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ABSTRACT

Background. The advancement of agricultural technology in the
digital era has opened up new opportunities to improve productivity,
sustainability, and efficiency in farming practices. However, many
smallholder farmers in rural communities remain unfamiliar with smart
farming tools, particularly those involving Internet of Things (IoT)
technologies. Limited access to training and digital infrastructure
further hinders their ability to adapt to modern agricultural systems.

Purpose. This study aims to implement a community-based training
program that focuses on the use of loT-based monitoring applications
for agriculture.

Method. The primary objective of this research is to empower local
farming communities by enhancing their technical competencies in
operating and interpreting data from smart farming systems. A
participatory action research (PAR) design was employed, involving 20
smallholder farmers from a rural agricultural village in Central Java,
Indonesia. The training included device installation (temperature, soil
moisture, and humidity sensors), mobile application usage, and basic
data analysis for crop management decision-making.

Results. The results indicate that participants demonstrated improved
understanding and practical skills in using IoT tools to monitor crop
conditions. Farmers reported increased awareness of real-time data
utilization, enabling more informed decisions regarding irrigation,
fertilization, and harvesting schedules. Engagement levels were high,
with 85% of participants able to operate the system independently after
the training.
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predictive analysis, and precision agriculture, leading to higher yields, reduced waste, and more
efficient resource use.

Smart farming, also known as precision agriculture, leverages IoT devices such as soil
moisture sensors, temperature monitors, and automated irrigation systems (Anand, 2022). These
tools allow farmers to make data-driven decisions that enhance crop productivity and environmental
sustainability. By continuously tracking field conditions, farmers can optimize their practices based
on actual needs rather than estimates (Gomez-Chabla, 2019).

Developed countries have begun to adopt smart farming practices at scale, supported by
strong digital infrastructure and institutional frameworks. In these contexts, farmers are well-
equipped with training, access to technology, and advisory services that support their transition to
high-tech agriculture (Badoni, 2023). This integration has shown promising results in terms of food
security and climate resilience. In developing nations, however, the diffusion of smart agriculture
technology is significantly slower (Dutta, 2020). Rural agricultural communities often lack access
to both the tools and the technical knowledge required to implement IoT-based monitoring. The
digital divide remains a major challenge, limiting the transformative potential of smart farming in
underserved regions (Chandra, 2021).

Indonesia, as an agrarian country with a large rural population, stands to benefit immensely
from the adoption of IoT in agriculture. Government programs have started promoting agricultural
modernization, but local-level initiatives that bring technology directly to farmers remain limited
(Leduc, 2021). Empowering communities through hands-on training is critical for realizing the
benefits of smart farming. Training programs that focus on loT-based monitoring tools can play a
pivotal role in bridging the gap between traditional farming and digital innovation (Frikha, 2023).
These programs not only transfer knowledge but also build farmers’ confidence and willingness to
adopt new technologies. Community-based approaches ensure that training is relevant, localized,
and scalable (Dey, 2021).

Despite the growing interest in agricultural digitalization, limited empirical evidence exists
on how loT-based monitoring tools can be effectively introduced and adopted at the grassroots level
(Fuentes-Penailillo, 2024). Most research has centered around large-scale commercial farms,
leaving smallholder farmers and rural communities understudied in the context of smart farming
(Gupta, 2020). There is a lack of documented training models that are both practical and accessible
for farmers with limited technological experience. The absence of structured training methods that
combine hands-on learning with contextual adaptation hinders the successful implementation of
smart agriculture technologies in community settings (Ali, 2023).

Research rarely explores the behavioral and attitudinal outcomes of IoT training on farmers'
decision-making processes. It remains unclear how digital monitoring tools influence traditional
knowledge systems and whether they can be harmonized with existing farming practices (Alves,
2023). Understanding these dynamics is essential for ensuring technology adoption is sustainable
and culturally appropriate. Most importantly, there is a limited understanding of the role of
community empowerment through digital agriculture in Indonesia (Delgado, 2019). While pilot
projects exist, few studies assess the long-term impact of localized 10T training programs on
agricultural productivity, environmental awareness, or farmer autonomy. This gap necessitates
further investigation into scalable and replicable models of digital agricultural education (Fuentes-
Penailillo, 2024).
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Addressing this gap is crucial for promoting inclusive and sustainable agricultural
development. Introducing IoT-based monitoring tools through community-oriented training can
democratize access to technology and equip farmers with the skills needed to manage their land
more efficiently (Bertoglio, 2021). Digital tools become more impactful when farmers understand,
trust, and routinely use them. This study hypothesizes that participatory training in smart farming
applications will improve not only technical literacy but also decision-making quality and crop
management practices among rural farmers (Adam, 2019). By engaging farmers directly, the
intervention seeks to enhance their sense of ownership and long-term use of the technology.
Localized training also ensures that IoT tools are adapted to the specific ecological and economic
conditions of the community (Cakir, 2023).

