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Highlights 

What are the main findings? 

• AgroNova presents a hybrid IoT architecture that integrates autonomous edge-based control 
with LLM-assisted decision support for greenhouse microclimate management. 

• A seven-month real-world deployment demonstrates the system’s robustness, reliability, and 
continuous operation under varying environmental conditions. 

What are the implications of the main findings? 

• The proposed architecture supports resilient greenhouse operation even with limited or no 
internet connectivity. 

• Integrating consultative LLM reasoning advances traditional rule-based systems toward 
context-aware decision making in precision agriculture. 

Abstract 

This article presents AgroNova, an intelligent and autonomous Internet of Things (IoT) platform 
developed for real-time monitoring and control of the microclimate in greenhouses. The system 
combines distributed wireless sensor nodes, actuator modules, a local gateway equipped with a rule-
based control agent, and a cloud infrastructure for data visualization and decision support. The 
platform’s hybrid architecture enables autonomous operation in the event of internet failures and at 
the same time allows the integration of a large language model (LLM) for context-based decisions. 
AgroNova was implemented in a tomato greenhouse and validated over a period of seven months, 
during which over 400,000 environmental data points were recorded. The system effectively kept 
temperature and humidity within optimal agronomic ranges and reduced deviation time compared 
to manual control. In experimental tests, the LLM component generated relevant recommendations 
under complex conditions, such as bad weather. The results show that AgroNova is a reliable and 
scalable solution for greenhouse microclimate management. The combination of local autonomy and 
cloud intelligence of the platform offers promising applications in precision agriculture. Future work 
includes extending the scope of LLM-assisted reasoning and adapting the platform to additional 
crops and greenhouse environments. 

Keywords: IoT in agriculture; greenhouse climate control; rule-based agent; cloud-assisted 
reasoning; edge computing; context-aware decision support; LLM integration 
 

1. Introduction 

Modern agriculture faces growing challenges related to climate change, sustainable resource 
management, and the need for optimized, reliable production processes. In this context, automated 
and intelligent microclimate control systems for greenhouses have become key technologies for 
improving crop yield, ensuring consistent product quality, and reducing reliance on manual 
intervention [1–3]. 
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Over the past decade, the integration of the Internet of Things (IoT) and artificial intelligence 
(AI) into greenhouse management systems has received considerable attention [4–6]. Commercial 
solutions such as AI Garden, IoT Monitor, and Thermosense typically provide basic monitoring and 
control functions, including temperature, humidity, and lighting regulation. Other platforms, such 
as those offered by Axbul, incorporate connectivity to external meteorological services (e.g., 
Meteobot®). While these systems support essential monitoring tasks, they generally rely on 
predefined control rules and threshold-based automation, offering limited adaptability and minimal 
contextual decision support [7–9]. 

From a research perspective, various approaches have been proposed to enhance the efficiency 
and sustainability of greenhouse systems. Some studies focus on energy optimization strategies and 
the integration of renewable energy sources [10,11], while others investigate wireless sensor networks 
and mobile sensing platforms for environmental monitoring [12]. Advances in computer vision and 
AI-based image processing have also been applied to crop monitoring, growth analysis, and disease 
detection [13,14]. However, these efforts often address isolated subsystems rather than the 
coordinated operation of sensing, decision making, and actuation within a unified architectural 
framework. 

Despite recent progress, there remains a notable gap in integrated platforms that combine 
distributed sensor architectures, cloud-based services, autonomous intelligent agents, and large 
language models (LLMs) for high-level inference and decision support. Prior work in smart 
agriculture has predominantly emphasized machine learning techniques for yield prediction, plant 
disease classification, and visual analytics [15–17], while higher-level reasoning and adaptive control 
mechanisms have received comparatively less attention. In particular, the use of LLMs as consultative 
components for contextual reasoning and system-level decision support in greenhouse environments 
remains largely unexplored. 

Edge computing has been increasingly adopted to support real-time monitoring, low-latency 
control, and local autonomy in agricultural systems [18,19]. These approaches improve system 
responsiveness and resilience but are typically limited to reactive control strategies or narrowly 
defined optimization tasks. Context-aware decision making that integrates local edge intelligence 
with cloud-based reasoning and global system awareness is still insufficiently addressed. Recent 
advances in foundation models and large-scale language models demonstrate strong potential for 
cross-domain reasoning and decision support [20–22], yet their practical integration into operational 
agricultural IoT platforms remains limited. 

