measure is to
change the planting of wheat or maize to alfalfa. This can not only meet the demand of the
food structure but also reduce the consumption of resources and environmental pollution
in agricultural production. In addition, the North China Plain is one of the major grain
producing areas in China [7], and its farmland area accounts for 18.6% of total farmland
area in China [8]. Agricultural production is generally accompanied by the usage of large
amounts of fertilizers and pesticides, and more than 60% of the farmland in the North
China Plain contains the problem of excessive nitrogen fertilizer input [9]. Different scale
production modes may lead to soil pollution and water resource consumption, agricultural
planning and land management with manual intervention may improve soil structure and
soil fertility and reduce reliance on chemical pesticides.

Assessing the environmental impacts of grain production under different operation
scales between farmland and cultivated grassland systems is highlighted, besides technical
applicability and innovation [10,11]. In the early stages of forecasting or judging crop
yield and production consumption by detrending, linear regression correlation models,
such as ordinary least squares (OLS) or weighted least squares (WLS), are usually adopted.
Finger [12] believed that robust regression could replace traditional regression methods
in data processing for relevant studies. The crop simulation model is an important tool
for predicting crop growth and yield, and the linear regression method is generally used
to establish and evaluate the model. Time-series prediction methods based on weighted
average, including the exponential smoothing method and auto-regressive moving average
(ARIMA) model [13], are suitable for data with autoregressive, differential, and moving
average components or with trend and seasonality. Maimaitijiang et al. [14] proposed the
application of multiple regression methods, including multiple linear regression (MLR),
partial least squares regression (PLSR), artificial neural networks (ANNs), random forest
regression (RFR) and support vector regression (SVR), and deep learning (DL) in crop
yield prediction, as these are more able of capturing nonlinear relationships and complex
patterns in data. There are limitations in dealing with nonlinear relationships and outliers
in agriculture and animal husbandry, with large randomness in the traditional linear
regression method. Therefore, it is necessary to combine the bias statistics to improve
the reliability of the evaluation model, especially the assumptions of data normality and
homoscedasticity.



Agronomy 2025, 15, 2432 3 of 18

Life cycle assessment (LCA) is a methodology for assessing the environmental im-
pacts [15] related to a product, process, or activity by identifying and quantifying all
resources consumed and emissions during raw material extraction and transportation,
chemical production and transportation, and arable farming in the field [16,17]. In agricul-
ture and grassland systems, LCA is focused on cropping systems of energy plant [18,19]
bio-energy made from agricultural and grassland materials [19,20]. Using the LCA and
considering the resources required to produce 1 ton of yield [21] provides policy-relevant
information about the environmental effects of farmland and cultivated grassland sys-
tems among different operation scales [22,23]. Resource consumption and environmental
emissions are an example of a multi-functional system in LCA, fulfilling more than one
function [24], providing both the function of resource management and the function of
environmental production. Na et al. [25] showed that improving the efficiency of agri-
cultural operations can significantly reduce pesticide inputs and lower production costs,
particularly for small-scale farms and cooperative participants. These efficiency-enhancing
practices are key to promoting sustainable agricultural production and environmental
benefits. Gao et al. [26] studied interventions throughout the life cycle of fertilizers and
found that about two-thirds of fertilizer emissions occurred in farmland and increasing
nitrogen use efficiency was the most effective strategy for reducing emissions. As such, they
suggested that this strategy should be combined with related studies such as decarbonizing
fertilizer production.

In this study, farmers and enterprises were selected as the specific research objects
of wheat, maize, and alfalfa, and the potential environmental impacts of farmland and
cultivated grassland systems in the North China Plain were evaluated using LCA. Unlike
previous studies focusing on single crops or regional assessments, this study integrates ro-
bust regression and economic value-based comparisons to quantify environmental impacts
across different crops and alfalfa systems at varying scales. The objectives of this study are
as follows: (1) to comprehensively and quantitatively evaluate the resource consumption
and environmental burden generated in the whole life cycle of crops and alfalfa grassland
systems with different planting scales in the North China Plain; (2) to elucidate the major
environmental impacts of crop systems and alfalfa production in the North China Plain;
(3) to present a discussion about options to improve farmland and cultivated grassland
systems. This study provides a scientific basis for promoting the sustainable development
of agricultural production and has a positive impact on global food security.

