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ABSTRACT  
Background: Indonesia’s food security faces complex pressures due to climate change, environmental 
degradation, and a high dependence on rice as the staple food. The government has responded to these 
challenges through the food estate program, which is based on large-scale land extensification. Various studies 
indicate that this program has low productivity, high ecological risks, and is unable to make a significant 
contribution to long-term food security. On the other hand, smart farming, which has been successfully 
implemented in countries such as Japan, Malaysia, and Brazil, demonstrates that technology-based precision 
intensification has significant potential to improve production efficiency without land expansion. Methods: The 
method used is a qualitative descriptive-comparative approach through the analysis of academic literature, 
policy documents, national statistical data, and international studies related to smart farming. Findings: The 
results show that productive food estate cultivation land accounts for less than 5% of the target and only 
produces 5.1–5.2 tons/ha (lower than the potential of intensively managed land), accompanied by ecological 
impacts such as peat degradation, deforestation, and land conflicts. In contrast, smart farming has the potential 
to increase national rice productivity by 10–20%, add up to 3 million tons of unhusked rice (milled dry paddy) 
if applied to 50% of existing rice fields, save water by 20–50%, and reduce chemical fertilizer use by around 
20% through precision application. Conclusion: This study provides conceptual and empirical evidence that 
strengthening Indonesia’s food security may benefit from complementing land expansion policies with precision 
agricultural intensification supported by digital technologies, stronger farmer institutions, and the utilization of 
domestic research and innovation. It also opens opportunities for further research on designing smart farming 
implementation models for smallholder farmers and institutional strategies to accelerate its 
adoption. Novelty/Originality of this article: This study introduces a paradigm shift from land-expansion food 
estates toward inclusive precision intensification, integrating smart farming, farmer institutions, and digital 
agriculture as sustainable strategies for Indonesia’s future food security transformation. 
 

KEYWORDS: agricultural policy; food estate; food security; land extensification; smart 
farming. 
 

 

1.    Introduction  
 

The global food system is currently under increasing pressure due to climate change, 
the depletion of natural resources, geopolitical instability, and market volatility (FAO, 
2021). These conditions have led to rising risks of global food insecurity and malnutrition, 
which are often more focused on quantity rather than nutritional quality (Kennedy et al., 
2021). At the same time, in efforts to meet food quantity demands, climate change 
exacerbated by anthropogenic factors has increased uncertainty in crop production, 
thereby highlighting the urgency of developing more adaptive and predictive production 
models and strategies to strengthen global food security (Taniushkina et al., 2024). In 
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response to this complexity, in 2016 the Food and Agriculture Organization of the United 
Nations (FAO) and World Health Organization (WHO) initiated a transformation by 
promoting food systems that are sustainable, healthy, equitable, and resilient to crises, 
ensuring availability, accessibility, affordability, and desirability (Kennedy et al., 2021; 
WHO, 2016). These pillars have since become the foundation for many countries in 
restructuring their food production, distribution, and consumption systems at both national 
and global levels. 

Various countries have implemented diverse solutions to strengthen food security, 
particularly in the agricultural sector. These efforts include the application of True Cost 
Accounting (TCA) to assess the environmental and social costs of food production; 
increasing productivity through Climate-Smart Agriculture (CSA); the adoption of smart 
farming based on digital technology and the Internet of Things (IoT); the development of 
agroecology through organic farming and agroforestry to integrate food crops with trees; 
as well as agricultural extensification through the expansion of new land (Enyew & Gobie, 
2025; FAO, 2023; Hashim et al., 2024); Supriyanto et al., 2025). In addition, several 
countries rely on substitution strategies through food import policies to maintain food 
supply stability, particularly when domestic production cannot meet population needs 
(FAO, 2014). However, the literature emphasizes that food security solutions cannot stand 
alone, as they should not focus solely on increasing production quantity while neglecting 
environmental and social sustainability aspects. The selected strategies must consider 
ecosystem carrying capacity to avoid long-term negative impacts (Fanzo et al., 2021). The 
choice of food production strategies will determine a country’s contribution to achieving 
Sustainable Development Goals (SDG) 2 (Zero Hunger), SDG 12 (Responsible Consumption 
and Production), SDG 13 (Climate Action), and SDG 15 (Life on Land). 

 

 

 
Fig. 1. The 5 countries with the highest rice consumption 

(USDA, 2025) 

