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ABSTRACT 

This article examines how smart agriculture technologies transform food production, resource efficiency, 

technological innovation, and sustainable socio-economic development. Using a comparative technological 

governance analysis of the Netherlands and Japan, the study argues that smart agriculture should not be 

treated as a narrow application of sensors, robotics, or artificial intelligence, but as a socio-technical 

engineering system shaped by biological processes, digital infrastructures, institutional coordination, energy-

water-material flows, and innovation policy. The Netherlands represents a controlled-environment 

horticulture model characterized by high-tech greenhouses, climate control, hydroponics, circular water 

systems, LED lighting, biological pest management, energy integration, and strong university-industry 

collaboration. Japan represents a robot-enabled precision farming model characterized by agricultural 

robotics, autonomous machinery, AI-based farm management, sensing systems, labor-saving automation, and 

state-supported smart agriculture policy. The findings indicate that Dutch smart agriculture achieves high 

productivity through environmental control and resource optimization but faces energy transition and spatial 

concentration constraints. Japanese smart agriculture addresses demographic decline and farm labor 

shortages through robotics and digital tools but faces diffusion barriers related to farm fragmentation, cost, 
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interoperability, and skills. The article contributes to science and engineering scholarship by developing a 

conceptual model linking agro-engineering systems, technological integration, institutional coordination, 

sustainability performance, and resilient food-system development. 

Keywords: smart agriculture; controlled-environment agriculture; agricultural robotics; precision farming; AI in 

agriculture; greenhouse engineering; Japan; Netherlands; sustainable food systems; technological governance; 

food security 

 

INTRODUCTION 

  Agriculture is entering a new technological phase in which biological production systems are 

increasingly governed through digital sensing, artificial intelligence, robotics, automation, controlled 

environments, data platforms, and precision resource management. The scientific and engineering challenge is 

profound: food systems must produce more reliable, nutritious, and affordable food while reducing greenhouse 

gas emissions, water use, fertilizer leakage, pesticide dependency, land pressure, biodiversity loss, and 

vulnerability to climate shocks. Smart agriculture technologies are often presented as solutions to these 

pressures, but their actual developmental value depends on engineering performance, institutional 

implementation, farmer adoption, energy systems, data governance, and socio-economic inclusion. 

  This study argues that smart agriculture must be analyzed as a socio-technical engineering system 

rather than as a collection of isolated digital tools. Sensors, drones, robots, digital twins, decision-support 

systems, climate-control algorithms, and autonomous machines become productive only when integrated with 

biological knowledge, farm operations, infrastructure, markets, regulation, extension services, and sustainability 

governance. The central problem is therefore not simply whether smart agriculture can improve productivity, 

but under what scientific, engineering, institutional, and economic conditions smart agriculture supports 

sustainable food systems and rural resilience. 

  The global relevance of this problem is clear. The Food and Agriculture Organization emphasizes that 

digital technologies and artificial intelligence are creating opportunities to transform agrifood systems through 

precision farming, climate-smart agriculture, supply-chain optimization, market access, and resilience-building 

(FAO, 2025). The OECD similarly states that digital innovations can improve agricultural policy design by 

reducing information gaps, lowering monitoring transaction costs, and facilitating collaboration, while also 

creating new risks related to governance, access, and data use (OECD, 2024). The ITU and FAO have also 

framed digital agriculture standards as essential to interoperability, data exchange, artificial intelligence, 

internet-of-things applications, and sustainable agrifood transformation (ITU & FAO, 2024). These institutional 

reports show that smart agriculture is simultaneously a scientific, engineering, governance, and development 

issue. 

  The Netherlands and Japan are analytically significant comparative cases because both are advanced 

economies with strong technological capabilities, high-value agricultural sectors, and explicit policy interest in 
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digital agriculture, yet they face different structural constraints. The Netherlands has developed one of the 

world’s most advanced controlled-environment horticulture systems, supported by greenhouse engineering, 

climate optimization, hydroponics, biological pest control, circular water systems, energy integration, logistics, 

and the research capacity of Wageningen University & Research. Wageningen emphasizes that future-proof 

greenhouse horticulture depends on circular, fossil-free, and emission-free production systems without 

compromising yield or quality (Wageningen University & Research, 2025). Japan faces a different agricultural 

challenge: an aging farming population, labor shortages, fragmented landholdings, rural decline, food security 

concerns, and climate risks. Its smart agriculture strategy emphasizes robotics, AI, autonomous machinery, 

sensing systems, and public-private collaboration to improve productivity and reduce labor intensity. Japan’s 

Ministry of Agriculture, Forestry and Fisheries has promoted smart agriculture as a strategy for productivity 

improvement and technology dissemination, including robots, data platforms, and strategic innovation 

programs (MAFF, 2025). 

  The engineering contrast is substantial. Dutch controlled-environment agriculture seeks to optimize 

plant growth by engineering the production environment itself. Temperature, humidity, carbon dioxide 

concentration, photosynthetically active radiation, nutrient solution composition, irrigation, pest management, 

and energy flows are monitored and controlled to increase yield per unit of land and water. Japanese robot-

enabled precision farming seeks to optimize agricultural operations under open-field and semi-controlled 

conditions by automating labor-intensive tasks such as transplanting, harvesting, spraying, monitoring, and 

logistics. The Dutch model is environment-control intensive; the Japanese model is labor-automation intensive. 