2. Materials and Methods
2.1. Study Area and Data Collection
2.1.1. Study Area

The North China Plain is considered one of most significant agricultural and livestock-
intensive regions, with wheat, corn, and forage grass as the dominant crops which repre-
sents the production situation of crops and alfalfa in China. The study area (33◦00′–40◦77′ N,
112◦53′–120◦ E) is located within the large alluvial plain of northern China (Figure 1), which
is one of the most densely populated areas in the world. The research sites are mainly lo-
cated in Hebei Province, including Shijiazhuang (38◦05′ N, 114◦52′ E), Tangshan (39◦64′ N,
118◦19′ E), Xingtai (37◦08′ N, 114◦51′ E), Baoding (38◦88′ N, 115◦47′ E), Handan (36◦63′ N,
114◦55′ E), Zhangjiakou (40◦77′ N, 114◦89′ E), Cangzhou (38◦31′ N, 116◦85′ E); Shandong
Province including Binzhou (37◦39′ N, 117◦98′ E), Liaocheng (36◦46′ N, 115◦99′ E), Wen-
shang (35◦73′ N, 116◦50′ E), Dongying (37◦44′ N, 118◦68′ E); Henan Province including
Zhengzhou (34◦75′ N, 113◦63′ E), Nanyang (33◦00′ N, 112◦53′ E), Luoyang (34◦62′ N,
112◦46′ E), Shangqiu (34◦42′ N, 115◦66′ E), and Xinxiang (35◦22′ N,·113◦54′ E). The North
China Plain has a temperate monsoon climate and a subtropical monsoon climate, with
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obvious changes in the four seasons, a cold and dry winter, and two crops a year in most
areas. It is characterized by a temperate monsoon climate and a subtropical monsoon
climate, with mean annual temperature ranges from 11 ◦C to 15 ◦C and mean precipitation
ranges from 500 mm to 900 mm, which meet the needs of two crops a year in most areas.

Figure 1. Location of the research sites in the North China Plain. The red dots indicate the specific
research sites.

In this study, enterprise-scale (large-scale) operations are defined as intensive agri-
cultural systems characterized by concentrated management, larger production areas,
higher standardization, and greater market integration, often functioning as contracted
farming units or agribusiness entities integrating production, processing, and marketing
(“production–processing–sales integration”). According to regional agricultural statistics,
the size of enterprise farms for grain crops usually range from 1000 to 8000 mu (≈67–535 ha),
while alfalfa is commonly cultivated on 3000~10,000 mu (≈200–670 ha). These ranges re-
flect the thresholds for intensive and technology-driven agricultural operations in the
North China Plain. In contrast, smallholder farming refers to household-based agricultural
production at a relatively modest scale, with non-standardized practices and limited access
to modern technologies and markets. Representative smallholder farmers selected in this
study cultivate no more than 1000 mu (≈67 ha) of wheat and maize or 3000 mu (≈200 ha)
of alfalfa, reflecting typical production boundaries in the North China Plain.

2.1.2. Data Collection and Processing

Interviews with farmers and enterprises were conducted across 16 locations in the
North China Plain (Figure 1) to collect agricultural input and output data (Table 1) for
typical crops and alfalfa production during 2019 to 2023. Since alfalfa is perennial and can be
planted for more than 8 years, the average data of field turning, base fertilizer, agricultural
film and yield can be surmised during field investigations of the production cycle. It is
important to note that this is a retrospective study based on observational field data, not a
controlled experiment. Respondents (smallholders and enterprises) were selected based on
official records, their production scale (conforming to the definitions above), and for being
representative of primary producers of the target crops in the region. The initial raw dataset
comprised 315 records obtained from official records and face-to-face questionnaires. After
preliminary screening, which excluded records due to abnormal values, missing items, and
inconsistent planting times, 246 valid questionnaires remained for analysis. Among them,
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37 smallholders and 24 enterprise farms produced; 63 smallholders and 22 enterprise farms
produced wheat; and 82 smallholders and 18 enterprise farms produced maize.

Table 1. Agricultural input and output data sources.

Inventory Data Source

Raw materials producing
Species, manufacturers, and dosages of fertilizers Field investigation

Species, manufacturers, and dosages of farm chemicals Field investigation
Agricultural film Literature

Seed Literature
Transportation of raw materials Field investigation

Cultivating
Fuel consumption and emission of field-turning machine Field investigation and the literature

Water and electricity consumption of irrigation Field investigation
Emissions of field greenhouse gas Literature

Harvesting
Fuel consumption and emission of harvesting machine Field investigation and the literature

Transportation of products Field investigation

In this study a substantial amount of field farm information was collected in the form
of raw data, and detailed records of various aspects of crop production were required when
the relevant questionnaires were completed. This included surveyed units (individuals
or companies), crop types (wheat, maize, alfalfa), area (unit: mu), and hay yield (total
for the year and per rotation, unit: kg·mu−1), as well as types and application amounts
(unit: kg·mu−1) of fertilizers, pesticides, and insecticides used during different seasons
or growth periods. The energy consumption (unit: CNY·mu−1) of farm machinery and
the consumption of irrigation water resources (unit: CNY·mu−1) were also recorded. The
economic value is referenced from the China Statistical Yearbook 2024 and the Compilation of
National Agricultural Product Cost and Benefit Data 2024.