 
Globally, staple food consumption patterns are still dominated by cereal groups such 

as rice and wheat. Rice is the primary staple food in most developing countries (Pimentel, 
2009). Over the past 20 years, both production and consumption have generally increased 
due to population growth, rising food demand, and improvements in agricultural practices 
(Hashim et al., 2024). In 2022, the five countries with the highest rice consumption were 
dominated by Asian nations, namely China, India, Indonesia, Bangladesh, and the 
Philippines (USDA, 2025). This highlights the critical importance of rice production stability 
in maintaining food security, particularly in the Asian region. 
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Indonesia, with a population of approximately 284 million people, has a high level of 
rice consumption and a strong dependence on rice as the primary source of nutrition 
(Ministry of Agriculture, 2024; Central Statistics Agency, 2025b). In 2024, household rice 
consumption reached 1.521 kg per capita per week (Central Statistics Agency, 2024). Based 
on the Indonesia Rice Supply and Demand Balance 2024, national rice demand reached 
2,635,526 tons, while supply from domestic production and imports amounted to 
12,302,285 tons in 2024 (Ministry of Agriculture, 2024). These figures indicate that rice 
availability is actually sufficient, further supported by a declining consumption trend from 
103.73 kg/capita in 2019 to 93.15 kg/capita in 2024. However, to maintain long-term 
production stability, the government has launched the food estate program, which aims to 
increase food production through extensification by expanding agricultural land on a large 
scale (Supriyanto et al., 2025).  

Although the food estate program was introduced to strengthen national food security 
through agricultural land expansion, its implementation has generated diverse perspectives 
regarding its productivity, environmental implications, and long-term sustainability 
(Benedicta & Subekti, 2024; Meilinda et al., 2025). Several studies have reported 
implementation challenges in some locations, including agricultural development on 
peatlands and areas with high ecological sensitivity (Margono et al., 2012; Tsujino et al., 
2016). At the same time, advances in precision agriculture and smart farming have attracted 
increasing attention as alternative approaches to improving agricultural productivity 
through digital technologies and resource-efficient management (Hashim et al., 2024). Both 
approaches therefore represent different pathways toward achieving national food 
security, each with distinct opportunities and challenges that require systematic evaluation. 

While previous studies have examined food estate development and smart farming 
separately, limited research has provided an integrated comparison of these two 
approaches within Indonesia's food security context. Existing studies generally focus either 
on evaluating the implementation of food estate programs or on the technological potential 
of smart farming, without systematically assessing their relative effectiveness, 
environmental sustainability, and institutional suitability within Indonesia's agrarian 
structure and policy landscape. Consequently, evidence remains limited regarding how 
these two approaches compare as alternative strategies for strengthening national rice 
security. Accordingly, this study addresses the following research question: "What are the 
relative strengths and weaknesses of land-extensification (food estate) and technology-
based intensification (smart farming) as strategies for enhancing Indonesia's national rice 
security?". To answer this question, the study compares both approaches in terms of 
productivity, environmental sustainability, implementation requirements, and their 
suitability within Indonesia's agricultural context. 

Food plays a crucial role in maintaining economic and political stability (Wuryandani, 
2021). In the aftermath of the pandemic crisis, the Indonesian government has promoted a 
national food reserve program through the food estate initiative (Benedicta & Subekti, 
2024). As a national strategic program, based on the Regulation of the Minister of 
Environment and Forestry Number 7 of 2021 concerning Forestry Planning, Changes in the 
Allocation and Function of Forest Areas, and the Use of Forest Areas (Permen LHK 7/2021), 
a food estate is defined as a large-scale food production system that utilizes natural 
resources through human efforts, capital, technology, and other resources to produce food 
products in an integrated manner covering food crops, horticulture, plantations, livestock, 
and fisheries within a forest area. The food estate program, which involves land expansion, 
is not a new initiative in Indonesia. It has been implemented since 1995, with land 
expansion reaching 1.45 million hectares. However, despite large-scale land clearing, 
production outcomes have remained relatively low across different periods of government 
(Supriyanto et al., 2025). 

Food estate is implemented through agricultural land extensification practices in 
peatlands, wetlands, and forest areas, supported by mechanization using heavy equipment 
(United Tractors, 2025), multi-commodity cultivation (rice, corn, and sugarcane), and 
centralized management led by the government (Supriyanto et al., 2025). These efforts aim 
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to rapidly increase food production on a large scale, reduce dependence on food imports, 
and achieve food self-sufficiency (Rasman et al., 2023). Food estate is closely associated 
with land cover change, particularly agricultural expansion in forest, peatland, and swamp 
ecosystems (Benedicta & Subekti, 2024; Meilinda et al., 2025). The expansion of agricultural 
land in these vulnerable ecosystems can lead to deforestation, hydrological degradation, 
biodiversity loss, and high economic costs (Rasman et al., 2023; Redi & Mizuno, 2025). Thus, 
food estate can be understood as a food production approach oriented toward accelerating 
output through land expansion, but accompanied by significant ecological and governance 
consequences. This underscores the need for comparative studies with alternative 
approaches that are more sustainable. 
 