Both models use data, AI, and sensors, but they embed them in different agro-engineering systems. 

  The academic and policy problem is that smart agriculture scholarship often remains fragmented across 

agronomy, robotics, environmental engineering, innovation policy, and rural development. Engineering studies 

frequently evaluate sensor accuracy, robot navigation, irrigation optimization, greenhouse control, or image-

based crop detection without sufficiently analyzing institutional diffusion and socio-economic effects. Policy 

studies often discuss digital agriculture strategies but under-specify the scientific mechanisms that generate 

sustainability outcomes. Sustainability studies emphasize reduced water, pesticide, and fertilizer use but 

sometimes assume that digitalization automatically produces environmental benefits. This article addresses the 

gap by integrating engineering systems analysis with technological governance and sustainable development 

interpretation. 

  The scientific basis of smart agriculture rests on plant physiology, control systems engineering, 

computer vision, mechatronics, hydrology, soil science, data science, operations research, and environmental 

systems analysis. Controlled-environment agriculture uses feedback control and crop modeling to regulate 

microclimatic variables affecting photosynthesis, transpiration, nutrient uptake, disease pressure, and biomass 

accumulation (Kozai et al., 2020; Shamshiri et al., 2018). Agricultural robotics applies machine perception, 

localization, path planning, manipulation, and autonomous navigation to complex biological environments 

(Bechar & Vigneault, 2016; Bac et al., 2014). Precision agriculture uses spatial data, remote sensing, variable-

rate application, and decision-support systems to reduce input waste and improve field-level productivity 
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(Wolfert et al., 2017; Lowenberg-DeBoer & Erickson, 2019). These scientific foundations indicate that smart 

agriculture is an integration problem across biological variability and engineered control. 

  While previous studies emphasize productivity gains from automation and precision sensing, other 

scholars argue that digital agriculture raises important governance, equity, and sustainability concerns. Klerkx 

et al. (2019) describe digital agriculture as an innovation-system transformation involving data ownership, 

platform power, farmer capabilities, and institutional adaptation. Bronson (2022) warns that digital agriculture 

may reinforce corporate concentration and data asymmetries if governance mechanisms are weak. Rotz et al. 

(2019) show that automation and digital farming can reshape labor, skills, and rural social relations. In 

sustainability transitions theory, Geels (2020) argues that technological change depends on interactions among 

regimes, institutions, markets, and user practices. These insights suggest that smart agriculture cannot be 

evaluated only by engineering performance; it must also be evaluated by the institutional conditions under 

which engineering performance becomes socially beneficial. 

  Existing scholarship remains limited in six respects. First, there is a theoretical gap in explaining smart 

agriculture as a coupled biological-engineering-governance system. Second, there is an empirical gap in 

comparing controlled-environment horticulture and robot-enabled open-field precision farming as distinct 

technological pathways. Third, there is a comparative gap because the Netherlands and Japan are often 

analyzed separately despite their importance as advanced agricultural technology systems. Fourth, there is a 

technological governance gap in understanding how research institutions, public policy, standards, farmer 

organizations, and industrial firms shape implementation. Fifth, there is an industrial implementation gap in 

explaining why high-performing technologies diffuse unevenly across farm types and regions. Sixth, there is a 

sustainability gap in linking productivity, energy use, water efficiency, labor substitution, and rural 

development into a single analytical framework. 

  This article addresses these gaps by comparing the Netherlands’ controlled-environment horticulture 

model and Japan’s robot-enabled precision farming model. The novelty of the study lies in treating smart 

agriculture as a technological governance system that links science, engineering, institutional implementation, 

and sustainable development. Unlike studies that focus only on greenhouse technologies or agricultural 

robotics, this article examines how technological architectures interact with industrial organization, policy 

support, resource constraints, and socio-economic outcomes. Unlike broad policy analyses, it identifies the 

engineering mechanisms through which digital agriculture affects productivity, sustainability, and resilience. 

  The analytical framework developed here links agro-engineering governance to food-system 

development through the following causal sequence: agro-engineering design → digital-technological 

integration → operational optimization → sustainability performance → resilient food-system 

development. Agro-engineering design refers to the configuration of biological production systems, 

greenhouse structures, robots, sensors, irrigation networks, energy systems, and farm machinery. Digital-

technological integration refers to data collection, AI modeling, automation, decision-support systems, digital 

platforms, and interoperability. Operational optimization includes climate control, labor reduction, input 



Copyright © 2025 by Author/s. This is an open access article distributed under the Creative Commons Attribution License which permits unrestricted use, distribution, 

and reproduction in any medium, provided the original work is properly cited. 5 

   

 

efficiency, crop monitoring, yield forecasting, pest management, and logistics. Sustainability performance 

includes reduced water use, chemical input reduction, energy transition, land productivity, waste reduction, and 

climate adaptation. Resilient food-system development refers to food security, rural viability, technological 

competitiveness, skilled employment, farmer capability, and socio-economic resilience. 

  The research objective is to explain how the Netherlands and Japan’s contrasting smart agriculture 

engineering models shape technological implementation and to identify the causal mechanisms through which 

technological governance influences productivity, sustainability, innovation systems, and resilient food-system 

development. 

. 