In this process we emphasize considering the production, transportation, application,
and potential disposal of different agricultural inputs to comprehensively understand
their environmental impacts. Furthermore, we integrate on-site surveys and relevant
database information to obtain accurate and trustworthy data to ensure the reliability of
the inventory analysis results. In our study, the amount of fossil energy used in direct
forms (e.g., diesel) was were calculated from the consumption of primary energy factors
in China [17], while indirect forms (e.g., fertilizers, pesticides) were inferred from local
experts and farmer interviews. Specifically, it covers nitrogen fertilizer (calculated as urea
and based on nitrogen content), phosphorus fertilizer (including diammonium phosphate,
calcium superphosphate, and ammonium dihydrogen phosphate, calculated as P2O5),
potassium fertilizer (including potassium chloride, potassium sulfate, and Lobato potas-
sium, calculated as K2O), organic fertilizer, and compound fertilizer, with each contributing
one-third of nitrogen, phosphorus, and potassium. It is worth noting that this study does
not include trace elements (such as manganese, iron, zinc, boron, copper, and molybdenum)
and water-soluble silicon fertilizer used.

2.2. Robust Regression

Robust M-estimation regression is insensitive to the influence of outliers and can better
adapts to the heterogeneity and randomness of the data. The M-estimation method uses the
Huber ρ function and has moderate efficiency and a lower breakdown point (about 15%)
compared to MM-estimators, meaning that even with half the observed outliers in the data
it can still give a reasonable estimate. In the case of large samples, the model parameters can
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be estimated with high efficiency. The iterative method in robust regression is implemented
by the internal reweighted least squares (IRWLS) algorithm, which approximates the
optimal solution by iteratively optimizing the Huber loss function. Each iteration reweighs
the sample based on the current estimate and updates the parameter estimates until
they converge.

The goal of robust regression is to minimize a Huber loss function to obtain an estimate
of the regression coefficient. The objective function is expressed as follows:

β̂M = argmin
β

∑n
i=1 ρ(yi − Xiβ) (1)

where β̂M is the dependent variable, X is the independent matrix, and β is the regression
coefficient vector. In this objective function, ρ is the Huber loss function, namely the
Huber function.

The regression coefficient β̂M obtained by the Huber function shows strong robustness
through minimizing the objective function, which can effectively reduce the influence of
outliers on the estimation results. The Huber ρ function is defined as follows:

ρ(u) =

{
1
2 u2 if |u| ≤ k
k(|u| − 1

2 k) if |u| > k
(2)

where k is a parameter, usually with a value of 1.345, which controls the smooth transition
of the loss function between the linear and quadratic parts.

To further validate the robustness of the regression results, we conducted diagnostic
checks focusing on observation weights and residual patterns. The weight distribution
confirmed that the robust fitting procedure effectively down-weighted a small number
of extreme observations, while the majority of data points retained full weights close to
1. This indicates that the model relied primarily on the bulk of the data rather than being
unduly influenced by outliers. The residual–fitted value analysis showed no systematic
patterns, suggesting that the robust regression successfully captured the main yield–factor
relationships without leaving a strong structure in the residuals. Together, these diagnostics
provide confidence in the fact that the robust regression model yields reliable and stable
predictions, which serve as the basis for linking yield estimation with the LCA.

2.3. Life Cycle Assessment (LCA)

Life cycle assessment (LCA) is a method to analyze the environmental performance of
products, for instance via product comparisons [27,28]. Agricultural LCA is defined as the
relationship between the input and output of all substances and energy associated with
agricultural production activities and the measurable environmental load, and it evaluates
the resource consumption, energy consumption, and the comprehensive impact on the
environment of agricultural production activities [29,30]. Agricultural LCA is accomplished
in four phases to ISO compliance: (i) goal and scope definition; (ii) life cycle inventory
analysis; (iii) life cycle impact assessment; (iv) life cycle interpretation. The study was
carried out according to the International Organization for Standardization (ISO 14040) and
the Society for Environmental Toxicology and Chemistry (SETAC) guidelines [31,32].

