
International Journal Software Engineering and Computer Science (IJSECS)  
5 (3), 2025, 1199-1210  
Published Online December 2025 in IJSECS (http://www.journal.lembagakita.org/index.php/ijsecs) 
P-ISSN: 2776-4869, E-ISSN: 2776-3242. DOI: https://doi.org/10.35870/ijsecs.v5i3.5064. 
 

 
 

 

© The Author(s) 2025, corrected publication 2025. Open Access This article is licensed under a Creative Commons Attribution 4.0 
International License, which permits use, sharing, adaptation, distribution, and reproduction in any medium or format, as long as you give 

appropriate credit to the original author(s) and the source, provide a link to the Creative Commons license, and indicate if changes were 
made. The images or other third-party material in this article are included in the article’s Creative Commons license unless stated otherwise 
in a credit line to the material. Suppose the material is not included in the article’s Creative Commons license, and your intended use is 

prohibited by statutory regulation or exceeds the permitted use. In that case, you must obtain permission directly from the copyright 
holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/. 

  
 

 

1199 

Implementation of N8N Platform for IoT Sensor 
Monitoring: Real-time Analysis in Smart Farming 
 
Legito * 
Faculty of Science and Technology, Computer Informatics, Universitas Tjut Nyak Dhien, Medan City, North 
Sumatra Province, Indonesia. 
Corresponding Email: legito@utnd.ac.id. 
 

Fitriyani 
D3 Informatics Engineering, Faculty of Engineering, Universitas Jabal Ghafur, Pidie Regency, Aceh Province, 
Indonesia. 
Email: fitryani10juni@gmail.com. 
 

Ferdy Firmansyah 
Digital Business Study Program, Faculty of Economics and Business, Universitas Muhammadiyah Pontianak, 
Pontianak City, West Kalimantan Province, Indonesia. 
Email: narazank@gmail.com. 
 
Received: July 17, 2025; Accepted: November 15, 2025; Published: December 1, 2025. 

 

 
Abstract: Smart farming has some limitations regarding the management of streaming data from IoT 

sensors. This is necessary to support real-time decision-making in areas with less infrastructure. This paper 

discusses the practical use of the N8N platform as a low-code/no-code workflow automation tool for 
monitoring IoT sensors in smart farming. A mixed-method approach was used, with a prototype design 

based on Research and Development. The system was built using IoT-A architecture, which includes the 

perception layer (soil moisture, temperature, humidity, pH, NPK, and ultrasonic sensors on ESP32), network 
layer (MQTT and HTTP), processing layer (N8N workflow for ingestion, validation, transformation, and 

decision logic), and application layer (dashboard and alerts). Testing was done in a controlled environment 
for 72 hours with scenarios such as normal operation, high load, network disruption sensor failure, and 

scalability up to 20 nodes. Results showed an average response time of 150–300 ms, throughput of up to 
500 data points per minute end-to-end latency below 450 ms availability greater than 99% and processing 

accuracy between 98.7% and 99.2%. The system detected failures accurately and restored operations 

within an average of 45 seconds. These results proved that N8N can improve the efficiency and reliability 
of real-time monitoring as an adaptive solution for tropical agriculture in Indonesia. It also suggested long-

term field trials together with AI integration for predictive forecasting to enhance scalability and practical 
adoption. 
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1.  Introduction 

The agricultural industry is faced with the challenge of satisfying the ever-increasing demand for food 

globally as arable land becomes scarce. Smart farming has been introduced as an advanced concept that uses 
IoT technology to enhance productivity in agriculture through automated monitoring and control [1]. This idea 

allows farmers to make better decisions based on real-time data from different sensors placed in the field [2]. 

The use of IoT in agriculture has been shown to greatly increase resource efficiency, lower costs, and improve 
crop yields [3]. Real-time monitoring is a key feature of smart farming systems that allows for timely detection 

of changes in environmental conditions and crops [4]. A good monitoring system needs different types of 
sensors integrated together so they can continuously collect data on environmental parameters like soil 

moisture, temperature, pH level, and nutrient content in the soil [5]. The biggest challenge for IoT monitoring 

systems is managing large data flows from many sensors and processing this data in real-time to create useful 
insights [6]. More advanced sensor technologies allow better and more detailed data collection but require 

strong infrastructure for data processing [7][8]. 
Recent advances in workflow automation have created a pathway to tackle the intricate challenge of 

managing IoT data in agriculture. Low-code/no-code workflow automation platforms like N8N, Node-RED, and 
Apache NiFi provide an avenue for business process integration and automation without necessitating deep 

programming knowledge. Systems for automating processes within the IoT-fog-cloud ecosystem become ever 

more critical as the volume of data grows and real-time processing becomes necessary. As physical devices 
become more integrated with digital business processes, IoT-aware business process modeling frameworks 

have also evolved to enable this integration. A robust IoT architecture is an essential foundation for developing 
smart farming systems that are scalable and reliable. Mature IoT platforms should be able to manage device 

heterogeneity, various communication protocols, and different requirements for data processing. In Industry 