 

METHODOLOGY 

  This study employs comparative engineering systems analysis, socio-technical systems analysis, and 

technological governance analysis to examine how smart agriculture is designed, implemented, and institutionalized 

in the Netherlands and Japan. The research design follows a most-similar but technologically divergent comparative 

logic: both countries are advanced industrial economies with strong research institutions, high technological capacity, 

limited agricultural labor availability, strong policy interest in sustainable food production, and internationally 

recognized innovation ecosystems, yet they differ in agro-ecological conditions, farm structure, technological 

architecture, and implementation strategy. The Netherlands is selected as a controlled-environment horticulture case 

because it represents a high-productivity greenhouse engineering model based on climate control, hydroponics, 

circular resource systems, logistics integration, and university-industry collaboration. Japan is selected as a robot-

enabled precision farming case because it represents a labor-saving smart agriculture model based on robotics, 

autonomous machinery, AI-based management, sensing systems, and state-supported diffusion under demographic 

and rural constraints. The unit of analysis is the national smart agriculture technological system, defined as the 

configuration of engineering architectures, biological production systems, digital infrastructures, policy instruments, 

industrial networks, and farm-level implementation pathways through which agricultural innovation is 

operationalized. 

  The empirical base consists of FAO, OECD, ITU, MAFF, Wageningen University & Research, 

government policy documents, institutional reports, and peer-reviewed scientific literature on controlled-environment 

agriculture, agricultural robotics, precision farming, digital agriculture, sustainability transitions, and innovation 

systems. The analysis applies structured focused comparison across technological variables including production 

architecture, sensor systems, climate control, robotics, AI decision support, water management, energy intensity, 

labor substitution, interoperability, farmer adoption, institutional coordination, and sustainability outcomes. Process 

tracing is used to identify causal mechanisms linking engineering design and technological governance to operational 

productivity and sustainability performance. Validation is strengthened through triangulation across international 

reports, national policy materials, institutional records, and academic literature. No interview data, proprietary farm 

datasets, or fabricated field observations are used. Ethical and sustainability considerations include responsible 
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interpretation of public data, recognition of farmer autonomy, data ownership risks, labor transition effects, energy 

and material footprints of digital infrastructure, and the limitations of comparing a dense greenhouse horticulture 

system with a more heterogeneous field-based agricultural system. The study is limited by uneven availability of 

standardized farm-level performance data and by rapid technological change, but it provides a robust analytical 

framework for linking smart agriculture engineering to sustainable food-system development. 

 

Findings and Discussion 

1. Technological Architecture: Controlled Environments versus Robot-Enabled Field Systems 

  The first finding is that the Netherlands and Japan represent two distinct smart agriculture architectures. The 

Dutch model is built around controlled-environment engineering. Greenhouses operate as engineered biological 

production systems where crop growth is optimized through environmental control, hydroponic nutrient delivery, 

LED lighting, thermal management, carbon dioxide enrichment, pest monitoring, water recirculation, and logistics 

integration. The Japanese model is built around robot-enabled precision farming. Its core engineering objective is to 

automate or augment human labor in complex agricultural environments through autonomous tractors, robotic 

harvesters, drones, AI-based farm management, remote sensing, and smart machinery. 

  The Netherlands’ engineering architecture is rooted in microclimate control. Plant growth is governed by 

the interaction of light, temperature, humidity, carbon dioxide, vapor pressure deficit, nutrient availability, root-zone 

oxygen, pest pressure, and cultivar genetics. High-tech greenhouse systems reduce environmental uncertainty by 

enclosing and regulating production conditions. This enables year-round production, high yield density, efficient 

water use, and quality consistency. Wageningen University & Research emphasizes that future greenhouse 

horticulture must become circular, fossil-free, and emission-free while maintaining yield and quality (Wageningen 

University & Research, 2025). This indicates that Dutch engineering priorities are shifting from productivity 

maximization alone toward resource circularity and energy transition. 

  Japan’s engineering architecture responds primarily to labor scarcity and demographic pressure. Smart 

agriculture technologies are designed to reduce labor intensity, assist elderly farmers, enable remote operation, and 

support larger-scale farm management despite fragmented land structures. Japan’s smart agriculture policy materials 

highlight autonomous machines, robots for orchards and slopes, AI-driven farm management, and efforts to develop 

and disseminate smart agricultural technology (MAFF, 2025). The engineering challenge is not only precision but 

adaptability: robots must operate in irregular fields, varying crop structures, steep slopes, humid environments, and 

fragmented farm plots. 

  The cross-case comparison reveals that smart agriculture is shaped by the production environment. Dutch 

greenhouses reduce biological and climatic variability by engineering the environment. Japanese robotics must 

operate within variability by engineering perception, mobility, manipulation, and decision support. In the 

Netherlands, intelligence is embedded in the production facility. In Japan, intelligence is embedded in machines and 

farm-management systems. This distinction has major implications for cost structure, diffusion, sustainability, and 
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governance. 

  The causal technological mechanism in the Dutch model is environmental stabilization. Sensors measure 

climate and crop conditions; control algorithms regulate ventilation, heating, cooling, lighting, irrigation, and nutrient 

delivery; biological feedback informs management decisions; and closed-loop systems reduce water and nutrient 

losses. The causal mechanism in the Japanese model is task automation. Sensors perceive field or crop conditions; AI 

models classify objects or recommend operations; robots navigate and manipulate; autonomous machinery performs 

tasks; and data platforms support decision-making. 