2.3.1. Goal and Scope Definition

The goal and scope definition of an LCA provides a description of the product system
in terms of the system boundaries and a functional unit. The system boundary for the
LCA was from cradle to farm gate and included the following two main subsystems: the
agricultural materials stage (MS), including raw materials exploration, processing and
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transportation of fossil fuels, farming-inputs production, packaging and transportation
of seeds, fertilizers, and pesticides, and the arable farming stage; and (FS), including
fertilizer application, pesticides application, and machinery (tillage, sowing, irrigation,
harvesting) (Figure 2). Co-products such as straw were excluded from the system boundary,
as the functional unit was based on the economic value of the primary products and the
inclusion of co-products would introduce allocation uncertainties without contributing to
the study’s goal.

Figure 2. A conceptual model showing the inputs, outputs, and system boundaries included in
the study.

2.3.2. Inventory Analysis

The agricultural inputs directly impact the resource consumption and waste emissions
of the agricultural production system, making them a crucial factor for conducting inven-
tory analysis. In this study, the functional unit (FU) used to analyze the environmental
impact of the production of CNY 1000 of grains, including both crops and alfalfa, is based
on the economic value of natural food production in farmland. Specifically, the standard
unit represents the economic value of the annual natural food yield of 1 ha of farmland.
The data of irrigation water consumption came from surveys conducted among farmers
and herdsmen. The average input quantities of fertilizer, pesticide, and other materials
were calculated according to the production cycle of field investigation, given that alfalfa is
a perennial forage crop. For energy analysis and evaluating the potential environmental
impact, including emissions such as CO, NOx, SO2, CH4, N2O, and CO2. All impacts were
quantitated in a functional unit and summarized into environmental effects or aggregated
into a comprehensive environmental index. The resource inputs and outputs for producing
CNY 1000 of crops and hay alfalfa are shown in Table 2.

Table 2. Inputs–outputs for a CNY 1000 crop system and alfalfa hay production system under
different scales.

Scale Crop Type Land Use
(ha)

N
(kg/ha/FU)

P2O5
(kg/ha/FU)

K2O
(kg/ha/FU)

Pesticide
(kg/ha/FU)

Irrigation
Water

(m3/ha/FU)

Diesel Fuel
(kg/ha/FU)

Farmer
Wheat

12.80 17.97 10.45 9.56 0.04 64.92 6.67
Enterprise 255.35 13.05 8.47 7.99 0.02 36.41 6.22

Farmer
Maize

12.87 14.88 12.97 11.62 0.04 60.85 7.36
Enterprise 240.24 9.20 6.12 5.92 0.03 20.95 6.08

Farmer
Alfalfa

40.92 12.79 10.38 8.78 0.03 24.98 8.76
Enterprise 486.23 8.33 9.94 9.69 0.03 23.40 7.27
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2.3.3. Life Cycle Impact Assessment

The life cycle impact assessment (LCIA) was sought to evaluate the amount and effect
of the potential environmental impacts of a product system [30] to further interpret the
LCI data. Characterization, normalization, and weighting are used in the assessment [33].
Demand for energy resources was determined according to Rebitzer et al. [16]. The impact
categories include: energy depletion (ED); land utilization (LU) and water consump-
tion (WD), which were based on the methodology developed by Wang et al. [17]; global
warming (GW), which was computed according to the CO2 equivalent factors from the
Intergovernmental Panel on Climate Change (IPCC, 2001) (CO2: 1, N2O: 310, CH4: 21, and
CO: 2) [34]; and acidification (AC), namely the impact of acidifying substances released into
ecosystems including ammonia and NOX. To calculate AC of the different trace gases, we
used SO2 equivalent factors (SO2: 1, NOx: 0.7, and NH3: 1.89). In addition, we considered
eutrophication (EP), namely the impacts of the losses of N and P to aquatic and terrestrial
ecosystems [30]. We used PO4

− equivalent factors (NOx: 0.1, NO3-N: 0.42, and NH3: 0.35)
for calculating the EP. All these impact categories can affect ecosystem quality, human
health, climate change, and resources as damage categories. In this study, the world per
capita environmental impact potentials in 1995 were used to normalize the environmental
impacts (Table 3) [35] and to calculate the environmental indices of the wheat–maize and
pasture production systems under different planting scales. In our study, an expert panel
was used for weight determination.

Table 3. Normalization values and weights for different impact categories.