To address these challenges, AgroNova adopts a hybrid architectural approach in which local 
intelligent agents operate autonomously at the edge [23–26], while selectively consulting a remote 
LLM when complex, ambiguous, or multi-factor situations arise. This design enables continuous 
operation under limited connectivity conditions while allowing higher-level reasoning to be 
incorporated when required. AgroNova bridges the gap between low-level sensor-driven 
automation and high-level decision support through a unified platform that integrates distributed 
sensing, agent-based control, cloud services, and optional LLM-assisted reasoning. 

The proposed platform integrates distributed sensing, agent-based control, cloud services, and 
LLM-assisted reasoning within a unified, modular framework. The main features of AgroNova 
include: 

• a modular, scalable sensor–actuator architecture suitable for heterogeneous greenhouse 
environments; 

• resilient operation enabled by autonomous local control during limited or absent network 
connectivity; 

• consultative LLM-based decision support for complex or non-standard scenarios; 
• and long-term validation through deployment in a real greenhouse environment over an 

extended operational period. 
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2. Materials and Methods 
2.1. System Architecture 

AgroNova is a modular IoT-based platform for greenhouse microclimate management, 
designed with a distributed architecture that integrates local intelligent agents and centralized cloud 
services. The system includes sensor and actuator nodes, an intelligent gateway with a rule-based 
agent, and a remote server infrastructure with a large language model and visualization tools. The 
main system components, shown in Figure 1, include: 

• Sensor nodes (S) 
• Actuator nodes (A) 
• Coordinator (C) 
• Router (R) 
• Intelligent gateway (Sg) 
• Remote server (Sv) 
• Long-range wireless link (L) 
• Cloud services. 

 

Figure 1. Conceptual architecture of the AgroNova platform. 

The rule-based agent on the gateway works autonomously and evaluates the environmental 
conditions in real time. In complex scenarios (e.g., conflicting data or predicted rain at high 
temperature), it sends a request to the LLM via the server. The server responds with a contextually 
based recommendation that is executed locally. 

AgroNova is designed to maintain functionality even during temporary internet outages, 
making it suitable for remote or rural agricultural environments. 

2.2. Hardware Implementation 

To evaluate the practical feasibility of AgroNova, a prototype was used in a tomato greenhouse 
at the Maritsa Vegetable Crops Research Institute in Plovdiv, Bulgaria (Figure 2). 
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Figure 2. Sensor nodes installation in greenhouse. 

The hardware setup includes the following components: 

• Five mobile, low-power sensor nodes based on ESP32 microcontrollers (Espressif Systems), each 
equipped with a DHT22 digital sensor for temperature and humidity measurements (Aosong 
Electronics); 

• A battery power supply with an integrated charging circuit for autonomous operation; 
• Actuator modules based on the ESP8266 microcontroller (Espressif Systems), each equipped 

with two relays for controlling electric ventilation shutters; 
• An ESP32-based coordinator node for aggregating and forwarding sensor data; 
• A Wi-Fi router used to establish the local wireless network; 
• A smart gateway implemented with Orange Pi Zero (Shenzhen Xunlong Software Co.), running 

the Armbian operating system and hosting a rule-based control agent, Mosquitto MQTT broker, 
and Node-RED logic flows; 

• A remote server configured to host a PostgreSQL database, a large language model (Mistral AI), 
a server-side agent, and Grafana dashboards for visualization; 

• A pair of 5 GHz MikroTik antennas, enabling long-range wireless communication (up to 12 km) 
between the gateway and the remote server (Figure 3). 
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Figure 3. Long-range Wi-Fi antenna setup. 