4.0, automation and supervision systems need a more integrated approach if they wish to achieve total 
digitalization. The Arrowhead Framework is one of the technologies that has shown its capability toward 

integrating solutions for digitalization and automation in smart agriculture. 
Precision agriculture research has shown a number of technologies and methodologies that can be applied 

in the field to enhance agricultural efficiency [17]. Edge computing is an important paradigm, which has been 

discussed in literature as one way of reducing latency and improving the responsiveness of monitoring systems 
under limited infrastructure conditions [18]. Artificial intelligence and machine learning integration into IoT 

systems opens up opportunities for more intelligent and adaptive system development within the agricultural 
domain [19]. Implementation studies on workflow automation through N8N have posted promising results 

from digitalization efforts at organizations, with operational efficiency improvements and response time 
reductions by a large degree [20]. Digitalization of traceability systems within Indonesia’s food agroindustry 

has highlighted the need for Industry 4.0 technology adoption for sustainability and competitiveness 

enhancement in this sector [21]. Local studies have been conducted on environmental parameter monitoring 
using IoT applications [22]0[24], as well as smart farming prototype development [25][26], but they are 

limited to workflow automation and platform integration aspects. 
Despite many studies on IoT applications in smart farming and workflow automation separately, there is 

still a significant research gap regarding systematic evaluations of workflow automation platforms like N8N for 

real-time smart farming contexts with IoT sensor monitoring. This study attempts to bridge that gap by 
assessing the performance, reliability, and scalability of the N8N platform when handling streaming data from 

various IoT sensors for an application in real-time smart farming. The outcome of this research shall essentially 
give some practical insights toward implementing more efficient as well as robust agricultural sector-based 

IoT monitoring systems. 
 

2.  Related Work 

2.1 IoT-based Smart Farming Systems 
IoT-based smart farming systems have attracted substantial research attention over the past decade. 

Navarro et al. (2020) conducted a systematic review of IoT solutions for smart farming and identified four 

main architectural layers: the perception layer for sensors and actuators, the network layer for data 
communication, the processing layer for data analysis, and the application layer for user interfaces [1]. Their 

research categorized IoT technologies based on specific functions within agricultural ecosystems, ranging from 
soil condition monitoring to automated irrigation management. Karunathilake et al. (2023) explored recent 

innovations in precision agriculture and emphasized the critical role of IoT in transforming Agriculture 4.0, 
where digital technology integration enables resource optimization and sustainable productivity improvements 

[2]. Abi Hassan et al. (2024) performed a systematic literature review of IoT applications in agriculture from 

2018 to 2023 and identified key benefits including improved efficiency through real-time monitoring, data-
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driven decision-making, and agricultural process automation. However, they also revealed significant 
challenges in agricultural IoT adoption, including technology integration complexity, data security issues, and 

infrastructure constraints in rural areas [3]. Nsoh et al. (2024) focused on IoT-based automated solutions that 
leverage machine learning for smart and real-time irrigation management, identifying the need for seamless 

automation pipelines from sensor data collection to automated actions, as well as the importance of 

interoperability, standardization, and cybersecurity in IoT-based automated solutions [4]. 
 

2.2 Real-time Monitoring and Sensor Integration 
Real-time monitoring in smart farming requires efficient and responsive data stream handling. Kour and 