Environmental Impact
Category Unit Reference Value Weight Emission and Equivalent

Coefficient

Energy depletion MJ/a 2,590,457 0.15
Land use m2 5423 0.12

Water depletion m3 8800 0.13
CO2 (1)

Global warming kg CO2 eq 6869 0.12 CO (2)
CH4 (21)

N2O (310)
SO2 (1)

Acidification kg SO2 eq 56.26 0.14 NOx (0.7)
NH3 (1.88)
NH3 (0.35)

Eutrophication kg PO4 eq 1.88 0.12 NO3-N (0.42)
NOx (0.1)

For energy analysis and to evaluate the potential environmental impact, the EP was
calculated as follows:

EP(j) = ∑ EP(j)i = ∑[Qi × EF(j)i] (3)

where EP(j) refers to the potential impact on jth environment; EP(j)i refers to the potential
impact of the i stress factor on the j environment; Qi refers to the emission of the i stress
factor; and EF(j)i refers to the equivalent coefficient of the i stress factor on the j potential
environmental impacts.

3. Results
3.1. Predicted Yield Values from Robust Regression

During the data processing phase, the agricultural product yields of different scales
into the value per hectare of land under unit value terms were converted. Nitrogen, phos-
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phorus, potassium, and precipitation were selected as independent variables, and then a
logarithmic transformation (log (x + 1)) was applied to reduce the impact of skewed distri-
butions on the model. Then, the transformed data were standardized through subtracting
the mean and dividing by the standard deviation for each variable, thereby eliminating
differences in scale between the variables, making them suitable for regression analysis.

To construct the regression model we initially fitted a robust regression model, cal-
culated the residuals, and identified and removed extreme outliers by setting a threshold
of three times the standard deviation of the residuals. After excluding these outliers, we
obtained a new dataset without extreme values in order to perform robust regression
again on the processed data to obtain the predicted values. After performing the robust
regression, the average predicted values were obtained. The average yields of wheat,
maize, and alfalfa for smallholder farmers were 19,497 CNY·ha−1, 24,407 CNY·ha−1, and
22,267 CNY·ha−1, respectively (Figure 3a,c,e). For enterprises, the corresponding values
were 21,385 CNY·ha−1, 26,412 CNY·ha−1, and 27,281 CNY·ha−1 (Figure 3b,d,f).

Figure 3. Robust regression results of output under different scales. Scatter plots of predicted vs.
actual yields for smallholder farmers (a,c,e) and enterprises (b,d,f). The blue dots represent the
production forecast points.

3.2. Resource Consumption

The energy depletion in the process of crop production and alfalfa production was
closely related to producing N, P2O5, K2O, and diesel, which mainly occurred in the stage
of raw material mining and agricultural materials production. Shown as Figure 4a, energy
depletion of farmers producing CNY 1000 of wheat, maize, and alfalfa was 2037.93, 1833.93,
and 1552.71 MJ, respectively, while that of enterprises producing CNY 1000 of wheat, maize,
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and alfalfa was 1517.22, 1083.15, and 1135.91 MJ, respectively. The energy depletion of
enterprises was 33% (wheat, maize) and 27% (alfalfa) lower than that of farmers.

Figure 4. Energy depletion (a), land utilization (b), and water consumption (c).

The land occupation area of different planting scales showed certain differences
(Figure 4b). The land use area of farmers producing CNY 1000 wheat, maize, and alfalfa
was 512.90, 409.72, and 449.10 m2, respectively, and that of enterprises was 467.62, 378.62,
and 366.56 m2. Enterprises used 8% less land to produce wheat and maize and 18% less
land to produce alfalfa, which demonstrated higher land use efficiency than farmers.

The water consumption of enterprises producing CNY 1000 of wheat and maize was
36.41 and 20.95 m3, which was 28.51 and 39.90 m3 more than that of farmers, respectively
(Figure 4c). Enterprises contained sufficient water sources and complete irrigation facilities
for crop irrigation, while only a small number of farmers irrigated due to the generally
high irrigation cost. The water consumption of enterprises and farmers producing CNY
1000 of alfalfa was similar, 23.40 and 24.98 m3, respectively.

3.3. Environmental Emissions

The equivalent coefficient method was used to calculate the global warming potential.
The greenhouse gas emissions generated by farmers producing CNY 1000 of wheat, maize,
and alfalfa were 1072.61, 1056.81, and 958.27 kg CO2 eq, respectively. The greenhouse gas
emissions of CNY 1000 wheat, maize, and alfalfa produced by enterprises were 847.17,
655.93, and 767.82 kg CO2 eq, respectively, and the total greenhouse gas emissions produced
by enterprises were 26% lower than that of farmers (Figure 5a).
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Figure 5. Global warming potential (a), acidification potential (b), and eutrophication potential (c).

The main pollutants leading to acidification were SO2, NH3, and NOx, which mainly
came from raw material mining, agricultural material production, and crop planting
processes. Shown as Figure 5b, the acidification potential of CNY 1000 of wheat, maize,
and alfalfa produced by farmers were 1009.15, 914.65, and 847.05 kg SO2 eq, and the
acidification potential of CNY 1000 of wheat, maize, and alfalfa produced by enterprises
were 776.94, 596.16, and 617.90 kg SO2 eq, respectively. The total acidification potential
produced by enterprises was 28% lower than that of farmers.