  This finding extends the engineering literature by showing that smart agriculture cannot be evaluated 

through a generic digitalization lens. Controlled-environment agriculture and field robotics solve different systems 

problems. The former optimizes biological production through environmental control; the latter addresses 

operational labor and precision constraints in open systems. Previous studies on precision agriculture and controlled-

environment agriculture identify many of these technologies separately (Kozai et al., 2020; Wolfert et al., 2017), but 

the comparative analysis shows that they represent distinct technological development pathways. 

  The governance implication is that policy instruments must match technological architecture. Greenhouse 

innovation requires energy infrastructure, water regulation, spatial planning, biological control standards, logistics, 

and capital-intensive investment. Robotics diffusion requires machinery safety standards, interoperability, farm data 

governance, extension services, financing mechanisms, training, and field-level adaptation. The development 

implication is that countries should not adopt smart agriculture policies as generic digitalization programs. They must 

align technology pathways with agro-ecological conditions, farm structures, labor markets, and sustainability 

objectives. 

2. Resource Efficiency, Energy Use, and Environmental Performance 

  The second finding concerns sustainability performance. Smart agriculture is often justified by claims of 

improved resource efficiency, but the comparison shows that environmental outcomes depend on system design. 

Dutch controlled-environment horticulture can achieve high land and water productivity, but energy use remains a 

central sustainability challenge. Japanese robot-enabled precision farming can reduce labor intensity and optimize 

input application, but environmental performance depends on adoption scale, field data quality, and integration with 

soil-water management. 

  Dutch greenhouses are highly efficient in water and nutrient management because recirculating hydroponic 

systems can reduce runoff and allow precise nutrient delivery. Biological pest control and integrated pest 

management can reduce chemical pesticide dependency. LED lighting and climate-control algorithms can improve 

photosynthetic efficiency. However, greenhouses may require significant energy for heating, lighting, cooling, and 

carbon dioxide management. The shift toward geothermal energy, residual heat, electrification, thermal storage, and 

renewable electricity is therefore essential for sustainability. Wageningen’s emphasis on fossil-free and emission-free 

greenhouse horticulture reflects this transition pressure (Wageningen University & Research, 2025). 

  Japan’s precision farming technologies can improve resource efficiency by applying water, fertilizer, and 
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pesticides more accurately. Drones and remote sensing can identify crop stress; variable-rate systems can reduce 

over-application; robots can target weeds or pests; and AI-based decision support can improve timing. However, 

fragmented farm plots and uneven digital infrastructure may limit optimization gains. A small farmer using a drone 

without integrated decision support may receive imagery but not actionable agronomic intelligence. A robot 

deployed on irregular terrain may reduce labor but not necessarily improve nutrient efficiency. 

  The cross-case comparison indicates that sustainability mechanisms differ. In the Netherlands, sustainability 

depends on closed-loop resource control and energy transition. In Japan, sustainability depends on precision input 

management and labor-saving adaptation. The Dutch system can achieve high efficiency per square meter but may 

carry high energy intensity if fossil-based heating or artificial lighting dominates. The Japanese system can reduce 

labor and input waste but may face limited environmental impact if adoption is fragmented or tools are used only for 

isolated tasks. 

  The causal sustainability mechanism is resource-feedback control. Sensors detect environmental, crop, or 

soil conditions; algorithms determine resource requirements; actuators apply water, nutrients, heat, light, pesticides, 

or mechanical operations; and feedback systems adjust future decisions. Sustainability improves when this feedback 

loop reduces unnecessary inputs without reducing yield or quality. It fails when data are incomplete, control actions 

are poorly calibrated, or economic incentives favor output expansion over resource reduction. 

  The FAO’s digital agriculture work emphasizes that AI and digital technologies can support climate-smart 

agriculture, supply-chain optimization, and resilience, but such benefits depend on sustainable business models and 

public-private coordination (FAO, 2025). OECD analysis similarly notes that digital tools can reduce information 

gaps and monitoring costs, especially for agri-environmental policies, while generating new risks (OECD, 2024). 

These observations align with the comparison: smart agriculture improves sustainability only when engineering 

systems are embedded in governance frameworks that measure and reward environmental outcomes. 

  This finding contributes to sustainable engineering literature by challenging technological determinism. 

Greenhouses are not automatically sustainable because they save water; robotics is not automatically sustainable 

because it reduces labor. Sustainability must be evaluated through lifecycle energy use, carbon emissions, nutrient 

flows, water recirculation, material inputs, chemical use, biodiversity effects, equipment manufacturing, and waste 

streams. For Dutch horticulture, the critical sustainability frontier is low-carbon energy integration. For Japanese 

smart farming, the critical frontier is scalable precision management across heterogeneous farms. 

  The policy implication is that smart agriculture support should be tied to measurable sustainability 

indicators. Subsidies for greenhouse modernization should include energy performance, circular water use, and 

emissions metrics. Support for agricultural robotics should include input reduction, soil protection, safety, and farmer 

capability criteria. The development implication is that smart agriculture can strengthen food security only if 

productivity gains do not undermine environmental resilience. 