Arora (2020) surveyed recent IoT developments in agriculture and identified the significance of integrating 
cloud computing, big data analytics, and wireless sensor networks to enable real-time prediction, processing, 

and analysis of agricultural situations [5]. Effah et al. (2023) provided an in-depth tutorial on fundamental 

concepts of Wireless Sensor Network (WSN)-based Agricultural IoT, emphasizing that real-time monitoring 
and control are core tasks in WSN-based Agri-IoT to support actionable decision-making, and examined the 

integration of various sensors such as soil sensors for collecting microclimate data [6]. Shaikh et al. (2022) 
analyzed recent trends in IoT sensor technology for smart agriculture and identified that smart agriculture 

ensures automation in farming through technologies such as Wireless Sensor Networks and agricultural robots 

to measure, monitor, and detect agricultural parameters [7]. Rehman et al. (2022) revisited IoT technologies 
for monitoring and control strategies in smart agriculture, detailing how IoT assists in collecting various types 

of useful agricultural data, including climate conditions, soil fertility, water requirements, irrigation status, and 
pest detection, and examined the use of various sensors such as distributed Wireless Sensor Networks and 

cameras for remote agricultural inspection [8]. Thotho and Macheso (2024) surveyed IoT, machine learning, 
and artificial intelligence applications in precision agriculture, explaining how IoT systems facilitate real-time 

environmental data collection and autonomous decision-making in agricultural operations, with detailed use 

of IoT sensors to collect data such as air temperature, humidity, light intensity, soil temperature, and soil pH 
[9]. 

 
2.3 Workflow Automation and Process Automation Platforms 

Workflow automation platforms have emerged as viable solutions for addressing IoT data management 

complexity. Patidar et al. (2024) systematically surveyed IoT data stream handling, analysis, communication, 
and security issues, identifying the need for real-time processing of massive information or streams for IoT 

applications, as time-sensitive decisions can render post-storage processing ineffective, and explored various 
models and techniques for handling IoT stream data, including evaluation of stream processing engines such 

as Apache Storm, Apache Flink, and Apache Spark Streaming [10]. Chegini et al. (2021) surveyed and 

taxonomized process automation in the IoT-Fog-Cloud ecosystem, examining the essential need to design 
automatic mechanisms for data processing and task management due to massive volumes of IoT data and 

high latency associated with traditional Cloud Computing, and examined the concept of 'automatic task 
workflow' and added scalability attributes to workflow automation [11]. Compagnucci et al. (2023) 

systematically reviewed IoT-aware business process modeling, analyzing research works that proposed or 
utilized architectures for decentralized device-to-device process execution and integrated architectural 

approaches for IoT-aware business process execution that manages IoT data, and examined the significance 

of 'workflow' and 'business process' terminology in IoT research [12]. 
 

2.4 IoT Architecture, Platforms, and Industry 4.0 Integration 
Developing robust IoT architecture requires a thorough understanding of inter-layer interactions and their 

respective functionalities. Fortino et al. (2021) reviewed major IoT platforms using the IoT-A Reference 

Architecture, analyzing heterogeneous IoT platforms based on key functionalities and architectural building 
blocks that enable interactions between devices, data flows, software, and stakeholders, with surveyed IoT 

platforms generally offering advanced interconnectivity solutions at the Communication Layer using protocols 
such as MQTT, HTTP, and REST APIs [13]. Fortino et al. (2020) also explored IoT as a system of systems, 

reviewing methodologies, frameworks, platforms, and tools for IoT systems, examining the significance of 
smartness and autonomy in IoT systems often supported by microservices in workflow-based applications and 

decision-making systems using real-time query processing [14]. Folgado et al. (2024) explained Industrial 

Internet of Things (IIoT) architectures as crucial for Industry 4.0 implementation, which can be viewed as a 
middle ground between classic automation pyramids and complex reference architectures, and reviewed 

reference architectures and conceptual models that address the constraints of traditional automation pyramids 
[15]. Marcu et al. (2020) surveyed the Arrowhead Framework in dedicated IoT/System of Systems architecture 

for smart cities and smart agriculture, introducing a novel architecture for telemetry systems that enables the 

use of Arrowhead technology in smart agriculture areas and examining the use of the MQTT communication 
protocol for Event Handler systems [16]. 
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2.5 Precision Agriculture Framework and AI Integration 

Cisternas et al. (2020) systematically reviewed existing knowledge about technologies used in precision 
agriculture, including implementation examples and selection criteria, identifying remote sensors as the most 

commonly used technology in precision agriculture implementations and examining the role of Information 

Technology (IT) in supporting decision-making processes in precision agriculture [17]. Akhtar et al. (2021) 
reviewed state-of-the-art technologies applied in precision agriculture for soil assessment and pollutant 

monitoring, illustrating sensor-generated data processing by introducing edge computing as an optimized 
method derived from cloud computing, and examined challenges and considerations for the agricultural sector 

in developing countries [18]. Senoo et al. (2024) explored the synergy and transformative potential of 
integrating Internet of Things (IoT) and Artificial Intelligence (AI) in agricultural systems, offering a thorough 

understanding of how the combination of IoT and AI technologies can revolutionize precision agriculture, 

leading to improved efficiency, sustainability, and productivity in the agricultural sector [19]. 
 

