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Abstract 

Agricultural digitalization could help reconcile farm-income growth with emissions reduction, but evidence on how the depth of 

smart-technology application shapes these outcomes among smallholders remains limited. Using field-survey data from 243 

wheat-growing households in Neihuang, Lintong and Lingwu along China’s Yellow River, we construct a smart agricultural 

technology application-intensity index covering planting, irrigation and fertilization, crop protection and harvesting. We combine 

regression analysis with a coupling-coordination model to examine effects on per-mu net income and carbon emissions, and to 

assess the moderating roles of farmer education and green planting practices. Greater technology application is associated with 

higher per-mu net income and lower per-mu carbon emissions: the estimated coefficients are 0.0341 and −0.0979, respectively. 

Farmer education strengthens the income effect, whereas green planting practices weaken it in the short term. Overall, the 

coupling between emissions reduction and income growth is at an intermediate level, with coordination highest in Lintong, 

followed by Neihuang and Lingwu. These findings indicate that smart agriculture generates economic and environmental benefits 

when technology depth is supported by human capital, technical services and market institutions. Policies that integrate digital-

skills training, production-stage services, green incentives and agricultural value-chain development could improve the 

alignment between farmer prosperity and low-carbon agricultural transformation. 
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1. Introduction 

1.1. Research Background and Problem 

Statement 

Agricultural production underpins food security and rural 

livelihoods, but it is also a major source of land and water use 

and greenhouse gas emissions. The Intergovernmental Panel 

on Climate Change emphasizes that agricultural emissions re-

duction requires attention to both the production of agricul-

tural inputs and field-level operations. The Food and Agricul-

ture Organization of the United Nations further stresses that 

automation, digitalization and intelligent technologies can im-

prove resource-allocation efficiency only when they are em-

bedded in farmers’ production decisions. These policy priori-

ties are reflected in [1, 2]. Recent studies indicate that agricul-

tural digitalization can raise productivity and resilience while 
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reducing environmental footprints; however, these effects de-

pend on complementary conditions, including infrastructure, 

service organizations, market access and farmers’ capabilities 

[3-5]. Against the backdrop of China’s carbon-peaking and 

carbon-neutrality goals and the rural revitalization strategy, 

shifting agricultural production from input-driven growth to-

ward the coordinated use of digital and green technologies has 

become an important policy direction for strengthening agri-

cultural resilience, increasing farmers’ incomes and reducing 

agricultural emissions. The Implementation Plan for Agricul-

tural and Rural Emissions Reduction and Carbon Sequestra-

tion identifies reductions in fertilizer and pesticide use, en-

ergy-efficient agricultural machinery and comprehensive 

straw utilization as key tasks [1]. The National Smart Agricul-

ture Action Plan (2024-2028) calls for the accelerated appli-

cation of artificial intelligence, the Internet of Things, remote 

sensing and BeiDou navigation technologies throughout the 

production chain, including planting, crop management and 

harvesting [2]. 

Smart agricultural technologies are characterized by data 

sensing, intelligent decision-making and precision operations. 

By identifying variations in soil, crops and weather conditions, 

these technologies can optimize planting, irrigation and ferti-

lization, crop protection and harvesting, thereby reducing in-

formation asymmetry, inefficient input use and redundant op-

erations. Finger [4] and MacPherson et al. [5] show that digital 

innovations have the potential to increase productivity per unit 

of land, reduce input intensity, improve risk management and 

strengthen agricultural resilience. These benefits, however, 

depend on continued technology use, farmers’ learning capa-

bilities and the coordination of service and market systems. 

Papadopoulos et al. [6] further demonstrate that digital agri-

cultural technologies can simultaneously improve crop yields, 

farm profitability and environmental performance, whereas 

Khanna et al. [7] find that the returns to adopting artificial-

intelligence-based technologies are closely associated with 

learning costs, initial investment, risk perceptions and farm 

size. Compared with a binary measure of whether a single 

technology has been adopted, an application-intensity meas-

ure covering planting, irrigation and fertilization, crop protec-

tion and harvesting better captures the depth of technological 

integration into agricultural production. It therefore enables a 

more precise assessment of how technology intensification af-

fects farmers’ economic and environmental performance. 