2.3. Software Implementation 

The software stack of the AgroNova platform includes the following components: 

• Python-based agents responsible for decision-making at both local and server levels; 
• Mosquitto MQTT brokers (Eclipse Foundation) used for lightweight message exchange between 

system nodes; 
• Node-RED logic flows (OpenJS Foundation) employed for orchestration and low-code 

programming of data processes; 
• PostgreSQL database (PostgreSQL Global Development Group) for structured storage of sensor 

and system data; 
• Grafana dashboards (Grafana Labs) for real-time monitoring, historical data visualization, and 

analytics; 
• Mistral large language model (Mistral AI) integrated via API for context-aware reasoning; 
• OpenWeatherMap API (OpenWeather Ltd.) for external weather data retrieval; 
• Portainer (Portainer.io) used for managing Docker container environments; 
• ESP-NOW and Wi-Fi (IEEE 802.11) wireless communication protocols supporting intra-network 

connectivity. 

3. Results and Discussion 
3.1. Validation in a Real Environment 

The AgroNova prototype was used and tested in a real agricultural environment over a period 
of seven months. The tests took place in an unheated greenhouse and covered different climatic 
seasons, which allowed a reliable assessment of the robustness and applicability of the system under 
changing environmental conditions. 

During the entire validation period, each of the five sensor nodes collected approximately 72 
measurements per day. The collected data was transmitted to the remote server at 20-minute 
intervals, resulting in a cumulative dataset of almost 400,000 measurements stored in the system’s 
database. The Grafana interface provided real-time monitoring and analysis capabilities that could 
be accessed remotely via a web-based dashboard (Figure 4). 

 
Figure 4. An example of daily sensor data in the Grafana environment. 

The system operated continuously and without interruption, with the exception of scheduled 
scenarios used to assess the gateway agent’s ability to operate autonomously in the event of a 
temporary loss of internet connectivity. 

3.2. Behavior Analysis and Adaptability 

Data analysis showed that the platform was able to maintain the microclimate in the greenhouse 
within the optimal limits specified in the agronomic guidelines: Temperature between 15° C and 30° 
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C and relative humidity between 60% and 85%. The system responded to deviations from these limits 
with minimal delay. 

The average response time after a deviation occurred was less than one minute, which is 
significantly shorter compared to manual control. Table 1 shows selected examples of agent response 
delays recorded during the validation period. As expected, server-side decisions (involving the LLM) 
exhibited slightly higher delays due to internet latency and reasoning time, while rule-based local 
decisions were almost instantaneous. 

Table 1. Agent response delay. 

Date Time Delay [sec] Action source 

27.03.2024 07:02 0.0 Local agent 

28.03.2024 10:42 26.1 Server agent 

05.06.2024 14:11 26.1 Server agent 

05.06.2024 14:31 6.0 Server agent 

15.06.2024 23:38 0.0 Local agent 

16.06.2024 09:16 6.0 Server agent 

21.06.2024 08:31 6.0 Server agent 

21.06.2024 08:51 6.0 Server agent 

Another important aspect of autonomous IoT systems is the sustainability of the energy supply. 
Battery life was assessed by analyzing the number of the system restarts due to depleted batteries 
and the number of measurements taken per session (defined as the time between two restarts). The 
results are summarized in Table 2. The sensors with IDs 2 and 4 performed more than 15,000 
measurements per session without requiring a battery change or restarts, indicating stable energy 
performance. Other nodes experienced one or more restarts, which in one case were caused by 
external environmental damage (a broken window leading to flooding). These results support the 
scheduling of preventive maintenance and battery replacement cycles based on observed device 
behavior. 

Table 2. Sensor battery life. 

Sensor id Number of restarts (battery empty) Max. measurements per session 
1 2 8149 
2 0 15209 
3 2 6605 
4 0 15220 
5 1 11656 

3.3. Role of the Intelligent Module 

In the first version of the AgroNova platform, decision making was handled exclusively by a 
rule-based local agent embedded in the gateway. Table 3 shows representative cases that illustrate 
the agent’s actions based on predefined environmental thresholds. 

Table 3. Local agent responses in various scenarios. 

Time Temperature  
[° C] 

Humidity  
[%] 

Shutter  
position 

Action taken 

16.02.2022 07:16 14.7 34.3 closed No action needed 

26.02.2022 12:31 32.9 20.3 closed Open shutters 
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However, field observations showed that these rules alone were not sufficient to make 
contextual decisions, especially when external weather conditions were not taken into account. To 
address this limitation, a second version of the platform was implemented that includes a hybrid 
decision making strategy with a large language model on a remote server. 