The purpose of this study is to design, implement, and evaluate a community-based training
program focused on the use of IoT-enabled monitoring tools for agriculture. The goal is to assess
changes in knowledge, behavior, and capacity among participants, and to provide a replicable
model that can be scaled across other rural regions with similar needs and constraints.

RESEARCH METHODOLOGY

This study employed a participatory action research (PAR) design to implement and
evaluate a community-based training program on smart farming using loT-based monitoring tools
(Ahmad, 2022). The PAR approach was selected to actively involve farmers in all stages of the
research—from planning and training implementation to reflection and evaluation (Ali, 2023). This
design aligns with the principle of empowering local stakeholders through collaborative learning
and context-driven problem solving, particularly in rural agricultural settings.

The population of the study consisted of smallholder farmers in a rural farming village in
Central Java, Indonesia. A purposive sampling technique was used to select 20 participants who
were actively engaged in vegetable and rice farming and had limited prior experience with digital
agricultural tools. Selection criteria included willingness to participate, access to farming land, and
basic literacy. The sample represented a mix of age groups and educational backgrounds, ensuring
diversity in perspectives and learning styles.

The instruments used in this study included pre-training and post-training assessment tools,
observation checklists, interview guides, and digital usage logs from IoT monitoring applications.
The assessments evaluated changes in participants’ knowledge and skills related to IoT tool
operation and data interpretation. Observation checklists were employed during training sessions to
monitor engagement and participation levels. Semi-structured interviews provided qualitative
insights into participants’ perceptions, challenges, and behavioral changes throughout the program.

The procedure was divided into four phases: preparation, implementation, monitoring, and
evaluation. In the preparation phase, the research team conducted a needs analysis and customized
the training curriculum based on local agricultural practices. During the implementation phase,
participants were introduced to IoT devices such as soil moisture sensors, temperature sensors, and
a user-friendly mobile application. Practical sessions were conducted in real farm settings, allowing
participants to install sensors, collect data, and use the application for crop monitoring. In the
monitoring phase, weekly observations and support visits were made to assist participants in
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troubleshooting and data interpretation. In the final evaluation phase, data were collected through
post-tests and interviews to measure knowledge gains, skill acquisition, and user adoption levels.

RESULT AND DISCUSSION

The data collected from the pre-test and post-test assessments involved 20 participants who
took part in the smart farming loT training program. The pre-test scores ranged between 41 and 63,
indicating that most farmers began the program with limited knowledge of digital farming concepts
and tools. Post-test scores ranged from 59 to 86, showing a significant increase in understanding
and skills after the training. The average pre-test score was 52.3, while the post-test average
increased to 72.6. This shift highlights a substantial gain in participants’ ability to comprehend and
operate IoT-based monitoring tools for agricultural decision-making. The results reflect overall
growth in digital literacy within the local farming community.

Table 1. Summary of pre-test and post-test data from Smart Farming [oT trainees

Assessment Aspect Pre-Test Post-Test
parcpants 20 2
Score Range 41 - 63 59 -86
Average Score 52.3 72.6
Knowledge Level Limited initial knowledge Significant improvement

Understanding digital farming concepts and Ability to operate [oT

Assessed Competenc
p y tools tools

Overall Outcome Low digital literacy Improved digital literacy

Participants’ improved scores can be attributed to the practical nature of the training, which
combined theory with field-based exercises. Many farmers had never encountered sensor-based
farming before, and their initial scores reflected a lack of exposure rather than a lack of ability. By
the end of the program, participants not only identified functions of IoT sensors but also interpreted
real-time data from their own farm plots. This outcome suggests that with proper guidance and
contextualized content, smallholder farmers can effectively bridge the digital divide.

Complementary data from observation checklists showed high levels of engagement during
practical sessions. More than 85% of participants completed all modules and attended every
scheduled workshop, indicating sustained interest and motivation throughout the program. Field
notes revealed that participants frequently asked questions related to water usage efficiency and
crop-specific sensor calibration, demonstrating their eagerness to apply learning directly to their
farm contexts. This behavioral response further supports the reliability of the quantitative test
results.

121 IMSA | Vol. 1 | No. 3 | 2024



Smart Farming Application Training for Agricultural Communities Using loT-Based Monitoring Tools | Research Papers

A paired sample t-test was conducted to determine whether the increase in test scores was
statistically significant. The test resulted in a t-statistic of 18.244 and a p-value of 1.68e-13,
confirming a highly significant difference between pre-test and post-test results. The extremely low
p-value provides strong evidence that the training program had a meaningful and non-random effect
on improving participants’ smart farming knowledge. These findings support the hypothesis that
structured community-based IoT training can enhance digital agricultural competencies among rural
farmers.