1.2. Literature Review 

Existing studies have mainly focused on three aspects. First, 

research on the income effects of smart agriculture, digital ag-

riculture and precision agriculture generally argues that data 

access, intelligent decision-making and precision operations 

can reduce search and transaction costs, improve input com-

binations and increase labor productivity [4, 8, 9]. Evidence 

from Chinese family farms and farm households shows that 

the adoption of new agricultural technologies, digital rural de-

velopment and digital technology applications can increase 

farmers’ incomes by improving production efficiency, ex-

panding market channels and facilitating factor mobility [10-

12]. However, the returns to digital technologies are highly 

conditional. Farm size, technical services, market access, dig-

ital skills and human capital all influence whether technolog-

ical adoption can be translated into higher net income [7, 13, 

14]. 

Second, studies have examined the environmental effects of 

agricultural technologies. Precision fertilization, variable-rate 

irrigation, pest and disease monitoring and intelligent agricul-

tural machinery can reduce excessive use of fertilizers, pesti-

cides, fuel and irrigation water, thereby lowering agricultural 

carbon emissions and non-point-source pollution [6, 15]. 

Studies in China further show that digital agriculture can re-

duce carbon emissions by optimizing resource allocation, im-

proving ecological efficiency and curbing excessive fertilizer 

and pesticide use. These effects are also subject to contextual 

conditions, including the level of regional development. Third, 

the literature has addressed the green transformation of agri-

culture. Existing studies emphasize that the long-term ecolog-

ical benefits of green production must be supported by com-

binations of green technologies, specialized agricultural ser-

vices, product premiums and ecological compensation mech-

anisms [3, 16]. Education, risk perceptions, access to credit 

and labor allocation also affect the adoption and performance 

of green technologies. In addition, a higher degree of green 

production technology adoption can increase farmers’ sales 

revenues, but the realization of these benefits depends on 

whether gains in output and prices are sufficient to offset the 

associated upfront costs. 

Although existing studies provide an important basis for un-

derstanding the roles of digital and green technologies, three 

gaps remain. First, few studies construct a continuous, farm-

household-level measure of technology application intensity 

across planting, irrigation and fertilization, crop protection 

and harvesting. Existing research on small-scale farms has fo-

cused mainly on adoption sequences and determinants, with 

limited attention to the performance consequences of multi-

stage technology intensification [13]. Second, the literature 

has paid insufficient attention to the joint relationship between 

technology application, farmer income and carbon emissions, 

as well as to their coordination. Although global meta-analysis 

has begun to evaluate the economic and environmental bene-

fits of precision agriculture simultaneously, the micro-level 

coordination mechanism among smallholders in the Yellow 

River Basin remains unclear. Third, the mechanisms through 

which human capital strengthens technology returns and green 

transition generates short-term cost constraints have not been 

tested within a unified framework. To address these gaps, this 

study uses survey data from 243 wheat-growing households 

in three representative counties along the Yellow River, con-

structs an index of smart agricultural technology application 

intensity, examines per-mu net income and per-mu carbon 
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emissions as dual outcomes, tests the moderating roles of 

farmer education and green planting practices, and measures 

the coupling coordination between emissions reduction and 

income growth. The overall research framework is shown in 

Figure 1. 

1.3. Research Hypotheses 

Smart agricultural technologies improve the observability 

of production conditions through sensors, remote sensing and 

intelligent decision systems. They enable the precise alloca-

tion of seeds, water, fertilizers and machinery, thereby reduc-

ing excessive inputs and redundant operations. Precision ap-

plication can lower costs and improve yields and profitability 

[6, 15]. Evidence from China also shows that the adoption of 

new technologies increases family-farm income [12], while 

digital technologies promote income growth through effi-

ciency gains, expanded market channels and factor mobility 

[11, 12]. Accordingly, deeper technology application should 

increase per-mu net income through higher yields, improved 

quality, lower costs and reduced production risks. We there-

fore propose Hypothesis H1: Greater application intensity of 

smart agricultural technologies significantly increases farmers’ 

per-mu net income. 

Smart agricultural technologies reduce emissions by pre-

cisely adjusting input use and field operations. Variable-rate 

fertilization and pest monitoring reduce excessive fertilizer 

and pesticide application, whereas water-saving irrigation and 

intelligent machinery scheduling reduce energy consumption 

and redundant operations. Finger et al. [15] and Papadopoulos 

et al. [6] show that precision agriculture and digital technolo-

gies can reduce the use of agricultural chemicals and fuel. 