3. Robotics, AI, and Labor Transformation 

  The third finding concerns labor transformation. The Netherlands and Japan both face labor constraints, but 
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the technological response differs. Dutch controlled-environment horticulture uses automation for climate control, 

sorting, logistics, packaging, and increasingly robotic harvesting. Japanese smart agriculture places robotics and 

autonomous machinery at the center of its strategy because labor scarcity is a major structural driver. 

  Japan’s agricultural workforce challenge is severe. The aging of farmers, shortage of successors, and 

difficulty attracting younger workers create strong incentives for automation. Recent public materials describe AI 

and robotics as responses to agricultural labor decline and climate risks, including robotic harvesting and 

autonomous farm systems (Government of Japan, 2025). Japan’s smart agriculture initiatives therefore have a clear 

socio-economic rationale: reduce labor intensity, sustain production, and enable farm consolidation or remote 

management where human labor is scarce. 

  The Netherlands also uses automation, but labor is embedded in a different production model. Greenhouse 

horticulture requires skilled operators, crop managers, climate specialists, logistics workers, and technical 

maintenance staff. Automation is used to improve consistency and reduce repetitive labor, but high productivity 

depends on expert management of biological and technical systems. The Dutch model therefore does not eliminate 

labor; it transforms labor into systems supervision, data interpretation, crop steering, and technical maintenance. 

  The cross-case comparison shows that robotics has different functions in different agro-engineering 

systems. In Japan, robotics substitutes or augments scarce field labor. In the Netherlands, automation supports 

controlled-environment optimization and logistical efficiency. Japanese robotics must solve perception and 

manipulation problems in variable environments. Dutch robotics often operates in more structured environments, 

although crop variability still makes harvesting technically difficult. 

  The causal mechanism is labor-to-control transformation. Smart agriculture shifts labor from direct manual 

operation toward monitoring, programming, supervision, maintenance, and decision-making. In controlled 

environments, this means managing climate recipes, crop models, and production logistics. In robot-enabled field 

systems, it means configuring autonomous machinery, interpreting sensor data, and coordinating operations across 

plots. The productivity effect depends on whether farmers and workers acquire the skills needed to operate and trust 

these systems. 

  This finding aligns with automation scholarship showing that technology can substitute for tasks while 

creating new forms of skilled work (Acemoglu & Restrepo, 2019; Brynjolfsson & McAfee, 2014). It also extends 

agricultural robotics literature by emphasizing that automation performance depends on organizational and 

institutional adaptation. A harvesting robot may technically function, but adoption depends on cost, reliability, 

maintenance, training, safety regulation, farm size, and compatibility with existing workflows. 

  The governance implications are substantial. Japan must ensure that robotics diffusion is accompanied by 

training, financing, repair services, interoperability standards, and safety regulation. Without these supports, smart 

agriculture may remain concentrated among larger or better-capitalized farms. The Netherlands must ensure that 

greenhouse automation supports decent work, technical skills, and energy-aware management rather than simply 

intensifying production pressure. Both countries must address data literacy and human-machine interaction as core 
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components of agricultural engineering. 

  The development implication is that smart agriculture can sustain food production under demographic 

pressure, but it can also reshape rural labor markets. Automation may reduce physically demanding work and 

support older farmers, but it may also increase capital intensity and create barriers for small farms. Therefore, smart 

agriculture governance should balance productivity with inclusive access, training, and rural employment quality. 

4. Data Infrastructure, Interoperability, and Technological Governance 

  The fourth finding concerns data infrastructure and interoperability. Smart agriculture depends on the 

movement of data across sensors, machines, farms, advisory systems, supply chains, and regulatory institutions. 

However, agricultural data are highly heterogeneous. They include climate data, soil data, crop images, machinery 

telemetry, irrigation records, chemical application data, market data, energy data, and biological observations. The 

capacity to convert these data into actionable decisions depends on standards, platforms, ownership rules, 

interoperability, and trust. 

  The Netherlands benefits from dense institutional coordination among research institutions, technology 

firms, growers, cooperatives, logistics providers, and government agencies. The greenhouse sector’s concentration 

enables data-driven innovation, benchmarking, and rapid diffusion of best practices. Research institutions such as 

Wageningen University & Research provide applied science linking plant physiology, environmental control, energy 

systems, and digital technologies. This creates an innovation ecosystem in which data standards and engineering 

practices can develop through close interaction between science and industry. 

  Japan’s data governance challenge is more distributed. Smart agriculture systems must operate across 

fragmented farms, diverse crops, mountainous terrain, aging farmers, and varying levels of digital readiness. 

Interoperability between machinery brands, data platforms, sensors, and government support systems is crucial. 

MAFF’s smart agriculture promotion materials indicate efforts to develop and disseminate smart agricultural 

technologies and create a virtuous cycle of innovation (MAFF, 2025). Such efforts are necessary because isolated 

technologies may fail if they cannot exchange data or integrate with farm management systems. 

  The ITU and FAO’s digital agriculture standards work is relevant because interoperability is not merely a 

technical preference; it is a governance condition for scalable digital agriculture (ITU & FAO, 2024). Without 

standards, farmers may face vendor lock-in, incompatible equipment, fragmented datasets, and weak bargaining 

power. Without data governance, smart agriculture can create privacy, ownership, and platform-dependency risks. 

Without trust, farmers may resist data sharing, limiting AI model quality and system learning. 