Table 1. Implementation of food estate across different presidential administrations 

The presidential era 
 Soeharto Susilo Bambang 

Yudhoyono 
Jokowi Prabowo 

Implementation 
Period 

1995–1998 2008–2014 2015–2024 2025–2029 

Planned Land 
Expansion 

1.45 million ha 1.23 million ha 1.23 million ha 3 million ha 
(target) 

Planned 
Locations 

– Merauke 
(Papua); 
Bulungan (North 
Kalimantan); 
Ketapang (West 
Kalimantan) 

Merauke 
(Papua); Keerom 
(Papua); Gunung 
Mas (Central 
Kalimantan) 

– 

Realized Area & 
Locations 

3,000 ha (0.2% 
of planned area), 
Central 
Kalimantan 

140,000 ha 
(8.6%), Merauke 
(Papua); 
Ketapang (West 
Kalimantan); 
Bulungan (North 
Kalimantan) 

30,000 ha 
(2.4%), Central 
Kalimantan; 
North Sumatra; 
East Nusa 
Tenggara; South 
Sumatra; Papua 

150,000 ha in 
2025, Merauke 
(Papua); South 
Sumatra; 
Central, South, 
and West 
Kalimantan 

Budget 
Allocation 

IDR 13.3 trillion IDR 8.09 trillion Data not 
available IDR 105.9 

trillion 
 

(Supriyanto et al., 2025) 

 
Climate change has increased the variability of rainfall, extreme temperatures, floods, 

droughts, and the emergence of pests and diseases, thereby threatening the stability of 
global food production. As a result, agricultural adaptation requires a transformation of 
production systems to remain resilient under climate pressures (Enyew & Gobie, 2025). On 
the other hand, several rice-producing countries have experienced substantial increases in 
output driven by technological advancements, irrigation systems, and improved farming 
techniques (Hashim et al., 2024). The use of technology in agriculture, commonly referred 
to as smart farming, provides benefits such as improved efficiency in fertilizer and pesticide 
use, increased farmer profitability, and contributions to more sustainable agricultural 
practices (Ewert et al., 2025). 

Smart farming is often referred to as smart agriculture, Agriculture 4.0, or precision 
agriculture. Smart farming is an overarching concept that encompasses various digital 
technologies and automation, while precision agriculture is a data-driven approach that 
emphasizes site-specific land management. Meanwhile, Agriculture 4.0 refers to a 
comprehensive digital transformation involving the Internet of Things (IoT), sensors, cloud 
computing, robotics, big data analytics, Artificial Intelligence (AI), and satellite data to 
optimize agricultural production (Ali et al., 2023; Ewert et al., 2025). The fundamental 
principle of this approach is the more effective and efficient use of resources, enabling 
increased productivity, reduced operational costs, and support for sustainable agricultural 
practices. Through the integration of computing devices and automated monitoring 
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systems, smart farming aims to transform traditional agricultural practices into more 
precise, adaptive, and sustainable systems (Ali et al., 2023). The fundamental differences 
between traditional agriculture and smart farming are illustrated in Figure 2. 
 

 
Fig. 2. Comparison between traditional agriculture and smart farming 

(Inoue, 2020) 

 
In rice production, smart farming is applied in yield estimation, smart irrigation 

systems, monitoring of plant growth and diseases, as well as predicting the quality and 
classification of harvests (Hashim et al., 2024). Yield estimation is essential for farmers to 
make crop management decisions in order to maintain stable yields and ensure sustainable 
production amid climate challenges (Hashim et al., 2024). The use of technology in yield 
estimation enables real-time, data-driven monitoring, allowing farmers to optimize 
resource management such as water, fertilizers, and pesticides and make timely decisions 
to improve overall efficiency (Jabed & Murad, 2024). The main technologies commonly used 
in yield estimation include the integration of Variable Rate Technology (VRT), real-time 
monitoring sensors, drones for crop monitoring and spraying, yield monitors on combine 
harvesters, and IoT systems with real-time data simulation (Ali et al., 2023; Jabed & Murad, 
2024). These key technologies are summarized in Table 2. 

 
Table 2. Technologies used in yield estimation 

Technology Main function in yield estimation 
VRT (Variable Rate 
Technology) 

Adjusts input application (fertilizers, seeds, water), predicts and 
optimizes yield in a site-specific manner, and reduces waste by up to 
20–30%. 

Real-time Monitoring 
Sensors 

Continuously measure soil parameters (moisture, nutrients, pH) and 
weather conditions to support yield prediction models with 
accuracy >85% through IoT integration. 

Drones for Monitoring 
and Spraying 

Utilize NDVI imagery to detect early crop stress and enable precision 
spraying, with yield prediction accuracy reaching RMSE <10% in 
heterogeneous fields. 

Yield Monitor on 
Combine Harvester 

Measures actual yield in a georeferenced manner during harvesting 
to validate predictions and map yield variability per hectare. 

IoT and Real-time Data 
Simulation 

Collect and simulate data from sensors and drones for AI-based 
prediction models, supporting “what-if” simulations for different 
climate scenarios. 

(Ali et al., 2023; Hashim et al., 2024; Jabed & Murad, 2024) 

 
The implementation of smart irrigation systems contributes to more efficient water use 

and cost reduction (Ali et al., 2023; Getahun et al., 2024). This approach integrates soil 
moisture sensors, climate and temperature data, and crop data with cloud-based systems 

Agriculture  

 
Smart Farming 

          
        Skill and experience based: 

1. Direct observation using the human 
eye 

2. Decision-making based on experience 
3. Labor-intensive, human-based 

practices 

Technology, data, and user friendly 
based: 
1. Observation using sensing 

technologies 
2. Data-driven decision-making 

based on big data and AI 
3. Practices based on robotics 
 

Higher productivity and quality with 

less labor, energy, and chemicals. 
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supported by the internet to enable real-time monitoring and analysis (Hashim et al., 2024). 
The main technologies commonly used are summarized in Table 3. 
 