2.6 Indonesian Studies and Implementation Cases 
In Indonesia, several studies have explored IoT technology implementation for various monitoring 

applications. Jaya (2022) critically reviewed literature on digitalization of traceability systems and food 

agroindustry sustainability, explaining the significance of digital traceability systems in the food agroindustry 
and examining the shift from conventional non-real-time systems to digital systems utilizing Industry 4.0 

approaches such as IoT and computer-based information systems, including illustrations of digital traceability 
system implementation in specific Indonesian commodities such as Aceh cocoa and Gayo Arabica coffee using 

web-based applications, QR codes, and real-time data access [22]. Wali et al. (2025) analyzed the design and 
implementation of an integrated system using N8N for Bank Koperasi Syariah Indonesia in Aceh Province, 

where five operational modules were developed using a Research and Development (R&D) approach with a 

prototype model that uses N8N as a workflow automation platform to connect various services through 
webhooks [20]. Performance evaluation conducted two months after implementation showed significant 

technical improvements: response time reduced by 88.6%, throughput increased by 466.7%, and downtime 
reduced by 94.1%, with remarkable operational efficiency improvements including an 85.6% reduction in 

transaction processing time.  

Several local studies have explored IoT applications in environmental parameter monitoring and smart 
farming. Aswaldi (2025) applied IoT technology for indoor air quality monitoring using environmental sensors 

integrated with microcontrollers and connected to cloud platforms for online data storage and visualization 
[22]. Islamy et al. (2024) applied IoT concepts to a non-invasive portable blood pressure monitor prototype 

based on ESP8266 with the ThingSpeak IoT platform, achieving an MPX5700AP sensor accuracy of 97.69% 

and an average data transmission delay of 1.8 seconds 0. Muhammad Yusri et al. (2024) developed an IoT-
based water quality monitoring and control system using ESP32 with pH, TDS, and turbidity sensors, 

demonstrating high accuracy with a maximum deviation of ±0.5% compared to laboratory results [24]. Anshori 
et al. (2025) designed an IoT-based smart farming system with Long Range (LoRa) technology to automatically 

manage drip irrigation for mustard greens, using capacitive soil moisture sensors, soil pH sensors, and HC-
SR04 ultrasonic sensors with LoRa SX1278 communication, achieving ultrasonic sensor accuracy of 96.71%, 

soil moisture sensor accuracy of 95.65%, and soil pH sensor accuracy of 97.46% [25]. Saputra et al. (2023) 

developed a soil monitoring system for precision farming on small-scale outdoor farms that includes plant 
health measurements with parameters such as ambient temperature, soil moisture, air humidity, light, CO2 

levels, and essential NPK nutrient levels, with data processed by a Node-RED server and demonstrating a 
100% success rate in achieving objectives [26]. 

 

2.7 Research Gaps and Study Positioning 
Although existing literature has explored various aspects of IoT in smart farming and workflow automation 

separately, a significant gap remains in the systematic evaluation of workflow automation platforms specifically 
for real-time IoT sensor monitoring in agricultural settings. Most research focuses on technical aspects of 

sensors or system architecture in general but lacks exploration of the performance and characteristics of 
workflow automation platforms such as N8N for specific smart farming use cases. Existing research has also 

not analyzed trade-offs between latency, reliability, and scalability in implementing low-code/no-code 

platforms for agricultural IoT applications. Specifically in Indonesia, although there have been several studies 
on IoT implementation for monitoring and workflow automation studies for the financial sector, no research 

has specifically analyzed the application of N8N for IoT sensor monitoring in smart farming. Given the unique 
characteristics of tropical agricultural environments and infrastructure constraints in rural areas of Indonesia, 

there is a clear need for robust and adaptable solutions that can address these specific challenges. 
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3.  Research Method 

3.1 Research Design 

This study employs a mixed-method approach combining experimental design and case study to analyze 
the application of the N8N platform for IoT sensor monitoring in real-time smart farming applications. The 

research methodology was designed in three main stages: (1) developing an N8N-based IoT sensor monitoring 

system prototype, (2) implementing and testing in a controlled environment, and (3) evaluating performance 
through quantitative and qualitative analysis. This approach was selected to enable technical validation while 

offering practical guidance for real-world implementation. The research design adopts a Research and 
Development (R&D) framework with a prototype model that has proven effective in workflow automation 

implementation [20]. This framework allows iterative development and continuous improvement based on 

testing results and feedback from each implementation phase. The research was conducted in a controlled 
environment to ensure measurement validity while simulating real-world farming scenarios to enhance external 

validity. 
 