  The causal mechanism is data-to-decision conversion. Sensors collect data; platforms integrate and clean 

data; algorithms generate recommendations or control actions; farmers or automated systems implement decisions; 

outcomes are measured; and feedback improves models. This loop requires interoperability, data quality, user trust, 

and institutional support. The Netherlands’ dense horticulture ecosystem strengthens this loop in controlled 

environments. Japan’s fragmented agricultural structure makes the loop harder to sustain across diverse field 

conditions. 
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  This finding contributes to technological governance scholarship by showing that digital agriculture is a 

standardization problem as much as a data science problem. AI models require high-quality datasets, but agricultural 

datasets are embedded in social and institutional relations. Farmers must trust how data are used. Firms must develop 

compatible systems. Regulators must ensure safety and fairness. Research institutions must validate models across 

contexts. Extension services must translate outputs into practice. 

  The policy implication is that smart agriculture strategies should include open standards, interoperable 

platforms, transparent data ownership rules, cybersecurity safeguards, and public-interest data infrastructures. The 

Netherlands should continue linking greenhouse data systems with sustainability reporting, energy integration, and 

circularity metrics. Japan should prioritize machinery interoperability, farmer-friendly interfaces, cooperative data 

platforms, and extension systems capable of supporting older farmers. The development implication is that data 

governance determines whether smart agriculture becomes an inclusive productivity tool or a source of technological 

dependency. 

5. Innovation Ecosystems, Food Security, and Rural Development 

  The fifth finding links smart agriculture to innovation ecosystems and food-system resilience. The 

Netherlands and Japan show that smart agriculture is not only a farm-level technology issue but also an industrial and 

developmental strategy. The Netherlands has developed a global reputation for greenhouse engineering, seed 

technology, logistics, horticultural knowledge, and agri-food innovation. Japan is using smart agriculture to address 

labor decline, rural sustainability, food security, and climate adaptation. 

  The Dutch model contributes to food-system development through high-value production, exportable 

technology, research-intensive innovation, and efficient land use. Controlled-environment horticulture allows a small 

country to produce large volumes of high-quality vegetables, flowers, and plant products. Its innovation ecosystem 

generates technologies in greenhouse design, climate control, seed breeding, water systems, biological pest 

management, and horticultural automation. However, the model’s developmental future depends on energy 

transition, circularity, and social acceptance of concentrated intensive production. 

  Japan’s model contributes to food-system development by addressing demographic constraints. Smart 

agriculture can support farm consolidation, reduce labor intensity, enable remote monitoring, improve disaster 

response, and attract technologically oriented younger farmers. Japan’s revised food and agriculture policy 

framework recognizes long-term structural challenges and the need for new policy directions after the 2024 revision 

of the Basic Act on Food, Agriculture and Rural Areas (MAFF, 2024). Smart agriculture is therefore part of a 

broader effort to sustain domestic production capacity under demographic and environmental pressure. 

  The cross-case comparison reveals two innovation pathways. The Netherlands follows a specialization-and-

export pathway: advanced greenhouse engineering creates high-value production and global technological 

leadership. Japan follows a resilience-and-labor pathway: smart agriculture seeks to maintain production capacity 

despite aging, labor scarcity, and fragmented rural systems. Both pathways are valid, but their sustainability risks 

differ. The Dutch model risks energy dependence and high capital intensity. The Japanese model risks slow diffusion 
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and uneven adoption. 

  The causal development mechanism is capability accumulation. Smart agriculture contributes to 

development when technologies are absorbed into local capabilities: farmers learn to use systems, engineers improve 

designs, firms build services, researchers validate models, regulators create standards, and markets reward 

sustainable outputs. Without capability accumulation, imported tools may fail or remain underused. With capability 

accumulation, smart agriculture becomes an innovation system that generates productivity, resilience, and 

technological competitiveness. 

  This finding aligns with innovation systems theory, which views technological development as a networked 

process involving firms, universities, government, users, and institutions (Lundvall, 1992; Nelson, 1993). It also 

aligns with FAO and OECD perspectives that digital agriculture requires public-private coordination, infrastructure, 

policy support, and farmer capability (FAO, 2025; OECD, 2024). The comparison adds that innovation ecosystems 

must be evaluated through both technological sophistication and social embeddedness. 

  The socio-economic implication is that smart agriculture can strengthen food security, but not automatically. 

If technologies are expensive and concentrated among large firms, they may increase inequality. If automation 

reduces labor demand without rural development strategies, it may weaken rural communities. If controlled 

environments depend on fossil energy, they may create sustainability contradictions. If data platforms are closed, 

farmers may lose autonomy. Therefore, smart agriculture should be governed as a public-interest infrastructure for 

sustainable food systems, not merely as a private technology market. 

