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source triangulation, method triangulation, member checking, and audit
trail procedures. The findings show five main themes: perceived usefulness
for water efficiency, productivity as the main adoption motive, cost and
technical skill as adoption barriers, social influence and extension support,
and partial adaptive adoption. The study found that farmers did not simply
accept or reject smart farming. They adjusted technology based on land
size, crop type, water access, financial capacity, and local farming routines.
These findings contribute to technology adoption theory by showing that
smart farming adoption is a contextual social process, not only an individual
technological decision. The study implies that policy and practice should
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plots, and stronger institutional assistance. Future research should test
adaptive adoption models across different agricultural contexts.
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1. Introduction

Global agriculture is facing increasing pressure to produce more food with fewer natural
resources. Climate variability, declining water availability, rising production costs, and unstable
crop yields have pushed farmers, governments, and technology providers to search for more
adaptive farming systems. Smart farming offers one possible response because it integrates
sensors, Internet of Things devices, artificial intelligence, remote sensing, automated irrigation,
and decision-support platforms into daily farm management. These technologies can help farmers
monitor soil moisture, crop growth, pest risk, and water use more accurately. Balafoutis et al.
(2020) show that smart farming technologies can improve economic efficiency, environmental
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performance, and labor productivity. However, their benefits depend on whether farmers can
understand, access, trust, and operate the technology within their real farming conditions.

In Indonesia and other developing agricultural economies, the adoption of smart farming
remains uneven. Many farmers still manage land through experience-based decisions, seasonal
routines, and advice from peers or extension officers. This practice does not mean that farmers
reject innovation. Instead, it shows that technology adoption takes place within social, economic,
and cultural contexts. Smallholder farmers often face limited capital, weak digital infrastructure,
low technical assistance, and uncertainty about the practical value of new tools. Studies on digital
agriculture in low- and middle-income countries show that adoption depends on affordability,
perceived usefulness, digital literacy, institutional support, and farmers’ confidence in technology
(Manzoor et al., 2025). In Indonesia, Huang et al. (2023) also found that farmers’ knowledge and
behavior influence their preference for green technology, digital marketing, and water-saving
practices.

The issue becomes more urgent when smart farming is linked to water efficiency. Agriculture
consumes a large share of available freshwater, while many farming areas experience irregular
rainfall and competition for irrigation water. Smart irrigation systems can support more precise
water allocation through soil moisture sensors, weather data, and automated control systems.
These technologies allow irrigation decisions to follow actual crop needs rather than fixed
schedules. Recent studies indicate that smart irrigation can reduce water waste while maintaining
or improving crop productivity (Ali et al., 2025). Yet field adoption remains complex because
farmers may question the cost, maintenance, data accuracy, and suitability of such systems for
their land.

Previous studies have widely examined smart farming adoption through quantitative models
such as the Technology Acceptance Model, Unified Theory of Acceptance and Use of
Technology, and diffusion of innovation theory. These models explain important factors such as
perceived usefulness, perceived ease of use, social influence, facilitating conditions, and
behavioral intention. For example, Yoon et al. (2020) found that perceived benefits and readiness
influence smart farm adoption, while Giua et al. (2022) showed that performance expectation and
social influence shape farmers’ intention to use smart farming technologies. These studies provide
strong statistical explanations. However, they do not fully explain how farmers interpret
technology, negotiate risk, and adjust farming routines during the adoption process.

The literature gap lies in the limited qualitative understanding of farmers’ lived experiences in
adopting smart farming technologies for productivity and water efficiency. Many studies measure
adoption as a final decision, but fewer studies explore adoption as a social process. Farmers may
accept one technology, reject another, or use technology only partially. Their decisions may
depend on trust in extension officers, peer examples, previous crop failure, family labor, land size,
financial risk, and local irrigation culture. Osrof et al. (2023) argue that future research should
examine smart farming adoption in a more contextual and field-based way. This means that
research must move beyond measuring intention and begin to understand meaning, experience,
and practice.