Studies in China also indicate that digital agriculture promotes 

carbon reduction through more efficient resource allocation 

[16], while technology combinations can reduce greenhouse 

gas emissions without compromising productivity [5]. We 

therefore propose Hypothesis H2: Greater application inten-

sity of smart agricultural technologies significantly reduces 

farmers’ per-mu carbon emissions. 

Smart agricultural technologies are knowledge-intensive 

and strongly dependent on learning. Farmers with higher lev-

els of education generally have stronger information-acquisi-

tion and learning capabilities, allowing them to master digital 

technologies more quickly and translate them into production 

decisions. Khanna et al. [7], Cheng et al. [14] and Ma et al. 

[12] identify learning costs, digital skills and factor mobility 

as important constraints on the realization of technological re-

turns. Thus, higher education is expected to release a larger 

share of the marginal benefits associated with smart agricul-

tural technology application. We therefore propose Hypothe-

sis H3: Farmer education positively moderates the income ef-

fect of smart agricultural technology application intensity. 

Green planting practices can improve soil quality, reduce 

pollution and strengthen long-term ecological performance, 

but their economic returns are often delayed and highly de-

pendent on market conditions. During the early stage of tech-

nological transition, measures such as organic fertilizer sub-

stitution and biological pest control may increase costs and 

generate short-term yield fluctuations. When price premiums, 

ecological compensation and stable marketing channels are 

unavailable, ecological benefits are difficult to convert into 

cash income. Research on sustainable intensification empha-

sizes that services, markets and policy mechanisms are needed 

to reconcile long-term environmental benefits with short-term 

economic costs [3]. We therefore propose Hypothesis H4: 

Green planting practices negatively moderate the short-term 

income effect of smart agricultural technology application in-

tensity. 

 
Figure 1. Research framework linking the smart agricultural tech-

nology application-intensity index to income, emissions and cou-

pling-coordination outcomes. 

2. Research Design 

2.1. Model Specification 

To examine the effects of smart agricultural technology ap-

plication intensity on farmers’ net income and carbon emis-

sions, we specify the following baseline regression model: 
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where iProfit denotes farmers’ per-mu net income;
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iTotalCarbon denotes farmers’ per-mu total carbon emissions;

iSmartTech is the core explanatory variable measuring smart 

agricultural technology application intensity; 0 0  is the vec-

tor of coefficients for the control variables; 1 1  is the random 

disturbance term. 

To examine whether farmer education and green planting 

practices moderate the income effect of different levels of 

smart agricultural technology application, we introduce inter-

action terms into the baseline model and specify the following 

moderation model: 

 
0 1 2

3

i i i

i i k ik i

Profit SmartTech M

SmartTech M Control

  

  

  

   
     (2) 

where iM denotes the moderator, including farmer educa-

tion (EduLevel) and green planting characteristics (GCB);

i iSmartTech M denotes the interaction term; 3 is the coeffi-

cient of the interaction term. A statistically significant coeffi-

cient indicates a moderating effect. 

2.2. Variable Selection 

2.2.1. Dependent Variables 

The dependent variables are farmers’ per-mu net income 

(Profit) and per-mu carbon emissions (TotalCarbon), which 

capture the economic and environmental effects of different 

levels of smart agricultural technology application. 

1) Per-mu net income (Profit). This variable is measured as 

the net profit from wheat cultivation per mu. It is calcu-

lated as gross output value per mu minus expenditures 

on agricultural inputs, labor, machinery and land rent, 

and captures the actual economic returns to technology 

application. 

2) Per-mu carbon emissions (TotalCarbon). We calculate 

per-mu carbon emissions using a life-cycle assessment 

approach. Emission factors for each production stage are 

drawn from the IPCC Guidelines for National Green-

house Gas Inventories and the Ecoinvent database. Car-

bon sources include agricultural inputs, energy use by 

machinery and irrigation, and CO2, CH4 and N2O emis-

sions induced by nitrogen fertilizer application. All 

emissions are converted into t CO2-eq using global 

warming potentials. 

2.2.2. Core Explanatory Variable 

The core explanatory variable is smart agricultural technol-

ogy application intensity (SmartTech). we select per-mu ex-

penditures in four production stages, namely planting, irriga-

tion and fertilization, crop protection and harvesting. Objec-

tive entropy weights are then used to construct an index of 

smart agricultural technology application intensity. 