The main pollutants leading to acidification were PO4, Pto, NH3, NO3
−, and NOx.

The eutrophication potentials of CNY 1000 of wheat, maize, and alfalfa produced by
farmers were 67.11, 65.63, and 65.42 kg PO4 eq, respectively, while those of CNY 1000 of
wheat, maize, and alfalfa produced by enterprises were 54.77, 45.48, and 51.07 kg PO4 eq,
respectively (Figure 5c). The total eutrophication potential produced by enterprises was
24% lower than that of enterprises.

3.4. Characterization of Environmental Indices

The comprehensive environmental impact index of farmland and artificial grassland
systems after standardization is shown in Figure 6. The environmental impact index
of farmers and enterprises producing CNY 1000 of crops and alfalfa was 2.88 and 2.14,
respectively. The overall environmental impact was wheat > maize > alfalfa, and the
environmental impacts of farmland systems were 9% higher than that of artificial grassland
systems. The environmental effects of large-scale operation increased by 26% for alfalfa,
34% for maize, and 22% for wheat. In addition, the main environmental factors of both
agricultural systems and artificial grassland systems were eutrophication and acidification
under different planting scales.
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Figure 6. Life cycle environmental impact of wheat, maize, and alfalfa under farmers (a) and
enterprises (b) planting scales.

4. Discussion
4.1. Reasons for Differences in Resource Consumption and Environmental Effects

This study compares the environmental impacts of the two systems across different
planting scales by evaluating their resource consumption, emission of pollutants, and
contribution to external environmental effects. Agricultural nitrogen emissions are one of
the important sources of acidification and eutrophication, which have caused a significant
impact on the environment [36]. The use of chemical fertilizers in agricultural production
is also one of the main causes of soil acidification.

The amount of nitrogen deposited on the global land area exceeds 50 kg·ha−1 [37],
and nitrogen-induced soil acidification poses a serious threat to species diversity and the
function of ecosystems. Tian et al. [38] found that different nitrogen treatment methods
and forms led to differences in acidification degrees, and site conditions and environmental
factors such as soil organic matter content, nitrogen saturation, precipitation, and tempera-
ture might also affect the response of soil acidification to nitrogen addition. In traditional
intensive agricultural production areas such as the North China Plain, the amount of fer-
tilizer applied has far exceeded the actual nitrogen fertilizer demand level of crops [39].
Huang et al. [40] showed that most planting systems in the North China Plain applied more
nitrogen than other elements, and overapplication of nitrogen fertilizer not only failed to
improve crop yield but also led to a large amount of nitrogen and phosphorus entering the
freshwater system. It leads to the eutrophication of groundwater, rivers, lakes, and coastal
and marine ecosystems, which poses a serious threat to aquatic organisms, disrupts the
ecological balance of waters, and affects human health [40]. Large-scale agricultural irriga-
tion will aggravate the exploitation pressure of groundwater resources, and groundwater is
the main source of agricultural irrigation in the North China Plain, with it taking up more
than 60% of the total amount of groundwater exploitation.

Furthermore, the composition of greenhouse gas (GHG) emissions varied significantly
between farming scales, explaining the lower global warming potential (GWP) observed in
large-scale operations. As shown in Figure 5a, enterprise production reduced GWP per FU
by 26% compared to smallholder farming. This advantage primarily stems from reduced
nitrous oxide N2O emissions, which is a potent GHG generated from nitrogen fertilizer
application. Enterprise systems used 27.4–38.2% less nitrogen input per FU for wheat and
maize (Table 2), thereby minimizing nitrogen losses through denitrification. This efficiency
is not solely a matter of scale, but also reflects differences in managerial and technological
capacity: enterprises generally have better access to credit and information, higher levels
of mechanization, and the ability to adopt precision agriculture and professional training,
all of which enable more rational input use. In contrast, carbon dioxide emissions from
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diesel consumption differed minimally between scales, and methane emissions remained
negligible in these upland cropping systems. These findings highlight that improved
nitrogen management is key to GHG mitigation, and large-scale systems offer a more
effective framework for implementing such practices.