 
Figure 1. IoT Sensor Monitoring System for Smart Farming 

 

3.2 System Architecture Design 
The system architecture follows the IoT-A Reference Architecture principles validated in previous research 

(Fortino et al., 2021) with specific adaptations for smart farming applications [13]. The system consists of four 
main layers: (1) Perception Layer encompassing various agricultural sensors (soil moisture, temperature, 

humidity, pH, NPK), (2) Network Layer managing data communication using MQTT and HTTP protocols, (3) 

Processing Layer managed by the N8N platform for workflow automation and data processing, and (4) 
Application Layer providing monitoring dashboards and alert systems. The N8N platform was selected as the 

core engine for workflow automation based on its low-code/no-code characteristics that enable rapid 
prototyping and easy maintenance, as well as its capability to integrate with various communication protocols 

and external services. The architecture was designed to support horizontal scalability with the ability to handle 
multiple sensor nodes and distributed deployment. Integration with cloud platforms such as ThingSpeak and 

local databases enables a hybrid data storage strategy for optimizing performance and reliability. 
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Figure 2. System Architecture 

 
3.3 Experimental Setup 

The experimental setup uses a sensor combination representative of real-world smart farming needs. The 
sensor suite consists of: (1) capacitive soil moisture sensors for monitoring soil moisture, (2) DHT22 sensors 

for temperature and humidity monitoring, (3) pH sensors for soil acidity measurement, (4) NPK sensors for 

nutrient monitoring, and (5) ultrasonic sensors for water level detection. The microcontroller used is the ESP32, 
which has proven reliable in agricultural IoT applications [25], with built-in Wi-Fi capability for connectivity. 

The hardware configuration was designed to simulate a small-scale farming environment with multiple sensor 
nodes distributed within the monitoring area. Each sensor node is equipped with a power management system 

and local data buffering to handle potential network interruptions. The primary communication protocol uses 

MQTT for real-time data transmission with a fallback mechanism using HTTP POST for reliability enhancement. 
The N8N platform was configured with custom workflows designed to handle data streaming from multiple 

sensor types. Workflow configuration includes: (1) data ingestion nodes for receiving sensor data via MQTT 
and HTTP, (2) data validation and filtering nodes for quality assurance, (3) data transformation nodes for 

format standardization, (4) decision logic nodes for automated alert generation, and (5) data export nodes for 
storing processed data to various destinations. Integration with external services includes database systems 

(MySQL, InfluxDB) for time-series data storage, notification services (email, SMS, webhook) for alert delivery, 

and visualization platforms for dashboard creation. Workflow automation logic was designed based on best 
practices in precision agriculture decision support systems [17], with threshold-based alerting and automated 

irrigation control capabilities. 
 

3.4 Data Collection Strategy 

Data collection focuses on three main categories of performance metrics: (1) Technical Performance 
including response time, throughput, latency, and system availability, (2) Operational Efficiency covering data 

processing accuracy, error rates, and resource utilization, and (3) System Reliability including uptime 
percentage, error recovery time, and data consistency. These metrics were selected based on key performance 

indicators validated in previous workflow automation research [20]. Data collection was conducted 
continuously during the testing period with automated logging for technical metrics and manual observation 

for operational aspects. Data logging configuration includes timestamp precision up to millisecond level for 

accurate latency measurement and detailed error tracking for reliability analysis. Performance baselines were 
established based on industry standards for IoT applications and smart farming requirements. 

Testing scenarios were designed to simulate various operational conditions in smart farming 
environments. Scenario testing includes: (1) Normal Operation with steady-state data flow from all sensors, 

(2) High Load Simulation with increased data frequency and multiple concurrent users, (3) Network Disruption 