Table 3. Technologies used in smart irrigation systems 

Technology Main function in smart irrigation systems 
Soil Moisture Sensors Detect real-time water needs of crops. 
Drip and Sprinkler Irrigation 
Systems 

Regulate precise water application to crops. 

Naïve Bayes, Support Vector 
Regression, Fuzzy Logic 

Predict water requirements based on data and environmental 
conditions. 

Internet of Things (IoT) 
Control irrigation systems to improve water efficiency 
compared to traditional irrigation. 

Data Platforms and Mobile 
Applications 

Monitor and manage irrigation systems in real time. 

(Ali et al., 2023) 

 
The implementation of smart irrigation requires several integrated steps and 

technologies, such as automated drip irrigation, sprinkler systems, and irrigation control 
based on soil moisture sensors, along with water demand prediction using algorithms such 
as Naïve Bayes, Support Vector Regression, and fuzzy logic. This system also integrates 
climate and soil temperature data to optimize water use. In addition, the use of wireless 
sensor networks and automated controllers enables precise irrigation adjustments, 
improving crop yields while reducing water consumption compared to traditional systems. 
With these technologies, farmers can monitor field conditions and manage irrigation more 
intelligently and efficiently, reducing manual labor while conserving water resources (Ali et 
al., 2023). 
 
Table 4. Technologies used in disease identification and rice growth monitoring 

Technology Main function in disease identification and growth monitoring 
GPS, Remote Sensing, GIS Monitor crop health spatially and detect changes in plant 

conditions. 
VRT (Variable Rate 
Technology) 

Regulate the application of fertilizers and pesticides according to 
specific crop needs. 

Drones Identify the distribution of pests and diseases and assess their 
severity levels. 

Data-based Predictive 
Modeling 

Project pest and disease pressure based on environmental and 
historical data. 

Electronic Nose Predict rice shelf life based on aroma analysis. 
Convolutional Neural 
Networks (CNN) 

Classifying disease types with 99.7% accuracy.  

(Getahun et al., 2024; Hashim et al., 2024) 

 
Disease identification and crop growth monitoring enable farmers to quickly detect 

constraints in the field, allowing timely and appropriate interventions based on existing 
problems (Ali et al., 2023). Identification can be carried out using various technologies (see 
Table 3), such as GPS, remote sensing, and Geographic Information Systems (GIS), which 
provide spatial information on changes in plant color and vigor. These indicators can signal 
stress or infection that may not be visible to the naked eye, enabling farmers to take rapid 
and accurate action. In addition, recent studies show that the RicePest-DETR model 
developed in China is capable of detecting small-scale rice pests with high accuracy using 
an end-to-end transformer approach, thereby improving the speed and precision of 
automated pest identification in the field (Liu et al., 2025). The application of these 
technologies also supports ecological balance by identifying and protecting beneficial insect 
populations in line with the Integrated Pest Management (IPM) approach (Getahun et al., 
2024). 
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Table 5. Technologies used in rice quality prediction and classification 
Technology Main function in quality prediction and classification 
Hyperspectral Sensing Techniques Identify rice varieties based on spectral characteristics. 
Electronic Nose Predict rice shelf life based on aroma analysis. 
Machine Vision Classify rice quality and detect physical defects in grain 

shape. 
Radio Frequency (RF) Tomography 
and Transceivers 

Measure moisture distribution within rice grains. 

(Hashim et al., 2024) 

 
Rice quality significantly influences its market price (Mohidem et al., 2022), making it 

essential to anticipate and reduce post-harvest losses (Hashim et al., 2024). Such 
anticipation can be achieved through a combination of image processing, electronic sensors, 
and machine learning algorithms to improve the accuracy, efficiency, and speed of rice 
quality classification and prediction (Hashim et al., 2024). The application of these 
technologies in quality prediction can help farmers increase the added value of the rice they 
produce. The application of smart farming is not merely conceptual but has demonstrated 
measurable real-world impacts. Quantitatively, smart farming provides various benefits, 
ranging from improved resource-use efficiency to increased crop yields and reduced 
environmental impacts (Table 6). 
 