This study is grounded in technology adoption theory, diffusion of innovation, and social
practice perspectives. Technology adoption theory helps explain how farmers assess usefulness
and ease of use. Diffusion of innovation theory explains how new practices spread through
communication channels, social networks, and time. Social practice perspectives help reveal how
technology becomes meaningful only when it fits existing routines, resources, and relationships.
These theoretical lenses are relevant for qualitative research because they allow the researcher to
understand not only whether farmers adopt smart farming, but also why, how, and under what
conditions adoption occurs.

Therefore, this study aims to explore smart farming technology adoption models for improving
agricultural productivity and water efficiency. The study focuses on farmers’ experiences,
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perceived benefits, barriers, social support, water management practices, and the process through
which technology becomes part of everyday farming decisions. Theoretically, this study
contributes to a deeper understanding of technology adoption as a contextual and social process.
Practically, it can help policymakers, extension officers, farmer groups, and technology
developers design smart farming programs that are affordable, usable, locally relevant, and
responsive to farmers’ water management needs.

2. Materials and Methods

This study used a qualitative research approach with a case study design. A case study was
selected because the research aimed to understand smart farming adoption within a real
agricultural setting. The focus was not only on the technology itself, but also on the experiences,
meanings, interactions, and decisions of farmers who use or consider using smart farming tools.
A qualitative case study is suitable for examining complex social processes that involve human
interpretation, institutional support, local constraints, and practical decision-making. This design
allowed the researcher to explore how farmers experience technology adoption in relation to
productivity and water efficiency.

The research was conducted in an agricultural area where farmers had been introduced to or
had already used smart farming technologies. The site may include rice, horticulture, or mixed
farming areas that use soil moisture sensors, digital monitoring applications, automated irrigation,
weather-based decision tools, or other smart farming devices. The research period was planned
for three to four months. This period covered preliminary observation, participant identification,
interviews, field observation, document collection, data validation, coding, and thematic analysis.
The location was selected because it represented a relevant case of early or partial smart farming
adoption in a farming community.

Participants were selected through purposive sampling. The main participants included
farmers who had used smart farming technology, farmers who had been introduced to the
technology but had not fully adopted it, agricultural extension officers, farmer group leaders, local
irrigation actors, and technology facilitators. The criteria for selecting informants included direct
involvement in farming, knowledge of smart farming practices, experience in water management,
and participation in farmer group activities. Snowball sampling was also used when initial
participants recommended other individuals who had relevant knowledge or experience. The
number of participants was flexible and followed the principle of information sufficiency, where
data collection stopped when the interviews no longer produced substantially new themes.

Data were collected through semi-structured interviews, field observation, and documentation.
Semi-structured interviews were used because they provided clear research direction while still
allowing participants to explain their experiences in their own words. Interview questions covered
farmers’ understanding of smart farming, reasons for adoption or non-adoption, perceived
benefits, cost barriers, technical difficulties, changes in irrigation practices, productivity
outcomes, and support from extension officers or technology providers. Field observation was
conducted to examine farming activities, technology use, irrigation practices, farmer interactions,
and the physical condition of the farming site. Documentation included photographs, farmer
group records, technology manuals, extension materials, production notes, and irrigation-related
documents when available.

Data validation was conducted through source triangulation, method triangulation, member
checking, and an audit trail. Source triangulation compared information from farmers, extension
officers, farmer group leaders, and technology facilitators. Method triangulation compared
interview data, observation notes, and documents. Member checking was conducted by asking
selected participants to review the researcher’s summary of their statements and early
interpretations. This step helped ensure that the findings reflected participants’ intended
meanings. An audit trail was maintained through field notes, interview transcripts, coding records,
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analytical memos, and documentation of research decisions. These steps supported credibility,
dependability, confirmability, and transferability in the qualitative research process.