For each positive indicator, we apply min-max normaliza-

tion, calculate its proportion and entropy value, and then de-

rive the corresponding weight: 

   min / max minij ij j j jx x x x x           (3) 
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      (4) 

The composite index is defined as follows: 

i j ij

j

SmartTech w x          (5) 

The estimated weights for the four production stages are re-

ported in Table 1 and visualized in Figure 2. A higher value 

indicates greater input intensity in smart agricultural technol-

ogies and deeper technology application. 

Table 1. Entropy weights for the smart agricultural technology ap-

plication-intensity index. 

Basic indicators Indicator type Entropy weight 

SowCost Positive 0.1601 

FertIrrigCost Positive 0.1131 

ProtCost Positive 0.3270 

HarvCost Positive 0.3999 

 
Figure 2. Entropy weights of the four production-stage indicators: 

harvesting and crop protection dominate the application-intensity in-

dex. 

2.2.3. Moderating Variables 

To examine heterogeneity in the income effect of smart ag-

ricultural technology application intensity, we introduce 
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farmer education (EduLevel) and green planting characteris-

tics (GCB) as moderating variables. 

1) Farmer education (EduLevel). Education is measured 

using an ordinal scale: primary school or below, junior 

secondary school, senior secondary school or technical 

secondary school, and college or above are assigned val-

ues of 1-4, respectively. 

2) Green planting characteristics (GCB). This variable is 

constructed by counting the number of green production 

practices adopted by each household, including straw in-

corporation, organic fertilizer substitution and biological 

pesticides. It ranges from 0 to 5 and captures farmers’ 

ecological preferences in production, which constitute 

an important contextual factor shaping the coordination 

between the environmental and economic effects of 

technology application. 

2.2.4. Control Variables 

To reduce omitted-variable bias, we control for three 

groups of factors: (1) village characteristics, represented by 

agricultural infrastructure conditions (InfraRate); (2) house-

hold characteristics, represented by farmer age (Age) and 

wheat-planting area (WheatArea); and (3) the production and 

market environment, represented by historical labor costs (La-

borCost), historical agricultural input costs (CultCost), land 

rent (LandRent), historical yield per mu (Yield) and selling 

price (Price). Historical labor and input costs are measured as 

the average per-mu values over the previous three years to 

capture factor-cost constraints and mitigate potential endoge-

neity. 

2.3. Data Sources and Descriptive Statistics 

2.3.1. Data Sources 

The data come from a field survey of farmers’ smart agri-

cultural technology use conducted in representative counties 

along the upper, middle and lower reaches of the Yellow River. 

Considering regional differences in agricultural resource en-

dowments, economic development and the diffusion stage of 

smart agricultural technologies, we selected Neihuang in He-

nan Province, Lintong in Shaanxi Province and Lingwu in 

Ningxia. After excluding questionnaires with key missing in-

formation or clear logical inconsistencies, we retained 243 

valid observations. 

2.3.2. Descriptive Statistics 

we divide the full sample into a partial-adoption group and 

a full-adoption group. As shown in Table 2, the full-adoption 

group has lower mean per-mu carbon emissions than the par-

tial-adoption group (0.7081 versus 0.7415), providing prelim-

inary evidence that deeper technology application is associ-

ated with emissions reduction. By contrast, mean net income 

is slightly higher in the partial-adoption group (0.2982), and 

both groups contain negative minimum values, indicating sub-

stantial market and natural risks in agricultural operations. 

The full-adoption group has significantly larger wheat-plant-

ing areas and higher land rents, suggesting that scale of oper-

ation is an important driver of deeper technology adoption. 

Table 2. Descriptive statistics of the main variables by adoption level. 