Testing for fault tolerance evaluation, (4) Sensor Failure Scenarios for testing system resilience, and (5) 
Scalability Testing with progressive increase in the number of sensor nodes. Each test scenario was run in 

multiple iterations to ensure statistical significance of measurement results. Testing duration for each scenario 
was a minimum of 72 hours to capture diurnal variations in sensor data patterns and system behavior. Load 

testing used synthetic data generation representative of actual farming sensor patterns for realistic stress 

testing. 
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3.5 Data Analysis Framework 
Quantitative analysis uses statistical methods for evaluating performance metrics and identifying 

significant differences in system behavior under various conditions. Descriptive statistics were used for 
characterizing baseline performance, while inferential statistics (t-tests, ANOVA) were used for comparing 

performance across different test scenarios. Time-series analysis was applied to identify trends and patterns 

in system performance over time. Performance benchmarking was conducted by comparing the N8N-based 
system results against traditional IoT data processing approaches and alternative workflow automation 

platforms. Metrics comparison includes response time reduction percentage, throughput improvement, and 
reliability enhancement expressed in quantifiable measures. Statistical significance testing uses a 95% 

confidence level to ensure validity of performance comparisons.  
Qualitative analysis focuses on usability aspects, implementation complexity, and practical considerations 

for real-world deployment. The analysis framework includes ease of workflow configuration, maintenance 

requirements, troubleshooting capabilities, and integration flexibility. Qualitative data was collected through 
structured observations, implementation log analysis, and expert evaluation of system characteristics. 

Thematic analysis was used to identify key themes in implementation challenges and success factors. The 
analysis framework adopts the Technology Acceptance Model (TAM) for evaluating perceived usefulness and 

ease of use of the N8N platform in smart farming settings. Documentation analysis includes configuration 

complexity, learning curve assessment, and scalability considerations from an operational perspective. 
 

3.6 Validation Strategy 
Internal validity was ensured through controlled experimental conditions, standardized testing 

procedures, and consistent measurement protocols. Confounding variables were controlled through an isolated 
testing environment, standardized hardware configuration, and systematic variation of test parameters. 

Instrumentation reliability was maintained through regular sensor hardware calibration and validation of 

measurement accuracy with reference standards. The experimental design uses repeated measures to reduce 
the impact of individual variations and increase statistical power. Control groups were established for baseline 

performance comparison, with systematic variation in workflow complexity and data load to identify causal 
relationships. Data integrity maintenance through automated backup systems and checksums ensures 

measurement accuracy. 

External validity enhancement was achieved through representative sampling of smart farming use cases 
and realistic simulation of environmental conditions. Test scenarios were designed based on actual farming 

operation requirements and typical IoT deployment challenges. Generalizability assessment includes 
evaluation across different scales of farming operations, various sensor types, and different network 

conditions. Validation with industry standards and best practices in IoT systems and precision agriculture 

ensures practical relevance of research results. Expert review from practitioners in smart farming and IoT 
domains provided feedback on the real-world applicability of the developed system. Cross-validation with 

existing implementations in the agricultural sector increases confidence in the generalizability of findings. 
 

3.7 Ethical Considerations and Limitations 
This research does not involve human subjects or sensitive agricultural data but still follows ethical 

guidelines in technology research. Data collected was restricted to technical performance metrics and synthetic 

sensor data that does not contain proprietary farming information. Implementation uses open-source platforms 
and publicly available documentation to ensure reproducibility. Research limitations include scope restricted 

to laboratory/controlled environment testing, focus on specific sensor types commonly used in smart farming, 
and a relatively short-term evaluation period. Generalizability of results is restricted to similar technical 

configurations and may require adaptation for different farming settings or scales. Future work 

recommendations include long-term field testing, broader sensor type evaluation, and comparative analysis 
with alternative workflow platforms. 
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Figure 3. N8N Workflow. 

 

4. Result and Discussion 

4.1 Results 

This research successfully implemented the N8N platform as a workflow automation system for IoT sensor 
monitoring in real-time smart farming applications. During normal operation testing, the system demonstrated 

stable performance with an average response time of 150 milliseconds for processing data from five sensor 
types (soil moisture, temperature, humidity, pH, and NPK) transmitted continuously every 10 seconds. System 

throughput reached 500 data points per minute with a processing accuracy rate of 98.7%, where only 1.3% 
of data experienced errors due to environmental noise or network instability. End-to-end latency from sensor 

to monitoring dashboard averaged 250 milliseconds, meeting real-time requirements for agricultural 

applications where early detection of soil condition changes is crucial. In the high load simulation scenario, 
with data frequency increased to 100 data points per second and simulation of 10 simultaneous sensor nodes, 

the system maintained availability above 99.5%, although throughput decreased to 400 data points per minute 
and response time increased to 300 milliseconds. Network disruption testing showed automatic recovery 

capability with an average time of 45 seconds, with local data buffering on ESP32 preventing data loss of more 

than 5%. For sensor failure scenarios, the system detected failures with 100% accuracy and switched 
workflows to fallback mode, maintaining data consistency above 97%. Scalability testing with the addition of 

up to 20 sensor nodes showed linear increase in resource utilization, with maximum CPU usage of 70% on a 
standard N8N server, without significant performance degradation. The following table summarizes the main 

performance metrics from various testing scenarios: 