4.2. Similarities and Differences in Environmental Effects at Different Scales

A digital revolution in agriculture is underway, with digitization, automation, and
artificial intelligence providing new means of responding to social and environmental
crises [41]. In the study, we found that the production processes of different scales (farmers
and enterprises) have different impacts on the environmental effects. On the whole, the neg-
ative effect of farmers on the environment in production is significantly higher than that of
enterprises, while the crop yield is lower than that of enterprises. The fertilizer zero-growth
action in 2015 spurred agricultural green innovation, significantly increasing agricultural
green patents via market expansion and resource reallocation [42]. Entrepreneurial and
large-scale agricultural systems, due to their intensive production methods, are able to
use resources more efficiently and use advanced management strategies, significantly
reducing the environmental burden per unit of production while increasing production
efficiency [43].

The overuse of pesticides has outpaced the growth of agricultural yields and has had
a significant negative impact on the environment [44]. In terms of the use of fertilizers and
pesticides, results reflect that farmers have a certain amount of waste in the use of resources
or fail to make full use of technical measures to improve the efficiency of resource use,
which indicates some limitations in the production management of smallholder farmers.
Farmers generally face the problems of limited resources, backward information, and
technology conditions, so there is a phenomenon that farmers overuse agricultural resources
to ensure relatively high yields. In contrast, enterprises often have more information and
technical support and can use agricultural resources more economically and efficiently to
achieve higher yields. Our results support the effectiveness of these practices: enterprise
systems that combine mechanization, precision management, and training achieved lower
nitrogen inputs and GHG emissions per unit of output, demonstrating that the policy-
driven adoption of the best practices can translate into measurable environmental benefits.

Beyond the biophysical findings, recent policy initiatives in China provide a prac-
tical framework for reducing fertilizer dependency while maintaining productivity. For
instance, the green agriculture subsidy pilot program promoting organic fertilizer sub-
stitution for chemical fertilizers has been shown to reduce fertilizer application intensity
by approximately 7.5% at the county level, mainly through increased mechanization and
crop structure adjustments [45]. Comprehensive expansion of intensive agriculture and
effective reduction in pesticide use can be achieved through multi-level socio-political
interventions and broad stakeholder participation [46]. Through the assistance of the gov-
ernment and scientific research institutions, the innovative use of scientific research and
model simulation methods can help select appropriate production systems and modes in
intensive agriculture, achieving a win–win situation between environmental protection and
food production. However, smallholder farmers often lack access to technical support and
information to implement these practices fully. Therefore, policymakers and agricultural
extension services should not only provide financial incentives but should also strengthen
capacity building, promote mechanization and precision agriculture training, and improve
information dissemination to help smallholders achieve similar efficiency gains.
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4.3. Optimizing Management and Planting Mode

Reasonable crop rotation meets people’s demand for a diversified and balanced diet
and market demand, and farmers use land resources to ensure production and income.
The traditional winter wheat–summer maize rotation in the North China Plain accounts
for 70% of the region’s arable land and supplies about 23% of China’s total grain food [47].
The rotation system effectively reduces the occurrence of soil diseases and pests caused
by continuous cropping of a single crop, is conducive to soil health and productivity
maintenance, and increases the goal of planting and harvesting throughout the year through
rotation, reducing agricultural production risks. Yang et al. [47] showed that diversified
crop rotation could increase equivalent yield by 38%, reduce N2O emission by 39%, increase
greenhouse gas balance of the system by 88%, add alfalfa and other legumes to stimulate
soil microbial activity, increase soil organic carbon storage by 8%, and enhance soil health by
45%. Large-scale diversification of cropping systems in the North China Plain could increase
cereal yields by 32% and farmers’ incomes by 20%. Rational design and management of
the intercropping system between alfalfa and corn is expected to achieve more efficient use
of resources, reduce the dependence on chemical fertilizers and pesticides, and improve
the comprehensive benefit of agricultural production.

Different fertilization measures affect the yield and quality of crops. Nitrogen is one of
the key necessary nutrients for plant growth. Field management measures such as control-
ling nitrogen application amount and fertilization ratio and selecting nitrogen application
time and method reasonably can reduce nitrogen loss. Alfalfa and rhizosphere microor-
ganisms are symbiotic for nitrogen fixation, providing sufficient nitrogen sources for the
soil and thus reducing the demand for chemical fertilizers. Alfalfa plants also have disease-
resistant and pest-resistant properties, reducing the dependence on pesticides [48]. Alfalfa
is less dependent on external nitrogen additions than wheat and corn, thus reducing the risk
of soil acidification [49]. However, large-scale adoption of alfalfa involves trade-offs that
warrant careful consideration. As a perennial crop, alfalfa has significant water demands,
which could strain regional water resources in the North China Plain. Market volatility for
forage crops may affect economic stability for farmers if prices fluctuate. Therefore, while
alfalfa contributes to lower input use and soil health, its expansion should be balanced
with water resource management, market considerations, and food security priorities.