Table 6. Quantitative benefits of implementing smart farming 

No. Technology application Quantitative benefits 

1 
Improving soil health and resource 
efficiency using technology 

Soil health improvement of 20–30%; resource 
efficiency increased by 15% 

2 
Water-saving through sensors and data 
analysis for irrigation practices 

Water use reduced by 30–50%; yield increased 
by 10–20% 

3 
Real-time crop monitoring using drones, 
satellite imagery, and IoT sensors 

Yield increased by 10–20%; input costs 
reduced by 15% 

4 
Data-driven optimization of nutrient 
(fertilizer) use 

Fertilizer use efficiency increased by 20%; 
fertilizer costs reduced by 25% 

5 
Pest and disease management using 
data and remote sensing 

Pest/disease reduced by 20–40%; crop loss 
reduced by 15–25% 

6 
Optimization of planting and harvesting 
using GPS and data analytics 

Yield increased by 15–30%; fuel savings of 10–
20% 

7 
Use of climate data and predictive 
modeling to adapt crop management 
practices 

Food resilience increased by 20%; adaptation 
costs reduced by 10% 

8 
Use of data management and analytical 
techniques to maximize production 

Crop production increased by 15–25%; data 
management efficiency improved 

9 
Optimization of resource use and 
environmental impact 

Land degradation reduced by 20%; resource-
use efficiency increased by 15% 

10 
Minimizing carbon emissions and 
optimizing energy use 

Emissions reduced by 15–25%; energy use 
reduced by 10–20% 

(Getahun et al., 2024) 

 

2.    Methods 
 

This study employs a qualitative descriptive-comparative approach based on a 
literature review to examine food estate and smart farming as alternative rice production 
strategies for strengthening Indonesia's national food security. This approach was selected 
because it enables a systematic comparison of the characteristics, implementation contexts, 
and potential contributions of both strategies while synthesizing evidence from previous 
studies. Data collection was conducted through a review of academic literature, policy 
documents, national and global reports, as well as statistical data. Descriptive analysis was 
used to identify the key characteristics, operational principles, and implementation 
contexts of smart farming and food estate. Furthermore, comparative analysis was then 
conducted using three international smart farming case studies representing different 
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implementation models: a high-technology model (Japan), a low-cost technology model for 
smallholder farmers (Malaysia), and a data-driven precision agriculture model based on 
remote sensing (Brazil). These cases were selected to evaluate the potential applicability of 
smart farming in Indonesia in terms of productivity improvement, resource-use efficiency, 
institutional readiness, and environmental sustainability. Finally, the findings were 
synthesized to develop conceptual policy recommendations regarding the relative roles of 
land extensification through food estate and precision intensification through smart 
farming in supporting sustainable national food security. 

 

3.    Results and Discussion 
 
3.1   The implementation of food estates in Indonesia for rice production 
 

The implementation of the food estate program as a strategy to increase rice 
production in Indonesia has been carried out since 1995 using a large-scale land 
extensification approach. According to the FAO Agro-Ecological Zoning (AEZ) framework, 
agricultural land expansion can contribute to food security when implemented on agro-
ecologically suitable land and supported by appropriate land evaluation, planning, and 
governance (Ahmad et al., 2019). This program has opened a total of 6.91 million hectares 
of land across various regions, including Central Kalimantan, West Kalimantan, North 
Kalimantan, South Sumatra, North Sumatra, East Nusa Tenggara, and South Papua. The land 
utilized generally includes peatlands, existing rice fields, and forest areas, including 
protected forests that are permitted for cultivation activities under Regulation of the 
Minister of Environment and Forestry No. 7/2021. Although legally permitted, the use of 
such areas carries ecological consequences, including hydrological degradation, 
biodiversity loss, and high carbon emissions resulting from peatland conversion (Benedicta 
& Subekti, 2024; Rasman et al., 2023). On the other hand, Regulation No. 7/2021 does not 
provide clear limitations on the extent to which protected forests can be classified as 
“partially non-protective,” raising concerns about potential expansion of cultivation into 
forested areas, which may accelerate deforestation (Benedicta & Subekti, 2024). 

Empirically, the extent of land opened has not been accompanied by adequate 
productivity. The area that is truly productive is only around 323,000 hectares, or less than 
5% of the total planned area (Supriyanto et al., 2025). Production yields range from 5.1–5.2 
tons per hectare, which is lower than the national potential of 6–7 tons/ha, and far below 
the optimal potential of 7–10 tons/ha in intensively irrigated fields (Sulaeman et al., 2024). 
In addition to low productivity, various studies have documented the emergence of land 
conflicts, uncertainty in land-use status, and shifts from food production to non-food 
commodities. 

The food estate program in Central Kalimantan, for example, has been further 
undermined by land conflicts involving local communities, corporations, and authorities; 
the dominance of large-scale business interests that shift the focus away from food security; 
unclear spatial planning and land status not aligned with the Regional Spatial Plan (RTRW); 
as well as the marginalization of indigenous communities and local farmers who lose their 
livelihoods and access to land (Ayu, 2022). Meanwhile, in North Sumatra, the food estate 
program has instead reduced rice production, as communities were compelled to shift to 
other commodities such as potatoes, garlic, and shallots, leading to rice shortages at the 
household level. A similar situation has occurred in Merauke, where large-scale agricultural 
projects involving investors have shifted toward non-food commodities such as oil palm 
(Kamin & Altamaha, 2019). Furthermore, the Minister of Agriculture has openly stated that 
the Merauke food estate area serves as a source of raw materials for ethanol and biodiesel. 
This indicates a shift in the original objective of food estate land development. 