Analysis revealed a positive correlation between the frequency of app usage and test score
improvement. Participants who logged into the IoT application at least four times a week showed
greater gains in their post-test performance compared to those with less frequent interaction. This
correlation suggests that digital engagement is a strong predictor of learning success. Farmers who
consistently used the app to monitor their crops developed a deeper understanding of the system,
which was reflected in both their assessment outcomes and practical application.

Participant 4, a 54-year-old rice farmer, began the training with a pre-test score of 45. He
expressed skepticism about technology but completed the training with a post-test score of 78. He
now uses soil moisture data from sensors to schedule irrigation and has reported water savings of
nearly 30%. Participant 11, a 29-year-old vegetable grower, integrated the IoT app into her daily
routine. Starting with a pre-test score of 59, she reached 86 in the post-test and has since trained
other women farmers in her area. Her case highlights the ripple effect of knowledge dissemination
within local communities.

Figure 1. Pre and Post-Test Scores of Farmers

86
59
Participant 11
Post-Test
Improved score after Participant 11 High score after loT app
technology training Pre-Test integration

Skeptical rice farmer's Vegetable grower's
initial score starting score

These case studies illustrate how smart farming tools, when introduced with sensitivity to
local context and capacity, can lead to both personal and collective transformation. Farmers not
only learned new skills but also redefined their roles in an evolving agricultural landscape. The
diversity of improvement across age groups, gender, and experience levels indicates the inclusive
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potential of IoT-based agricultural education. The participatory approach helped break down
barriers and create a shared sense of technological ownership.

The results confirm that targeted, community-driven training on smart farming tools
significantly enhances farmers’ understanding and application of digital agriculture. The integration
of IoT monitoring into daily farm practices has become both feasible and meaningful for
participants. This study reinforces the importance of designing educational interventions that
combine technology with localized, experiential learning. The successful outcomes point to a
scalable model for digital empowerment in rural agricultural communities.

The findings of this study indicate a statistically significant improvement in the knowledge
and skills of rural farmers after participating in the loT-based smart farming training. Pre-test and
post-test data showed consistent score increases across all 20 participants, with a t-statistic of
18.244 and a p-value well below the threshold for significance. These results provide clear
quantitative evidence of the training program’s effectiveness. Participants displayed a notable shift
from limited familiarity with digital tools to confident use of smart farming applications and
sensors. Observation checklists and field notes corroborated the quantitative results, showing high
engagement levels and practical application of learned concepts. Farmers began integrating data
from temperature and soil moisture sensors into their daily decision-making processes.

The training also resulted in behavioral changes, particularly in irrigation scheduling and
fertilization strategies. Many participants reported reduced water usage and improved crop health as
a result of using real-time data. This indicates that beyond cognitive gains, the intervention had a
direct impact on farming practices. The improvement was consistent across demographic variables
such as age, education level, and farming experience. This suggests that well-structured digital
training can transcend common limitations related to digital literacy, especially when the content is
contextualized and delivered in participatory formats.

The findings align with prior studies on the impact of digital agriculture, particularly
research by Zhang et al. (2020) and Aryal et al. (2021), which highlight the role of [oT in increasing
efficiency and sustainability in smallholder farming. Those studies, however, were largely
conducted in technologically advanced or semi-urban contexts, where digital infrastructure and
internet penetration are already relatively high. This study differs by focusing on a rural Indonesian
setting where access to technology and training is still developing. While other research emphasized
the role of private-sector agritech firms in disseminating smart tools, this study demonstrates the
effectiveness of a community-based, participatory training model driven by educational objectives
rather than commercial ones (Aryal, 2021; Zhang, 2020).

Unlike conventional training programs that emphasize one-way delivery of knowledge, this
initiative integrated local wisdom and participant feedback into the training process (Dahane, 2020).
This helped to build trust and ensured that the technology was not perceived as foreign or imposed.
The relational and social elements of the program played a key role in its success (Goel, 2021). This
research adds a unique perspective to the growing body of literature on digital agriculture by
validating the efficacy of grassroots empowerment through context-sensitive interventions. It shows
that IoT technologies are not exclusive to high-tech farms but can be adapted and adopted in more
modest, resource-constrained environments (Masuda, 2021).
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The results signify that the digital divide in agriculture is not simply a matter of access but
also of educational opportunity. When farmers are given tools alongside structured guidance, their
capacity to absorb and utilize technology increases rapidly (Chehri, 2020). The notion that rural
communities are technologically resistant is challenged by this study. This research marks a shift in
understanding farmer readiness toward digital transformation (Gurewitz, 2022). With appropriate
support, farmers are not only capable of adapting but also of leading innovation within their
communities. The success of participants in applying their new skills demonstrates a latent potential
that can be unlocked through targeted interventions (Lutta, 2021).