Group VarName Obs Mean SD Min P25 Median P75 Max 

Partial 

adoption 

TotalCarbon 91 0.7415 0.155 0.4111 0.6243 0.7373 0.8452 1.1565 

Profit 91 0.2982 0.3311 -0.44 0.0157 0.301 0.5618 0.842 

WheatArea 91 257.5165 399.1582 4 12 40 502.5 1475 

CultCost 91 1.0469 0.2361 0.606 0.89 1.115 1.1975 1.566 

LandRent 91 0.3436 0.2294 0 0 0.41 0.45 0.85 

Yield 91 483.4615 103.7269 280 405 470 555 750 

GCB 91 3.1538 0.9991 1 2 3 4 5 

EduLevel 91 1.7912 0.753 1 1 2 2 3 

Full adop-

tion 

TotalCarbon 152 0.7081 0.1603 0.3468 0.6021 0.6934 0.8139 1.1289 

Profit 152 0.2533 0.2961 -0.3405 0.0542 0.2182 0.4769 0.965 

WheatArea 152 324.7105 462.1705 4 18 42.5 695 1470 

CultCost 152 1.0682 0.2527 0.525 1.015 1.09 1.1712 1.742 

LandRent 152 0.4013 0.2469 0 0.36 0.425 0.4925 1 

Yield 152 479.5066 85.695 320 410 460 545 715 
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Group VarName Obs Mean SD Min P25 Median P75 Max 

GCB 152 3.2303 0.8875 1 3 3 4 5 

EduLevel 152 1.8224 0.7643 1 1 2 2 3 

 

3. Empirical Results 

3.1. Effects of Smart Agricultural Technology 

Application Intensity on Farmers’ Net 

Income and Carbon Emissions 

Table 3 reports the baseline regression results for the effects 

of smart agricultural technology application intensity on farm-

ers’ net income and carbon emissions. Columns (1) and (2) 

use farmers’ net income (Profit) and per-mu total carbon emis-

sions (TotalCarbon) as the dependent variables, respectively. 

For the income effect, Column (1) shows that the coeffi-

cient on smart agricultural technology application intensity 

(SmartTech) is 0.0341 and statistically significant at the 5% 

level. Holding other conditions constant, a one-unit increase 

in SmartTech significantly increases farmers’ per-mu net in-

come by 0.0341 units. Among the control variables, labor 

costs (LaborCost) and agricultural input costs (CultCost) have 

significantly negative effects on net income, consistent with 

the basic relationship between production costs and returns. 

Historical wheat yield per mu (Yield) and selling price (Price) 

have significantly positive coefficients, confirming that higher 

yields and price premiums remain the central drivers of farmer 

income growth. 

For the emissions effect, Column (2) shows that the coeffi-

cient on SmartTech is −0.0979 and statistically significant at 

the 1% level. A one-unit increase in smart agricultural tech-

nology application intensity therefore reduces per-mu carbon 

emissions by 0.0979 units, indicating a significant emissions-

reduction effect. Labor costs (LaborCost) have a significantly 

positive association with carbon emissions, suggesting that 

greater labor input is accompanied by more machinery opera-

tions or agricultural input use. The coefficient on green plant-

ing characteristics (GCB) is −0.0798 and significant at the 1% 

level, indicating that green production practices help reduce 

carbon emissions. Together, Columns (1) and (2) show that 

the diffusion of smart agricultural technologies in the sampled 

counties along the Yellow River initially achieves both in-

come growth and emissions reduction, supporting H1 and H2. 

Figure 3 summarizes these two baseline effects with their 95% 

confidence intervals. 

Table 3. Smart agricultural technology application intensity, carbon emissions and farmer income: baseline regressions. 

 (1) Profit (2) TotalCarbon 

SmartTech 0.0341** -0.0979*** 

 (2.5261) (-2.6749) 

Age 0.0007 -0.0044** 

 (0.8889) (-2.0372) 

WheatArea 0.0000 0.0000 

 (0.5506) (1.2608) 

InfraRate -0.0014 0.0108 

 (-0.4539) (1.2785) 

LaborCost -1.7973*** 2.6364*** 

 (-7.0598) (3.8230) 

CultCost -0.8386*** -0.1269 

 (-16.4275) (-0.9177) 

LandRent -0.1627*** 0.1471 

 (-3.1537) (1.0529) 
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 (1) Profit (2) TotalCarbon 

Yield 0.0022*** 0.0001 

 (54.0246) (1.3512) 

Price 0.4985*** -0.0238 

 (31.9471) (-0.5634) 

GCB -0.0448*** -0.0798*** 

 (-10.1154) (-6.6565) 

Constant -0.8405*** 1.0331*** 

 (-12.3832) (5.6193) 

N 243 243 

Adjusted R2 0.971 0.187 

Note: t-statistics are reported in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 

 
Figure 3. Baseline effects of SmartTech on per-mu net income and 

per-mu carbon emissions with 95% confidence intervals. 