Narratively, the food estate program is often promoted as a driver of food security, an 
attractor of investment, and a means to increase farmers’ income. However, various studies 
indicate that these benefits are overshadowed by risks such as land conflicts, environmental 
degradation, deforestation, and shifts in agricultural practices that may actually weaken 

https://doi.org/10.61511/jassu.v4i1.2026.3930


Pertiwi (2026)    32 

 
JASSU. 2026, VOLUME 4, ISSUE 1                                                                                                https://doi.org/10.61511/jassu.v4i1.2026.3930 

food sovereignty (Redi & Mizuno, 2025). In general, the low level of success is largely 
influenced by weaknesses in planning and implementation processes (Rasman et al., 2023), 
as well as the failure to align ecological, economic, and socio-cultural interests. It is also 
associated with the lack of participatory and inclusive approaches that take into account 
local knowledge and indigenous rights (Meilinda et al., 2025). 

In other words, this program has been developed without adequate land suitability 
analysis, particularly regarding water availability, soil characteristics, climate conditions, 
and the readiness of agricultural infrastructure. In fact, in addressing environmental 
pressures and climate change, the food estate program should prioritize research, especially 
related to soil quality (Fiantis et al., 2022). The mismatch of crop varieties, the use of 
planting methods that are not aligned with local ecological conditions, and the lack of 
technological support for farmers have also become significant constraints. In addition, 
synergy between the government, local farmers, and other stakeholders is often weak. Many 
farmers are unfamiliar with new farming systems, receive limited training, or bear high 
production risks when outcomes do not meet expectations (Rasman et al., 2023; Redi & 
Mizuno, 2025). Farmers are even frequently bound by contracts as suppliers in agribusiness 
schemes, indicating that the food estate program is driven more by political and economic 
interests than purely by the goal of increasing local food production (Hidayaturrahman et 
al., 2025). This situation suggests that land expansion alone may be insufficient to 
strengthen long-term rice production, highlighting the need to complement extensification 
with strategies that improve productivity, resource efficiency, and environmental 
sustainability. Overall, the implementation of food estate in Indonesia indicates that land 
extensification alone is insufficient to achieve sustainable rice production. Its effectiveness 
depends not only on expanding cultivated areas but also on appropriate land selection, 
comprehensive planning, adequate infrastructure, good governance, and the integration of 
ecological, social, and economic considerations. These observations highlight the 
importance of complementing land expansion with approaches that enhance productivity 
and resource efficiency, which are discussed in the following section. 
 
3.2   Smart farming in various countries 
 

The implementation of smart farming in various countries demonstrates diverse 
approaches depending on socio-economic contexts, land structures, and technological 
capacities. Japan, for instance, has faced unsustainable agricultural conditions due to 
climate change, limited land availability, and a significant decline in the number of farmers 
(Fuhrmann-Aoyagi et al., 2024). In response to these challenges, various efforts have been 
undertaken to enhance the productivity and sustainability of agriculture, forestry, fisheries, 
and food industries in Japan through innovation, policy support (Fuhrmann-Aoyagi et al., 
2024), and the adoption of smart farming practices supported by advanced technologies 
(Inoue, 2020). Japan utilizes an integration of high-resolution satellite imagery 
(WorldView-2/3, SPOT-6/7, RapidEye), multispectral and thermal drones, and AI-based 
crop diagnostic algorithms for precision management in rice fields. These technologies 
support accurate yield estimation, precision fertilization based on CCC and CNC mapping, 
early detection of pests and diseases, and irrigation management based on plant water 
stress. The quantitative impacts are significant: fertilizer use is reduced by 10–17%, yields 
increase by 10–15%, rice quality improves, and land management efficiency is enhanced 
despite highly fragmented paddy field structures (Inoue, 2020). 

Meanwhile, Malaysia has initiated smart farming practices focused in the Selangor 
region. Unlike Japan, its implementation is not conducted on a large scale but rather among 
smallholder farmers. The technologies used are simpler and more cost-effective, including 
drones for fertilization, spraying, seeding, and disease detection, as well as decision support 
systems such as PADDY-GIS, which integrates remote sensing, GIS, and GPS for precision 
mapping. These technologies have generated significant impacts, including improved time 
and labor efficiency, greater accuracy in input application, faster disease detection, 
enhanced land management, and reduced labor requirements. Although quantitative data 
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are not yet available, qualitative findings indicate that smart farming improves the 
effectiveness of rice management and enhances farmers’ readiness to face production 
challenges (Zaman et al., 2023). 

In Brazil, significant progress has been demonstrated through the use of remote 
sensing based on satellite imagery and deep learning for precise rice mapping. The 
technologies applied include Sentinel-2 imagery, CNN and U-Net algorithms, as well as 
multiband spectral processing to generate high-resolution rice land cover maps. This 
approach improves mapping accuracy to over 90%, enabling more precise identification of 
cropping patterns, actual cultivated areas, and growth dynamics. The impacts are 
particularly significant in major rice-producing regions such as Rio Grande do Sul, where 
accurate spatial information supports governments and farmers in irrigation planning, 
production forecasting, flood risk mitigation, and more efficient resource management 
(Islam et al., 2025). 