The outcome also reflects the broader democratization of technology (Frikha, 2023). The
ability of participants to operate sensors, interpret data, and make real-time farming decisions
suggests that advanced agricultural technologies can be accessible and useful even at the lowest
levels of the production chain (Hang, 2020). This study serves as evidence that digital
empowerment in agriculture is not limited to financial investment in hardware or infrastructure.
Knowledge transfer, hands-on training, and community-based support systems are equally, if not
more, critical in ensuring successful technological adoption (Javaid, 2022).

The implications of this study extend beyond the individual participants and into broader
rural development strategies (Khaleefah, 2023). The successful integration of IoT tools in farming
communities indicates that digital agriculture can serve as a catalyst for improving food security,
climate resilience, and economic sustainability at the grassroots level (Lugonja, 2022). Educational
institutions, especially vocational and community colleges, can adopt similar models to promote
agri-tech awareness among young farmers. Government agencies tasked with rural development
may consider embedding [oT training modules into existing extension programs to scale impact
more broadly (Lima, 2020).

NGOs and international development organizations working in agriculture and education
should view this model as a replicable and adaptable framework (Vasileiou, 2024). The low-cost,
high-impact nature of the intervention makes it suitable for various regional and cultural contexts,
especially in the Global South (Onwude, 2020). This research also provides a pathway for
integrating local farmers into broader smart agriculture ecosystems. As digital tools become more
accessible, the inclusion of smallholder farmers becomes critical in achieving inclusive innovation
that does not widen but narrows inequality gaps in agriculture (Xu, 2019).

The structured and participatory design of the training was instrumental in producing
significant learning outcomes. The approach combined hands-on practice, peer collaboration, and
real-time feedback, which aligned well with adult learning principles and the experiential nature of
farming (Rani, 2019). The training addressed both cognitive and behavioral dimensions of learning.
Participants not only learned how to operate IoT tools but also internalized the importance of data in
daily decision-making. This dual-layered learning process fostered a deeper and more sustainable
transformation (Zgank, 2020).

The use of local language, relevant examples, and in-field simulations helped minimize
cognitive load and fostered high engagement (Mentsiev, 2020). Participants related more easily to
the technology when it was presented as a solution to familiar challenges rather than as a novel
imposition (Tholhappiyan, 2023). The program’s community-based structure fostered
accountability and motivation through peer support. Farmers learned not in isolation but in
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collaboration, which enhanced retention, mutual problem-solving, and social validation of new
behaviors and practices (Zhou, 2020).

Future programs should consider scaling the model to reach other rural communities,
particularly those facing similar ecological and infrastructural limitations. Tailoring training
modules to fit different agro-ecological zones would increase the model’s adaptability and impact
(Pal, 2023). Research should now focus on long-term effects, including productivity gains, income
improvements, and environmental impact. Follow-up studies could also examine the role of
community champions and farmer-led innovation hubs in sustaining digital agriculture adoption.

Further exploration into policy integration is needed. Smart farming training programs
should be incorporated into national agricultural education and extension systems. Cross-sectoral
collaboration between education, agriculture, and technology ministries will be key to
institutionalizing this model.Open-source development of localized IoT applications can reduce
dependency on commercial software and increase farmer autonomy. Future designs should also
consider gender sensitivity, intergenerational learning, and inclusive interfaces to expand access and
relevance..

CONCLUSION

The most significant finding of this study is the measurable increase in digital agricultural
literacy among smallholder farmers following a structured, community-based training on IoT-based
monitoring tools. Participants not only gained technical skills in operating smart farming
applications but also demonstrated behavioral changes in daily agricultural practices, such as more
efficient irrigation scheduling and responsive fertilization. This outcome is distinct in that it
showcases the feasibility of implementing advanced technological interventions in low-resource
rural contexts without requiring prior digital expertise.

This research offers a methodological contribution through the application of a participatory
action research (PAR) framework tailored to the needs of agricultural communities. The integration
of hands-on, field-based training with sensor technology and real-time data analysis represents a
replicable model for digital capacity building in farming populations. The study bridges the gap
between technological innovation and grassroots empowerment, emphasizing not only content
delivery but also learner agency and contextual adaptation as central to successful adoption.

The study was limited by its sample size and geographic focus, which may restrict the
generalizability of its findings across different agricultural settings and cultural contexts. Future
research should explore longitudinal impacts of smart farming training on productivity,
environmental outcomes, and household income. Comparative studies across regions with varying
levels of digital infrastructure are also recommended to refine the model and assess its scalability.
Investigating the role of peer-led learning and farmer innovation hubs could further enhance
understanding of sustainable digital transformation in agriculture.
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