3.2. Smart Agricultural Technology Intensity, 

Farmers’ Net Income, and Moderation by 

Education and Green Planting 

The baseline results confirm that deeper smart agricultural 

technology application significantly increases farmers’ net in-

come. However, its marginal effect may depend on farmers’ 

human-capital endowments and production choices. We 

therefore introduce farmer education and green planting char-

acteristics as moderating variables. Table 4 reports their mod-

erating effects on the relationship between smart agricultural 

technology application intensity and farmer income, and Fig-

ure 4 plots the implied marginal income effects across moder-

ator values. 

Column (2) shows that the interaction between farmer edu-

cation and smart agricultural technology application intensity 

(inter_Edu) is 0.0218 and statistically significant at the 5% 

level. This result indicates that farmer education positively 

moderates the income effect of smart agricultural technology 

application intensity. More highly educated farmers are better 

able to understand and use smart agricultural technologies and 

to convert them into productive inputs, making the income 

gains from deeper technology application more pronounced. 

The significantly positive main effect of EduLevel in Column 

(5) further confirms the role of human capital in converting 

technology application into economic returns. 

Column (3) shows that the interaction between green plant-

ing characteristics and smart agricultural technology applica-

tion intensity (inter_GCB) is −0.0574 and statistically signifi-

cant at the 1% level. This result indicates that green planting 

characteristics suppress the income effect of deeper smart ag-

ricultural technology application. One possible explanation is 

that green planting often entails stronger environmental con-

straints, which may increase production costs or limit short-

term scope for yield gains, thereby offsetting part of the eco-

nomic returns to deeper technology application. The signifi-

cantly negative main effect of GCB in Column (4) further sug-

gests that, under the current agricultural development model, 

green planting and smart agricultural technologies have not 

yet formed a mutually reinforcing combination for farmer in-

come growth. In the short term, green production may there-

fore crowd out part of farmers’ net income. The results sup-

port H3 and H4. 
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Table 4. Smart agricultural technology application intensity and net income: moderating effects of farmer education and green planting char-

acteristics. 

 (1) Profit (2) Profit (3) Profit (4) Profit (5) Profit 

SmartTech 0.0548*** 0.0097 0.2202*** 0.0341** 0.0477*** 

 (3.4248) (0.3605) (9.1235) (2.5261) (3.0005) 

inter_Edu  0.0218**    

  (2.0855)    

inter_GCB   -0.0574***   

   (-8.4232)   

GCB    -0.0448***  

    (-10.1154)  

EduLevel     0.0229*** 

     (3.0434) 

Age 0.0004 0.0004 0.0005 0.0007 0.0001 

 (0.4665) (0.3863) (0.6479) (0.8889) (0.1497) 

WheatArea 0.0000 0.0000 0.0000 0.0000 0.0000 

 (0.7971) (0.8455) (0.9562) (0.5506) (0.8550) 

InfraRate 0.0012 0.0022 -0.0003 -0.0014 0.0029 

 (0.3328) (0.5760) (-0.1033) (-0.4539) (0.7814) 

LaborCost -2.7119*** -2.6041*** -1.9432*** -1.7973*** -2.5364*** 

 (-9.5127) (-9.0505) (-7.3013) (-7.0598) (-8.8677) 

CultCost -0.7213*** -0.6996*** -0.8437*** -0.8386*** -0.6934*** 

 (-12.1131) (-11.6517) (-15.5640) (-16.4275) (-11.7055) 

LandRent -0.2914*** -0.2884*** -0.1652*** -0.1627*** -0.2782*** 

 (-4.8658) (-4.8484) (-3.0244) (-3.1537) (-4.7146) 

Yield 0.0021*** 0.0021*** 0.0022*** 0.0022*** 0.0021*** 

 (44.3529) (40.5694) (51.1540) (54.0246) (39.4665) 

Price 0.5252*** 0.5125*** 0.5014*** 0.4985*** 0.5057*** 

 (28.5097) (26.5699) (30.5717) (31.9471) (26.3285) 

Constant -1.0327*** -1.0105*** -0.9621*** -0.8405*** -1.0293*** 

 (-13.2314) (-12.9184) (-13.9514) (-12.3832) (-13.4185) 

N 243 243 243 243 243 

Adjusted R2 0.958 0.959 0.968 0.971 0.960 

Note: t-statistics are reported in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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Figure 4. Marginal income effects of SmartTech by moderator: (a) 

farmer education strengthens the effect; (b) green planting practices 

offset it beyond GCB ≈ 3.8. 