 

Table 1. Analytical Matrix of Comparative Science, Engineering and Technological Development 

Variable Case 1: 

Netherland

s’ 

Controlled-

Environme

nt 

Horticultur

e 

Case 2: 

Japan’s 

Robot-

Enabled 

Precision 

Farming 

Empirical 

Evidence 

Analytical 

Interpretati

on 

Technologic

al 

architecture 

High-tech 

greenhouses

, climate 

control, 

hydroponics

, LED 

lighting, 

circular 

water 

systems, 

biological 

pest control, 

logistics 

integration 

Agricultural 

robotics, 

autonomous 

machinery, 

drones, AI 

farm 

management, 

sensing 

systems, 

precision 

input 

application 

Wageninge

n reports 

future 

greenhouse 

horticulture 

priorities; 

MAFF 

promotes 

smart 

agriculture 

technology 

developme

nt and 

disseminati

Netherlands 

engineers the 

environment

; Japan 

engineers 

machines 

and digital 

tools to 

operate 

within 

variable 

environment

s 
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on 

Primary 

engineering 

objective 

Optimize 

plant 

growth 

through 

environmen

tal 

stabilization 

and 

resource 

control 

Reduce labor 

intensity and 

improve 

operational 

precision 

under 

demographic 

and field 

constraints 

Dutch 

controlled-

environme

nt 

innovation; 

Japanese 

smart 

agriculture 

policy and 

robotics 

initiatives 

Different 

structural 

constraints 

produce 

different 

smart 

agriculture 

pathways 

Sustainabilit

y mechanism 

Water 

recirculatio

n, nutrient 

precision, 

biological 

pest 

managemen

t, energy 

transition, 

circular 

greenhouse 

systems 

Precision 

input 

application, 

labor-saving 

automation, 

field 

monitoring, 

crop stress 

detection, 

targeted 

operations 

FAO and 

OECD 

highlight 

digital 

agriculture 

for climate-

smart and 

resource-

efficient 

farming 

Sustainabilit

y depends on 

feedback 

control and 

measurable 

resource 

outcomes 

Data 

infrastructur

e 

Dense 

greenhouse 

innovation 

ecosystem 

with strong 

research-

industry 

coordinatio

n 

Distributed 

farm data 

systems 

requiring 

interoperabili

ty across 

machinery, 

platforms, 

crops, and 

regions 

ITU/FAO 

digital 

agriculture 

standards; 

MAFF 

smart 

agriculture 

promotion 

Data 

interoperabil

ity mediates 

technologica

l diffusion 

and farmer 

trust 

Labor 

transformati

on 

Skilled 

climate 

managemen

t, technical 

supervision, 

logistics 

automation, 

greenhouse 

systems 

operation 

Autonomous 

machinery, 

robotic 

harvesting, 

remote 

monitoring, 

reduced 

manual 

burden, new 

digital 

farming skills 

Japan uses 

AI and 

robotics to 

respond to 

agricultural 

labor 

decline; 

Dutch 

horticulture 

relies on 

high-skilled 

systems 

manageme

nt 

Smart 

agriculture 

transforms 

rather than 

simply 

eliminates 

agricultural 

labor 

Institutional 

coordination 

Strong 

university-

industry-

government 

collaboratio

State-

supported 

innovation 

through 

MAFF, 

Wageninge

n and 

MAFF 

institutional 

materials 

Innovation 

governance 

determines 

whether 

engineering 
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n centered 

on 

Wageninge

n, growers, 

firms, and 

horticultural 

clusters 

public-

private 

programs, 

machinery 

firms, 

cooperatives, 

and regional 

initiatives 

systems 

diffuse 

beyond 

leading 

adopters 

Industrial 

development 

outcome 

Exportable 

greenhouse 

technologie

s, 

horticultural 

productivity

, agri-food 

innovation 

leadership 

Robotics and 

smart 

machinery 

markets, 

rural 

resilience, 

productivity 

under labor 

scarcity 

FAO, 

OECD, 

institutional 

reports 

Smart 

agriculture 

creates 

industrial 

capabilities 

when linked 

to research, 

standards, 

and adoption 

support 

Main 

constraint 

Energy 

intensity, 

fossil-free 

transition, 

capital 

intensity, 

spatial 

concentratio

n 

Farm 

fragmentatio

n, high 

technology 

costs, skills 

gaps, 

interoperabili

ty, aging 

farmer 

adoption 

WUR 

sustainabili

ty 

priorities; 

MAFF 

disseminati

on agenda 

Each model 

requires 

targeted 

governance 

to convert 

technology 

into 

sustainable 

development 

  The table shows that the Netherlands and Japan represent two distinct smart agriculture paradigms. The 

Dutch paradigm uses controlled environments to reduce biological and climatic uncertainty and optimize production 

through resource feedback. The Japanese paradigm uses robotics and precision technologies to address labor scarcity 

and improve operational control under heterogeneous field conditions. Both paradigms are scientifically 

sophisticated, but both face structural constraints that cannot be solved by technology alone. 

  The deeper analytical interpretation is that smart agriculture becomes developmentally effective when 

engineering systems, institutional support, and sustainability metrics are aligned. A greenhouse with advanced 

climate control contributes to sustainable development only if its energy system decarbonizes and its resource loops 

are closed. A robotic harvester contributes to rural resilience only if farmers can afford, maintain, and integrate it into 

real production systems. A digital platform creates value only if data are interoperable, trusted, and actionable. Thus, 

smart agriculture is best understood as a governance-mediated engineering system. 

 

Conceptual Model 

This article proposes the following conceptual model: 

Agro-Engineering Design → Digital-Technological Integration → Operational Optimization → Sustainability 
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Performance → Resilient Food-System Development 

  Agro-engineering design refers to the physical and biological configuration of production systems, 

including greenhouse structures, climate systems, robots, sensors, irrigation systems, crop varieties, machinery, and 

logistics. Digital-technological integration refers to the combination of AI, IoT, robotics, data platforms, computer 

vision, decision-support systems, and automation. Operational optimization refers to improvements in climate 

control, labor efficiency, irrigation, nutrient delivery, pest management, harvesting, logistics, and yield forecasting. 