In addition, institutional measures have reinforced the importance of scaling up sus-
tainable practices. The implementation of high-standard farmland construction (HSFC)
policy has reduced fertilizer use per unit area by nearly 9%, largely by improving mech-
anization and encouraging large-scale operations [50]. These outcomes align with our
findings that enterprise-based systems achieve lower GHG emissions per functional unit.
Policy-driven improvements in farmland infrastructure and management can amplify
environmental benefits, but strategic planning is necessary when integrating perennial
forage crops like alfalfa into regional cropping systems.

4.4. The Limitations and Uncertainties of the Research Methods

The bias statistics are conducive to understanding the degree of deviation of simu-
lated data from observed data and evaluating the fit degree and prediction ability of the
model [51]. The agricultural production data in this study involves a vast area and complex
environment, and the information availability is limited by the respondents’ cognition level.
Therefore, the robust regression M-estimation method was chosen, which provides a sim-
pler model structure, easier to explain the parameter estimation process, and scientifically
fits the observed data to ensure the accuracy and reliability of the model. Based on the
available data and selected methods, the robust regression model reduces the influence of
extreme values but does not remove all uncertainties in the analysis. Residual variability
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remains due to the natural fluctuations in the data and complex relationships between
variables. Factors such as the choice of outlier removal threshold and unmeasured external
influences contribute to these limitations. Therefore, although robust regression offers more
stable predictions, the results still reflect some degree of variability that cannot be fully
resolved by the model.

In practical application, particularly at a regional scale, it is challenging to fully
eliminate human interference to accurately measure the economic value of food yield that
can be provided by farmland systems under natural conditions. Therefore, this study uses
the net profit from food production per unit area of farmland system ecosystems as the FU
to indicate their ecological service potential. Furthermore, the economic value accounting
in this study largely focused on independent resources, such as crop yields, but it may
have overlooked the critical ecological processes that support these economic activities.
The contributions of both biotic and abiotic ecosystem services to economic activities, as
well as the reciprocal effects of economic growth on service provision, are often difficult to
quantify accurately. Moreover, when applying the economic functional unit (CNY 1000 of
production), potential temporal inconsistencies in monetary value should be acknowledged.
In this study, all monetary data were based on 2023 price levels, without further inflation
adjustment across years. While this approach ensures internal consistency for the current
assessment, it may limit comparability with datasets from other time periods. Future
research is encouraged to normalize all monetary data to a constant price level (e.g., a
specific base year) to enhance the validity of cross-year comparisons and reduce uncertainty
associated with changes in purchasing power. To date, there have been few comprehensive
attempts, from either a theoretical or practical standpoint, to incorporate these ecological
contributions into economic value accounting in a holistic way. The existing frameworks
tend to separate economic activities from their ecological underpinnings, ignoring the
interconnection between ecosystem functions and economic outcomes. Future research
should therefore incorporate regional and temporal effects and employ advanced methods
such as cluster analysis or mixed-effects models to better capture the complete distribution
characteristics among farms. At the same time, efforts should be made to develop integrated
valuation frameworks that incorporate both ecological processes and economic outputs, so
as to provide a more comprehensive reflection of the true environmental performance of
agricultural systems.

5. Conclusions
In this study, the planting scales of farmland and alfalfa grassland systems represented

by wheat, maize, and alfalfa were analyzed in the whole life cycle, and the differences in
the environmental impacts of the two ecosystems were compared to determine the main
influencing factors in the production process. In conclusion, the overall environmental
impact was wheat > maize > alfalfa, and the environmental impact of farmland systems
was 9% higher than that of alfalfa grassland systems. Compared to large-scale cultivation,
smallholder farming resulted in 26%, 34%, and 22% higher environmental impact indicators
for alfalfa, maize, and wheat, respectively. In addition, for the two ecosystems with a high
degree of artificial intervention, the main factors causing their environmental impacts were
acidification and eutrophication, but production by enterprises was less environmentally
stressful than production by farmers. In industrial restructuring, the economic and envi-
ronmental benefits of different planting scales should be dynamically balanced, while a life
cycle assessment method and database suitable for Chinese agricultural production should
be established to provide a scientific basis for industrial optimization and policy-making.
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Nomenclature

LCA Life Cycle Assessment
LCI Life Cycle Inventory
LCIA Life Cycle Impact Assessment
FU Functional Unit
GY Grain Yield
MS Material Stage
FS Farming Stage
ED Energy Depletion
LU Land Utilization
WC Water Consumption
GW Global Warming (kg CO2 eq)
AC Acidification (kg SO2 eq)
EP Eutrophication (kg PO4 eq)
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