4. Extended Analysis 

To further examine the synergies between smart agricul-

tural technology application, carbon reduction and farmer in-

come, we construct a coupling-coordination model with two 

subsystems. 

4.1. Indicator System and Measurement 

Method 

This study focuses on the dual effects of smart agricultural 

technology application on carbon emissions and farmer in-

come. We define two subsystems: U1, the carbon-emissions 

subsystem, and U2, the farmer-income subsystem. U1 in-

cludes four indicators, namely SowCarbon, FertIrrigCarbon, 

ProtCarbon and HarvCarbon; U2 includes Yield and Price. 

We use min-max normalization to remove differences in scale, 

apply the entropy-weight method within each subsystem, and 

then adopt the coupling-coordination model: 
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           (6) 

The coordination levels are classified as follows: 0.4-0.5 in-

dicates near disorder, 0.5-0.6 barely coordinated, 0.6-0.7 pri-

mary coordination, 0.7-0.8 intermediate coordination and 0.8-

0.9 good coordination. 

 

 

4.2. Empirical Results and Analysis 

4.2.1. Subsystem Weights and Development Levels 

The entropy-weight results in Table 5 show that crop-pro-

tection carbon emissions have the highest weight in the U1 

carbon-emissions subsystem (0.3629), identifying crop pro-

tection as a key node for reducing carbon emissions in wheat 

production. In the U2 farmer-income subsystem, yield per mu 

has a substantially higher weight than selling price (0.5687 

versus 0.4313), indicating that yield improvement remains the 

main driver of farmer income at the current stage. 

Table 5. Entropy weights of indicators in the two subsystems. 

Subsystem Indicator Direction Weight 

U₁ Carbon-

emissions 

subsystem 

SowCarbon Negative 0.1137 

 FertIrrigCarbon Negative 0.2495 

 ProtCarbon Negative 0.3629 

 HarvCarbon Negative 0.2738 

U₂ Farmer-income 

subsystem 
Yield Positive 0.5687 

 Price Positive 0.4313 

Note: Weights are calculated within each subsystem, and the weights 

within each subsystem sum to 1. 

4.2.2. Spatial Heterogeneity at the County Level 

Across counties, the coupling-coordination degree follows 

the gradient Lintong (0.7652) > Neihuang (0.7340) > Lingwu 

(0.7214) (Table 6). Figure 5 presents the subsystem develop-

ment levels and the corresponding coordination degrees. This 

pattern is broadly consistent with differences in location, re-

source endowments and the penetration of smart agricultural 

technologies across the upper, middle and lower reaches of the 

Yellow River. 

Lintong exhibits a favorable pattern of intermediate emis-

sions and high income. Its farmer-income subsystem has the 

highest score among the three counties, indicating that smart 

agricultural technologies are particularly effective in increas-

ing yields and securing market premiums, thereby offsetting 

the county’s intermediate emissions performance. Neihuang 

shows a low-emissions and intermediate-income pattern. Alt-

hough its carbon emissions are the lowest, its farmer-income 

subsystem score is only 0.4729, suggesting that environmental 

benefits have not yet been fully converted into economic re-

turns, possibly because of limited marketing channels and 

short agricultural value chains. Lingwu faces the dual disad-
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vantage of high emissions and low income, and its overall de-

velopment level is the main bottleneck limiting coordination. 

These results indicate that technology promotion cannot rely 

on isolated investments in individual production stages; it 

must be matched with market-oriented and industrial-support-

ing conditions. 

Table 6. County-level coupling-coordination degree at the farm-household level. 

County U₁ Carbon emissions U₂ Farmer income C T D 

Neihuang 0.6546 0.4729 0.9598 0.5637 0.7340 

Lintong 0.6431 0.5447 0.9894 0.5939 0.7652 

Lingwu 0.5782 0.4723 0.9925 0.5253 0.7214 

Note: Values are arithmetic means of farm-household-level estimates within each county. 

 
Figure 5. County-level coupling coordination: (a) subsystem devel-

opment levels; (b) coordination degrees, all at the intermediate level. 