Sustainability performance refers to reductions in water use, chemical inputs, energy intensity, emissions, waste, and 

climate vulnerability. Resilient food-system development refers to food security, rural viability, technological 

competitiveness, farmer capability, skilled employment, and socio-economic adaptation. 

The model advances three theoretical propositions. 

Proposition 1: Smart agriculture improves productivity only when digital technologies are integrated with 

biological production logic. 

Sensors, AI, and robots do not create value independently. They must be aligned with plant physiology, soil 

conditions, climate dynamics, pest ecology, and farm operations. The Dutch case shows this through environmental 

control; the Japanese case shows it through task automation under biological variability. 

Proposition 2: Sustainability outcomes depend on resource-feedback control rather than technology adoption 

alone. 

Digital agriculture becomes sustainable when data-driven feedback reduces water, nutrients, energy, pesticides, 

waste, or labor pressure without undermining yield and quality. Adoption metrics alone cannot demonstrate 

sustainability. 

Proposition 3: Technological governance mediates the relationship between smart agriculture and food-

system resilience. 

Standards, financing, data ownership, interoperability, extension services, energy policy, and farmer training 

determine whether smart agriculture diffuses inclusively and produces resilient development outcomes. 

 

 

CONCLUSION 

  This article examined how the Netherlands and Japan’s contrasting smart agriculture engineering 

models shape technological implementation and how technological governance influences productivity, 

sustainability, innovation systems, and resilient food-system development. The analysis demonstrates that 

smart agriculture is not merely the use of sensors, robots, artificial intelligence, or automation in farming. It 

is a socio-technical engineering transformation in which biological systems, digital technologies, institutional 

coordination, and sustainability objectives must be integrated. 

The main analytical finding is that the Netherlands and Japan represent distinct but complementary 
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pathways. The Netherlands’ controlled-environment horticulture model demonstrates how environmental 

stabilization, climate control, hydroponics, circular water systems, LED lighting, biological pest 

management, and research-industry collaboration can produce high-value, resource-efficient agriculture. 

However, its future sustainability depends heavily on energy transition, circularity, emissions reduction, and 

capital accessibility. Japan’s robot-enabled precision farming model demonstrates how robotics, autonomous 

machinery, AI farm management, and sensing systems can address labor shortages, aging farmers, and rural 

production constraints. However, its success depends on diffusion across fragmented farms, interoperability, 

financing, repair systems, training, and farmer trust. 

  The theoretical contribution of the article is to conceptualize smart agriculture as a governance-

mediated agro-engineering system. The proposed model links agro-engineering design, digital-technological 

integration, operational optimization, sustainability performance, and resilient food-system development. 

This framework contributes to science and engineering scholarship by showing that technological 

performance depends on the alignment between biological processes, engineering control, data infrastructure, 

institutional coordination, and sustainability governance. 

  The empirical contribution lies in comparing two advanced agricultural technology systems that are 

often studied separately. The Netherlands provides evidence from a controlled-environment, high-

productivity horticultural model. Japan provides evidence from a robotics-centered, labor-saving precision 

farming model. Together, they show that smart agriculture cannot be evaluated through generic digitalization 

indicators. It must be analyzed through production architecture, resource flows, labor transformation, data 

governance, and institutional diffusion. 

  The engineering and technological governance implications are significant. Greenhouse innovation 

should prioritize fossil-free energy, circular water systems, lifecycle material efficiency, and data-driven crop 

optimization. Robotics and precision farming programs should prioritize affordability, interoperability, 

reliability, safety, farmer training, and support for heterogeneous field conditions. Both countries should 

strengthen open standards, public-interest data infrastructures, extension services, and sustainability auditing. 

  The industrial and innovation policy implications are equally important. Smart agriculture can create 

export industries, rural innovation ecosystems, high-skilled employment, and food-system resilience. 

However, it can also increase capital intensity, platform dependency, and unequal access if governance is 

weak. Policymakers should therefore treat smart agriculture as an infrastructure for sustainable food systems 

rather than as a narrow technology market. 

  The study has limitations. It relies on public reports, institutional documents, and secondary 

scientific literature rather than proprietary farm-level operational datasets. The Netherlands and Japan differ 

in agricultural structure, climate, land availability, and crop systems, limiting direct quantitative equivalence. 

Future research should use farm-level performance data, lifecycle assessment, greenhouse energy datasets, 

robotics adoption surveys, field trials, and longitudinal innovation-system analysis. Additional comparative 

research should include Israel, Singapore, South Korea, the United States, Australia, and China to test 
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whether the proposed model applies across broader smart agriculture regimes. 

  The central conclusion is that smart agriculture contributes to sustainable socio-economic 

development only when science, engineering, technological governance, and farmer capability are integrated. 

The Netherlands shows the power of controlled environments and circular agro-engineering. Japan shows the 

importance of robotics and automation for demographic resilience. The future of sustainable food systems 

will depend not simply on more digital tools, but on the capacity of societies to govern smart agricultural 

technologies responsibly, inclusively, and ecologically. 
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