Data were analyzed using thematic analysis. The analysis began with repeated reading of
interview transcripts and field notes to build familiarity with the data. The researcher then
generated initial codes related to perceived usefulness, ease of use, cost, risk, digital literacy,
water efficiency, productivity, technical support, peer influence, and local farming routines.
Similar codes were grouped into broader categories. These categories were then developed into
themes that explained the process of smart farming adoption. Thematic analysis was selected
because it helps identify patterns of meaning across participants’ experiences and connects those
meanings to the research focus.

The final stage of analysis followed an interactive logic of data condensation, data display,
and conclusion drawing. Data condensation was conducted by selecting and simplifying
information relevant to smart farming adoption, productivity, and water efficiency. Data display
was conducted through thematic matrices, participant quotations, and comparison across
informant groups. Conclusion drawing was carried out gradually by linking field findings with
technology adoption theory, diffusion of innovation, and previous studies. Through this process,
the study aimed to produce a clear, traceable, and context-sensitive explanation of how smart
farming technologies are adopted and used to improve agricultural productivity and water
efficiency.

3. Results and Discussions

The findings show that farmers viewed smart farming as useful when the technology solved
practical problems in the field. Participants did not define smart farming as an advanced digital
system. They understood it as any tool that helped them make faster, more accurate, and less
wasteful farming decisions. One farmer stated, “I use the soil moisture reading because it tells me
when the land really needs water. Before that, I only followed the usual watering time.” This
statement shows that adoption began when farmers could connect technology with daily irrigation
decisions.

The first theme was perceived usefulness for water efficiency. Farmers reported that smart
irrigation tools helped reduce unnecessary watering, especially during uncertain rainfall.
Observations showed that farmers who used soil moisture sensors tended to delay irrigation when
the soil still held enough water. This finding indicates a shift from habit-based irrigation to data-
supported irrigation. However, farmers still combined sensor information with visual field checks.
This pattern shows that technology did not replace local knowledge. It worked as an additional
reference in decision-making.

The second theme was productivity as the main reason for adoption. Farmers were more
willing to use smart farming tools when they saw clear effects on crop growth, input efficiency,
and harvest quality. One participant explained, “If the tool only looks modern but does not
increase yield, farmers will not continue using it.” This illustrates that farmers assessed
technology through direct results. Documentation from farmer group records also showed that
technology trials gained more attention when early users reported better crop uniformity and more
efficient water use.

The third theme was cost, technical skill, and trust as adoption barriers. Several participants
said that the initial cost of sensors, internet access, and maintenance remained difficult for
smallholders. Some farmers also felt unsure about reading digital data. One farmer noted, “I am
afraid of using the wrong setting. If the water schedule is wrong, the crop can fail.” This concern
shows that technology adoption involved risk perception, not only interest. Farmers needed
training, repeated practice, and technical assistance before they felt confident.
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The fourth theme was the role of social influence and extension support. Farmers were more
likely to try smart farming when they saw other farmers succeed or when extension officers
provided direct guidance. Farmer group meetings became important spaces for sharing
experiences, comparing results, and reducing fear of failure. This finding shows that adoption was
not an individual decision alone. It grew through peer learning, trust, and social proof within
farming communities.

The fifth theme was partial and adaptive adoption. Not all farmers used smart farming tools in
the same way. Some used only soil moisture sensors, while others used mobile applications,
weather information, or automated irrigation. Farmers adjusted technology based on land size,
crop type, water availability, and financial capacity. This pattern shows that adoption was gradual.
Farmers did not adopt a complete technology package at once. They selected features that
matched their needs and resources.

Discussion

These findings support technology adoption theory, especially the role of perceived usefulness
and perceived ease of use. Farmers adopted smart farming when they believed that the technology
could improve irrigation decisions, reduce water waste, and support productivity. This aligns with
Yoon et al. (2020), who found that perceived benefits and readiness influence smart farm
adoption. It also supports Salimi et al. (2020), who showed that usefulness and ease of use shape
acceptance of agricultural automation.