Comparatively, these countries demonstrate diverse applications of smart farming: 
Japan excels in high-precision technologies with clear quantitative impacts; Malaysia stands 
out in the adoption of low-cost technologies suitable for smallholder farmers; while Brazil 
maximizes the use of remote sensing and deep learning for data-driven planning and 
policymaking. These findings indicate that improving productivity and input efficiency does 
not necessarily require large-scale mechanization. In fact, Malaysia and Brazil show that 
smart farming can also be successfully implemented on small plots and through 
strengthened information systems, making this approach particularly relevant for 
Indonesia, where rice farming is predominantly small-scale and fragmented. However, 
large-scale implementation would require substantial initial investment in digital 
infrastructure, agricultural equipment, connectivity, and farmer capacity building. 
Therefore, smart farming should be introduced gradually through phased adoption, 
cooperative-based service models, and public support to reduce financial barriers for 
smallholder farmers. Compared with large-scale land expansion, this approach provides an 
opportunity to enhance productivity while minimizing additional environmental pressure. 

 
3.3   Estimated increase in Indonesia's rice productivity through smart farming technology 
 

In 2024, Indonesia had a total paddy field area of 10.05 million hectares, with total rice 
production reaching 53.14 million tons of unhusked rice (Gabah Kering Giling, GKG) 
(Central Statistics Agency, 2025a). On average, national productivity ranges from 5.2–5.3 
tons/ha, comparable to the food estate output of 5.1–5.2 tons/ha. However, this figure 
remains lower than the potential of intensively managed irrigated fields, which can typically 
reach 6–7 tons/ha. If traditional practices are enhanced with smart farming technologies—
such as real-time crop monitoring using drones, satellite imagery, and IoT sensors—
productivity can increase by approximately 10–20% (Getahun et al., 2024). Using a baseline 
productivity of 6 tons/ha, this improvement could raise yields to around 6.6–7.7 tons/ha, 
thereby increasing national production without the need for land expansion as in the food 
estate approach. This improvement is also more sustainable, as it optimizes the use of 
existing agricultural land. In addition, recent studies have developed IoT-based models for 
monitoring soil fertility and pest rates with an accuracy of up to 99% (Widanti et al., 2024). 

In terms of water efficiency, rice water consumption varies across genotypes and 
varieties; however, under the assumption of 200,000 clumps per hectare, water 
requirements range from 3,639 to 4,827 m³/ha (Supijatno et al., 2012). This amount can be 
reduced by 30–50% through the use of sensors and big data analytics (Getahun et al., 2024). 
Meanwhile, a study in Indonesia shows that the development of water-saving irrigation 
control based on fuzzy logic can reduce water use by 20.32% (Saputra, 2022). Thus, if 
applied, average water consumption could decrease to approximately 2,899–3,955 m³/ha. 
Smart farming also has the potential to reduce the use of chemical fertilizers. Under low 
productivity conditions (±6 tons/ha), conventional practices with low soil nutrient status 
typically require around 300–400 kg/ha of urea, 100 kg/ha of SP36/TSP, and 100 kg/ha of 
KCl. With a data-driven approach, fertilizer efficiency can increase by up to 20% due to 
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application based on actual crop needs (Getahun et al., 2024). Consequently, urea 
requirements can be reduced to approximately 240 kg/ha, SP36/TSP to 80 kg/ha, and KCl 
to 80 kg/ha. This reduction is important to minimize nutrient loads on soil and water 
systems. 

At the national level, if 50% of Indonesia’s rice fields (approximately 5 million hectares) 
adopt smart farming with a minimum productivity increase of 10%, the additional 
production would reach: 5 million ha × 0.6 tons/ha = +3 million tons of unhusked rice (GKG). 
This increase would be sufficient to close import gaps in certain years without the need for 
land expansion. The environmental impact of smart farming is significantly lower than that 
of food estate, as it does not require deforestation, reduces the use of fertilizers and water, 
and prevents peatland degradation. Therefore, precision intensification through smart 
farming offers a more efficient, sustainable, and low-emission strategy for increasing 
production compared to the extensification approach of food estate. 

 
3.4   Challenges in implementing smart farming 
 

Although smart farming offers promising technical and environmental advantages, its 
adoption in Indonesia is influenced not only by technological readiness but also by broader 
policy priorities. The continued implementation of the food estate program illustrates that 
agricultural development decisions are shaped not only by technological effectiveness but 
also by political and economic considerations. Food estate projects have gradually 
expanded beyond food production objectives to support broader policy agendas, including 
regional development, investment attraction, infrastructure expansion, and downstream 
agro-industries such as bioenergy. These multiple policy priorities help explain why land 
extensification continues to receive substantial policy attention despite documented 
challenges in productivity, environmental sustainability, and social outcomes 
(Hidayaturrahman et al., 2025; Kamin & Altamaha, 2019). Consequently, the transition 
toward smart farming involves not only overcoming technical and financial barriers but also 
strengthening policy support and aligning public investment with long-term productivity 
and sustainability objectives. 