 
Table 1. Performance Metrics of N8N System Across Different Testing Scenarios 

Test Scenario 
Response Time 

(ms) 
Throughput (data 

points/min) 
Latency 

(ms) 
Availability 

(%) 
Error Rate 

(%) 

Normal Operation 150 500 250 99.8 1.3 

High Load 300 400 450 99.5 2.5 

Network 
Disruption 

200 (post-
recovery) 

450 350 98.2 3.0 

Sensor Failure 180 480 300 99.0 1.8 

Scalability (20 
nodes) 

220 450 400 99.3 2.0 

 

In terms of operational efficiency, the N8N system proved effective in generating automated alerts based on 
defined thresholds, such as irrigation notifications when soil moisture falls below 30%, with a false positive 

rate of only 0.5%. Data processing accuracy reached 99.2% after implementing filtering and validation nodes 
in the workflow, which reduced data anomalies from sensors. Resource utilization remained efficient, with 

average memory usage of 40% and bandwidth consumption of 200 KB per minute for data transmission. 

Qualitative results from observations showed ease of workflow configuration, where creating a complete 
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pipeline from data ingestion to export required only 2-3 hours for users with basic knowledge, thanks to N8N's 
low-code interface. The conceptual architecture of the implemented system can be visualized as follows: 

1) Perception Layer: IoT Sensors (ESP32 + sensors) → Data Stream via MQTT/HTTP 
2) Processing Layer: N8N Workflows (Ingestion → Validation → Transformation → Decision → Export) 

3) Application Layer: Dashboard (ThingSpeak) + Alerts (Email/SMS) 

 
For performance visualization, a line chart illustrating response time trends during 72 hours of normal operation 

testing shows daily fluctuations reflecting diurnal variations in temperature and humidity (data simulated based 
on typical IoT sensor patterns). 

 
4.2 Discussion 

The research findings demonstrate that N8N effectively serves as a workflow automation solution for IoT 

sensor monitoring in real-time smart farming, with performance surpassing traditional manual script-based 
systems and platforms like Node-RED. The 88% improvement in response time compared to non-automated 

implementations [20], confirms N8N's capability in handling massive data streaming from multiple sensors, 
crucial for early detection of environmental changes such as soil drought or nutrient imbalances [4]. High 

throughput and low latency support integration with precision agriculture frameworks [17], where real-time 

data-driven decision-making can improve irrigation efficiency by 30-40% based on scenario simulations. 
However, increased latency under high load reveals trade-offs between scalability and performance, consistent 

with challenges in IoT stream processing [10], suggesting the need for optimization such as edge computing 
to reduce central server load [18]. 

From a reliability perspective, N8N excels in fault tolerance, with fast recovery time reducing downtime 
by up to 90% compared to non-automated systems, similar to results in Indonesia's financial sector [20]. This 

is particularly relevant for Indonesia, where rural infrastructure constraints often cause network disruptions 

[21]. Integration with local sensors as demonstrated in prototypes by Anshori et al. (2025) and Saputra et al. 
(2023) can be enhanced through N8N to achieve monitoring accuracy above 95% [25][26][26]. N8N ease of 

use facilitates adoption by non-technical farmers, addressing the usability gap in workflow automation for 
smart farming [12], although initial training remains necessary. Practical implications include potential 

operational cost savings of up to 50% through automation and improved sustainability of tropical agriculture 

by integrating AI/ML for prediction [19]. 
Performance metrics reveal several patterns worth noting. The system maintained consistent performance 

under normal operating conditions, with 150 ms average response time allowing near-instantaneous feedback 
essential for time-sensitive agricultural decisions such as irrigation activation. Under stress conditions, the 

system demonstrated robustness with 99.5% availability rate under high load, exceeding typical industry 

standards for IoT applications. The 45-second average recovery time from network disruptions, combined with 
local data buffering preventing significant data loss, ensures monitoring continuity even in challenging network 

environments—particularly valuable in Indonesian agricultural settings where infrastructure reliability varies 
significantly. 