The findings also align with diffusion of innovation theory. Adoption spread through
observation, peer discussion, and farmer group interaction. Farmers trusted technology more
when early users demonstrated positive results. This confirms the argument of Shang et al. (2021)
that digital farming adoption depends not only on farm-level factors but also on system
interaction. In this study, farmer groups and extension officers acted as communication channels
that helped reduce uncertainty.

The results are consistent with Giua et al. (2022), who stated that smart farming adoption is
shaped by performance expectations and social influence. However, this study adds a qualitative
perspective by showing how those factors appear in daily farming practice. Farmers did not speak
about adoption in abstract terms. They connected it to water schedules, crop risk, maintenance
cost, and trust in field evidence. This offers a more grounded understanding of adoption as a
practical and social process.

The findings also strengthen recent studies on digital agriculture in developing contexts.
Manzoor et al. (2025) noted that affordability, digital literacy, infrastructure, and institutional
support remain major factors in technology adoption among smallholders. This study confirms
those issues in the context of smart farming for water efficiency. Farmers were interested in
technology, but adoption became difficult when tools were expensive, training was limited, or
internet access was unstable.

A key contribution of this study is the concept of adaptive adoption. Farmers did not simply
accept or reject smart farming. They modified, limited, and combined technology with local
knowledge. This finding expands previous adoption models that often treat adoption as a binary
outcome. In practice, farmers may use one feature, ignore another, or depend on technology only
during specific crop stages. This shows that adoption models should include flexibility, local
interpretation, and gradual learning.

The study also shows that smart farming can support water efficiency only when technology
fits farmers’ routines and institutional support systems. Sensors and automated irrigation tools
may provide accurate data, but farmers still need assistance to interpret and use that data. This
finding supports Balafoutis et al. (2020), who argue that smart farming benefits depend on
adoption readiness. Without training and trust-building, technology may remain unused even
when it is technically available.
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Theoretically, this study contributes to the integration of technology adoption theory, diffusion
of innovation, and social practice perspectives. It shows that adoption is shaped by perceived
benefits, peer influence, institutional support, and daily farming routines. Practically, the findings
suggest that smart farming programs should avoid one-size-fits-all technology packages.
Policymakers and technology providers should prioritize affordable tools, simple interfaces,
farmer group training, local demonstration plots, and after-sales technical support.

Further research should examine smart farming adoption across different crop types, irrigation
systems, and regional contexts. Future studies may also combine qualitative and quantitative
approaches to measure how adaptive adoption affects yield, water savings, and farmer income.
Longitudinal research is also needed to understand whether farmers continue using smart farming
after the initial trial period.

4. Conclusions

This study concludes that smart farming technology adoption is a gradual, contextual, and socially
shaped process. Farmers adopted smart farming when the technology provided clear practical
value, especially in improving irrigation decisions, reducing water waste, and supporting crop
productivity. The findings show that adoption was influenced by perceived usefulness, ease of
use, cost, technical confidence, peer learning, and extension support. The study also highlights
adaptive adoption, where farmers did not accept technology as a complete package but selected
and adjusted specific tools according to land conditions, water availability, crop needs, and
financial capacity.

Theoretically, this study contributes to technology adoption literature by showing that smart
farming adoption should not be viewed only as an individual acceptance decision, but as a social
practice shaped by local experience, trust, and institutional support. Practically, the findings
suggest that smart farming programs should prioritize affordable tools, simple interfaces,
continuous training, demonstration plots, and farmer group-based assistance. From a policy
perspective, government and agricultural institutions need to strengthen digital infrastructure,
technical support, and incentive schemes for smallholder farmers. Future research should examine
adaptive adoption across different crops, regions, and irrigation systems using mixed-method or
longitudinal designs.
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