The implementation of smart farming in Indonesia faces structural constraints typical 
of developing countries. More than 50% of farmers in Indonesia are smallholders managing 
land areas of less than 0.5 hectares (Central Statistics Agency, 2023). This condition makes 
investments in IoT sensors, drones, and other technologies difficult to afford. In addition, 
internet usage in Indonesia, although reaching 72.78% (Central Statistics Agency, 2025b), 
remains unevenly distributed, which hampers the implementation of cloud-based and real-
time technologies. From an economic perspective, farmers face price volatility of unhusked 
rice, high input costs, and limited access to financing, making precision technologies appear 
high-risk and difficult to prioritize as investments. 

Technical barriers are also significant, including limited digital capacity among 
farmers, inadequate energy infrastructure in agricultural areas, and a lack of data 
availability. This data limitation causes many technology-based solutions to remain isolated 
(Project Mizu, 2023). Moreover, environmental challenges such as droughts, floods, and soil 
degradation require more adaptive smart farming systems, while most farmers still rely on 
traditional farming practices. However, these traditional practices—largely based on 
experience are becoming less relevant under current climate crisis conditions (Project Mizu, 
2023). 

Experiences from other countries show that the various barriers to smart farming can 
be overcome through strong institutional support. Malaysia has successfully adopted low-
cost technologies such as drones and GIS systems among smallholder farmers, supported 
by subsidies, field training, and service models such as “drone-as-a-service” (Zaman et al., 
2023). Japan demonstrates successful agricultural productivity despite land limitations 
through the adoption of high-standard technologies supported by national policies 
(Fuhrmann-Aoyagi et al., 2024). Meanwhile, Brazil has maximized the use of remote sensing 
technologies and spatial modeling for crop planning and data-driven decision-making by 
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the government (Islam et al., 2025). These lessons are highly relevant for Indonesia, whose 
agricultural structure is similar to Malaysia’s, but which requires strong institutional 
support like Japan and spatial data integration as implemented in Brazil. In the policy 
context, given the substantial public investment of approximately IDR 127 trillion in the 
food estate program, the limited productive area, modest yield improvements, and the 
environmental and social challenges discussed in this study suggest that a comprehensive 
evaluation of future investment priorities is warranted. Greater investment in smart 
farming technologies and agricultural digitalization may offer a more cost-effective and 
sustainable pathway to increasing national rice production than continued reliance on 
large-scale land expansion. 
 

4.    Conclusions 
 

The findings of this study indicate that strengthening Indonesia's food security cannot 
rely solely on large-scale land expansion through the food estate approach, given the limited 
productive outcomes, environmental risks, and implementation challenges identified in this 
study. In contrast, a comparative analysis of Japan, Malaysia, and Brazil demonstrates that 
smart farming, through both high-precision and low-cost technologies, offers a promising 
pathway to increase productivity, improve input-use efficiency, and reduce environmental 
pressures. The analysis suggests that adopting smart farming on only a portion of 
Indonesia's existing rice fields could increase national rice production by approximately 3 
million tons of unhusked rice (GKG), while simultaneously reducing water and fertilizer use 
through data-driven management. 

The successful adoption of smart farming, however, depends not only on technological 
innovation but also on addressing structural and institutional barriers. Land fragmentation, 
limited farmer capacity, inadequate digital infrastructure, and policy incentives that 
continue to prioritize land extensification remain major constraints. Therefore, the 
transition toward smart farming requires stronger governance, cross-sectoral coordination, 
and a shift from a predominantly top-down policy approach toward farmer-centered 
institutional arrangements that strengthen extension services, technology adoption, and 
long-term investment. Rather than being implemented nationwide at once, smart farming 
should first be introduced through pilot projects in major rice-producing regions, followed 
by gradual scaling based on technical, economic, and institutional evaluation. 

From a policy perspective, rather than focusing predominantly on expanding cultivated 
land, future agricultural investment should prioritize integrating national agricultural data 
systems, strengthening agricultural digitalization, expanding rural digital infrastructure, 
reinforcing research and extension services, and empowering farmer organizations to 
ensure inclusive technology adoption. These measures should complement continuous 
evaluation of large-scale land expansion programs to ensure that future public investment 
generates higher productivity and sustainability outcomes. 

This study contributes to the literature by providing a comparative conceptual 
assessment of food estate and smart farming as alternative strategies for strengthening 
Indonesia's food security. However, this study is based primarily on a literature review and 
comparative analysis; therefore, its conclusions should be interpreted within the scope of a 
conceptual analysis. Future research should undertake field-based empirical validation to 
evaluate the technical feasibility, economic performance, institutional readiness, and social 
acceptance of smart farming under different agroecological and socio-economic conditions 
in Indonesia. Such evidence will provide a stronger empirical basis for evaluating the 
relative effectiveness of food estate and smart farming as alternative rice production 
strategies for achieving Indonesia's long-term national food security. 
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