4.2.3. Distribution of Coordination Levels across 

Farm Households 

At the farm-household level, coordination levels display a 

spindle-shaped distribution, with intermediate coordination 

predominating. The share of households at the intermediate or 

higher coordination levels reaches 81.48%, and no household 

falls into the severe-disorder category. This pattern suggests 

that smart agricultural technologies have initially generated a 

favorable interaction between emissions reduction and income 

growth for most sampled households (Tables 7 and 8; Figure 

6). 

The county-level distribution reveals further heterogeneity. 

The share of households at the intermediate or higher coordi-

nation levels reaches 89.53% in Lintong, clearly exceeding the 

shares in Neihuang and Lingwu. Supported by stronger indus-

trial foundations, Lintong has achieved deeper integration be-

tween emissions reduction and income growth through smart 

agricultural technologies. Lingwu still needs to address bottle-

necks in technology diffusion and market connectivity. 

Table 7. Distribution of coupling-coordination levels among sampled 

farm households. 

Coordination level Frequency Percent (%) 

Near disorder (0.4-0.5) 2 0.82 

Barely coordinated (0.5-0.6) 6 2.47 

Primary coordination (0.6-0.7) 37 15.23 

Intermediate coordination (0.7-

0.8) 
162 66.67 

Good coordination (0.8-0.9) 36 14.81 

Total 243 100.00 

Note: No sampled households fall into the severe-disorder or high-

quality-coordination categories. 

 
Figure 6. Distribution of coupling-coordination levels across coun-

ties; shares at intermediate coordination or higher are marked on 

the right. 
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Table 8. County-level distribution of coupling-coordination levels. 

Coordination level Neihuang Lintong Lingwu Total 

Near disorder 2 0 0 2 

Barely coordinated 5 1 0 6 

Primary coordination 15 8 14 37 

Intermediate coordi-

nation 
60 58 44 162 

Good coordination 17 19 0 36 

Total 99 86 58 243 

5. Conclusions and Policy Implications 

Based on survey data from 243 wheat households in three 

Yellow River counties, we construct a four-stage smart agri-

cultural technology application index covering planting, irri-

gation-fertilization, pest control and harvesting, and examine 

its effects on per-mu net income, carbon emissions and the 

coupling coordination of income growth and emission reduc-

tion. We find that higher technology application boosts in-

come and reduces emissions. Farmer education enhances the 

income effect, while green planting characteristics suppress it 

due to short-term transition costs. Coupling coordination is 

moderate overall but varies sharply across counties. Smart ag-

riculture benefits depend on technology adoption intensity, 

human capital and green production conditions, calling for 

joint progress in technical services, market development and 

ecological compensation. 

First, establish a production-stage-oriented extension sys-

tem for smart agriculture. Policy support should shift from 

one-time equipment subsidies toward integrated provision of 

equipment, data and services. Practical, maintainable and con-

tinuous technical services should be organized around plant-

ing, irrigation and fertilization, crop protection and harvesting. 

In areas dominated by smallholders, socialized agricultural 

machinery services, village service stations, cooperatives and 

agricultural enterprises should reduce household-level adop-

tion costs and prevent smart-agriculture programs from be-

coming equipment investments without sustained use. 

Second, establish emissions-reduction incentives that 

match the intensity of technology application. Agricultural 

and rural emissions-reduction policies should incorporate fer-

tilizer and pesticide reduction, water-saving irrigation, green 

pest management, straw incorporation and energy-efficient 

machinery into measurable and monitorable emissions-reduc-

tion assessments. Reductions could be linked to green subsi-

dies, agricultural insurance premiums, green finance and car-

bon-inclusion schemes to offset the short-term costs of green 

production and convert environmental benefits into farm in-

come. 

Third, implement differentiated county-level policies and 

strengthen agricultural value-chain support. Lintong should 

consolidate the coordination among technology application, 

industrial chains, branding and markets to reinforce its income 

advantage. Neihuang should address shortcomings in product 

marketing, processing and brand premiums, thereby convert-

ing its low-carbon advantage into market returns. Lingwu 

should prioritize technology extension, energy-efficient 

equipment and agricultural services while developing contract 

farming, cold-chain logistics and stronger links between pro-

duction and sales. Combining technology promotion with 

market-oriented, organizational and industrial conditions is 

essential for improving coordination between emissions re-

duction and income growth. 
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