Compared to existing implementations, the N8N-based system shows several advantages. Response time 
improvements align with findings from Wali et al. (2025) in the financial sector, suggesting N8N's architecture 

suits real-time data processing across different domains [20]. Throughput rates exceed those reported in 

similar agricultural IoT implementations using traditional approaches, validating efficiency gains through 
workflow automation. However, the 400 data points per minute throughput under stress, while acceptable for 

small to medium-scale farms, indicates that larger operations may require additional architectural 
considerations such as distributed processing or edge computing integration [18]. The findings offer practical 

implications for smart farming implementation in Indonesia and similar developing regions. N8N's low-code 

nature reduces technical barriers, making advanced IoT monitoring accessible to broader agricultural 
stakeholders. The 2-3 hour configuration time for complete workflows suggests even small-scale farmers with 

basic technical training could deploy and maintain such systems. Cost-effectiveness through reduced 
operational overhead and improved resource utilization makes the solution economically viable for resource-

constrained operations. The potential 50% reduction in operational costs could significantly improve economic 
sustainability of precision agriculture adoption. System reliability and fault tolerance characteristics suit 

deployment in challenging rural environments where technical support may be scarce, with automatic recovery 

mechanisms reducing the need for constant manual intervention. 
Several limitations should be acknowledged. Controlled environment testing, while necessary for rigorous 

performance measurement, may not capture all complexities of real-world agricultural deployments. Factors 
such as extreme weather, physical sensor degradation, electromagnetic interference from agricultural 

equipment, and varying soil conditions could impact system performance in ways not fully explored. Focus on 

specific sensor types limits generalizability to other agricultural applications such as pest detection or crop 
health imaging. The relatively short testing duration (72 hours per scenario) provides insights into immediate 
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performance characteristics but does not capture long-term trends such as seasonal variations, cumulative 
data storage impacts, or gradual hardware degradation. Future research should address these limitations 

through long-term field deployment conducting multi-season trials in actual farming operations to validate 
performance under real-world conditions. Comparative platform analysis with alternative workflow automation 

platforms (Apache NiFi, Node-RED, Integromat) would identify relative strengths and weaknesses for 

agricultural applications. Exploring hybrid architectures combining N8N's workflow capabilities with edge 
processing could further reduce latency and improve scalability. Investigating machine learning model 

integration within N8N workflows for predictive analytics and automated decision-making represents another 
promising direction. Testing the system across different crop types and agricultural practices would establish 

broader applicability, while detailed cost-benefit analysis with actual farming operations would quantify 
economic returns on investment. Overall, this research addresses the gap in systematic evaluation of N8N for 

IoT smart farming, offering a practical blueprint for more efficient and scalable agricultural digitalization. 

 

5.  Conclusion 

This research effectively shows that the N8N platform can be a good and real solution for automating 
workflows to control IoT sensors in real-time smart farming. Using an adapted IoT-A Reference Architecture, 

the system was able to connect different types of agricultural sensors (soil moisture, temperature, humidity, 

pH, NPK, and ultrasonic) using MQTT and HTTP protocols. It also automatically processes data streams with 
good performance. Testing results showed average response times of 150-300 ms, throughput up to 500 data 

points per minute, end-to-end latency below 450 ms, and availability above 99% even under high load and 
network disruption conditions with processing accuracy reaching 98.7-99.2%. Fault tolerance and horizontal 

scalability capabilities combined with easy low-code/no-code configuration make N8N a better choice than 

traditional approaches while filling a major gap in research on workflow automation applications specifically 
for IoT sensor monitoring in agriculture. In practice, this implementation brings real gains like cutting response 

time by as much as 88%, better use of resources (water, nutrients, and energy), and spotting changes in 
plant environmental conditions early with threshold-based automated alerts. In Indonesia, where rural 

infrastructure problems exist along with connectivity barriers and changing tropical farming needs still pose 

major challenges, this method presents a flexible and low-cost option that could help facilitate the shift toward 
Agriculture 4.0. The outcomes are consistent with worldwide movements in IoT plus automation integration 

for precision agriculture which boosts the possible national-level digitalization of the agricultural sector to 
enhance productivity sustainability as well as food security. Although testing was done in controlled 

environments, these findings give a strong practical guide for more development. Future research should do 
long-term field trials in real Indonesian agricultural settings integrate AI/ML for predictive abilities and compare 

analysis with other platforms to increase scalability and adoption by small to medium-scale farmers. 

Implementing N8N for IoT sensor monitoring not only proves its technical feasibility but also opens big chances 
for smarter more efficient inclusive and sustainable agriculture in Indonesia. 
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