In this version, the local agent initiates a decision request to the LLM under the following 
conditions: 

• when the indoor temperature is above 30° C or the humidity is above 85% and 
• if an internet connection to the server is available. 

If no connection is available or the thresholds are not exceeded, the local agent proceeds with a 
rule-based decision. 

When turned on, the LLM agent evaluates sensor data, external weather forecasts (retrieved via 
the API) and the agronomic knowledge encoded in the prompt to generate an appropriate action. 
The final recommendation is returned to the local agent, which executes the decision. 

During the test phase, there were several temporary internet outages. In all cases, the local agent 
remained functional and continued to apply the rules autonomously. 

Table 4 shows examples of LLM-assisted decisions as opposed to rule-based local responses. In 
one notable case, the LLM advised to keep the shutters closed despite increased temperature due to 
simultaneous rainfall — a context-dependent decision that exceeded the capabilities of the rule-based 
agent. Table 4 shows real LLM responses as returned by the Mistral model in unmodified form. 

Table 4. Intelligent module responses in various scenarios. 

T 
[° C] 

H 
[%] 

Shutter  
position 

Connection Rain Wind Action Action source  
& explanation 

24.8 71.0 Closed No needed   No action 
needed 

Local agent 
decision 

30.1 43.0 Closed True False False 
Open 

shutters 

LLM:  The 
temperature 

inside the 
greenhouse is 
30.1° C which 

exceeds the 
threshold of 30.0° 
C specified in the 
rules, indicating 

that ventilation is 
needed. The 
shutters are 

currently closed, 
so opening them 

will allow for 
better air 

circulation and 
cooling. 

26.02.2022 12:51 31.2 20.6 opened No action needed 

26.02.2022 13:11 30.4 19.5 opened No action needed 

26.02.2022 16:51 13.6 39.7 opened Close shutters 

26.02.2022 17:11 12.1 43.9 closed No action needed 
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31.0 43.0 Opened True False False 
No action 

needed 

LLM: The 
greenhouse 

temperature is 
above the 

threshold for 
ventilation (31.0° 

C), but the 
shutters are 

already open. 
There is no rain 
or strong wind 

outside, so 
there’s no need 
to change the 
current state. 

20.1 76.3 Opened False   
No action 

needed 
Local agent 

decision 

13.2 53.1 Opened False   
Close 

shutters 
Local agent 

decision 

31.1 65.5 Closed True True False 
No action 

needed 

LLM: The 
greenhouse 

shutters should 
not be opened as 
the temperature 

(31.1° C) is above 
the threshold for 
ventilation and it 

is currently 
raining outside. 

4. Conclusions 

AgroNova is an intelligent IoT platform designed for autonomous climate control in 
greenhouses. It integrates a capillary sensor infrastructure, actuator logic, a local rule-based agent, 
cloud services, a server-side agent and a large language model, making it a flexible and adaptable 
solution for precision agriculture. 

A seven-month deployment in a tomato greenhouse demonstrated the robustness, autonomy 
and effectiveness of the system in maintaining optimal microclimatic conditions under changing 
environmental factors. The platform operated continuously, even during internet outages, and 
supported real-time visualization and decision support through Grafana dashboards and LLM-
powered reasoning. 

AgroNova’s contributions go beyond typical IoT greenhouse systems. It offers a working hybrid 
architecture with local and cloud agents, contextual decision making through LLM integration and 
proven precision in microclimate management through quantitative analysis. The modular design 
allows for seamless scaling with additional sensors or AI modules, while autonomous operation with 
limited connectivity enables deployment in rural areas. 

Future developments could include training the LLM on crop-specific agronomic data, 
integrating energy optimization metrics and extending functionality to disease detection and stress 
response mechanisms. Thanks to its adaptable architecture, AgroNova can be applied to different 
crops and environments, providing added value to both research institutions and agricultural 
practitioners. 
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AgroNova is more than just an automation platform. It demonstrates how IoT and AI can 
converge to enable smart, self-adapting agroecosystems – shaping the future of sustainable 
agriculture. 
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