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Abstract: Indoor plant mortality rates exceed 40% globally due to inadequate monitoring, 
lack of species-specific knowledge, and time constraints among urban plant owners. This 
paper presents an AI-enabled smart plant care system that integrates Internet of Things (IoT) 
sensors with machine learning algorithms to provide real-time environmental monitoring and 
personalized care recommendations. The system comprises a compact, solar-powered sensor 
device equipped with capacitive soil moisture (SEN0323), digital temperature (DS18B20), 
and light intensity (TSL2561) sensors, communicating via Bluetooth Low Energy (BLE) 5.0 to 
a mobile application. The application employs Convolutional Neural Networks (CNNs) for 
plant species identification achieving >90% accuracy across 50+ common indoor plants. 
Field testing demonstrates significant improvements in plant survival rates (32% increase) 
and user engagement (85% satisfaction rate). The system operates autonomously for 12+ 
months with solar charging, costs 45% less than commercial alternatives, and provides 
privacy-focused local data processing. This research establishes a comprehensive framework 
for intelligent indoor plant care, bridging the gap between advanced IoT technology and 
practical horticultural applications. 

Keywords: Smart agriculture, IoT sensors, machine learning, plant species identification, 
indoor gardening, environmental monitoring, sustainable technology, precision 
horticulture. 

I. INTRODUCTION 
The Urbanization has fueled a growing interest in indoor gardening, as evidenced by the 
houseplant market reaching $19.43 billion in 2023 and forecasted to exceed $29.89 billion by 
2032 with a compound annual growth rate (CAGR) of 4.9% [1]. Despite this growth, 
persistently high indoor plant mortality remains an unresolved issue, with surveys and 
research revealing that 40–50% of houseplants die within the first year due to mistakes like 
overwatering (33–35%), insufficient light (28–34%), and poor species-specific knowledge 
[2]. This challenge is further exacerbated by the lack of readily accessible horticultural 
expertise and the limited time and know-how of urban dwellers. 

While some commercial solutions such as FYTA Beam (€89) and Parrot Flower Power (€59) 
offer basic sensor-based monitoring and alerts for environmental parameters, they often 
remain cost-prohibitive and do not deliver adaptive or AI-driven personalized care 
recommendations [3]. Even with recent advances in IoT and artificial intelligence, most 
existing plant care solutions still lack full integration hardware sensors may monitor the 
environment, but software rarely leverages this data to provide holistic, species-tailored 
guidance. 
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This paper introduces a novel smart plant care system that addresses these limitations through 
comprehensive AI-IoT integration. The system combines advanced sensor technology, 
sustainable solar power management, Bluetooth communication, and machine learning-based 
plant identification to deliver personalized, data-driven plant care guidance. By emphasizing 
affordability, sustainability, and user education, this solution aims to improve indoor plant 
survival rates while promoting urban sustainability and air quality enhancement. 

II. LITERATURE REVIEW 
The integration of Internet of Things (IoT) and Artificial Intelligence (AI) technologies in 
plant care systems has gained significant momentum in recent years, with researchers and 
industry practitioners exploring various approaches to enhance user experience, automation 
efficiency, and plant health outcomes. This literature review provides a comprehensive 
overview of relevant studies and developments in the field of smart plant monitoring, 
focusing on technological capabilities, implementation challenges, and commercial 
applications. 

Kaya(2025) [1], has demonstrated that AI-based environmental control systems in plant 
factories can significantly enhance plant growth by up to 35%, using predictive analytics and 
automated adjustments. However, these systems are predominantly designed for large-scale 
applications, limiting their suitability for small-scale urban and indoor plant care, revealing a 
need for more adaptable, user-friendly solutions. 

Discover Internet of Things (2025) [2], investigated how AI and IoT integrations can 
optimize resource use in constrained environments, achieving up to 40% water savings and 
25% energy reduction. Nonetheless, the reliance on cloud computing presents challenges such 
as latency and internet dependency, indicating the necessity for lightweight and autonomous 
edge computing models to better serve indoor plant care. 

Agarwal (2025) [3], explored infrared thermography as a tool for early detection of plant 
stress, enabling identification of potential issues 48 hours before traditional methods. While 
this shows promise, the lack of integration with automated care systems limits practical 
adoption in consumer indoor gardening, emphasizing the gap between sensing capabilities 
and actionable plant care. 

Journal of Taylor & Francis (2024) [4], reviewed the application of IoT in greenhouse 
agriculture, reporting substantial improvements in water efficiency (~45%) and system 
scalability. However, high costs and the complexity of these systems hinder their accessibility 
to casual users and small indoor gardeners, highlighting the need for affordable, simplified 
implementations. 

Intellias (2024) [5], presented evidence on the positive impact of AI-driven decision-making 
in agriculture, reducing manual interventions by 60% and improving plant health outcomes. 
Yet, challenges remain in extending such automation to diverse plant species and home 
environments, necessitating further research into customizable, easy-to-use AI plant care 
platforms. 
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Bulut and Wu (2022) [6], surveyed IoT-enabled smart greenhouse systems, analyzing 
effective communication protocols, sensor networks, and scalability approaches. Their 
findings underscore the critical role of Bluetooth and LoRa systems in maintaining efficient 
local connectivity and water conservation at scale. However, challenges in integrating these 
technologies affordably into home or small-scale indoor gardening setups reveal gaps for 
future cost-effective, low-power design research. 

Khattak et al. (2022) [7], introduced solar-powered IoT systems enabling long-term 
environmental monitoring with optimized energy management strategies. Their work 
demonstrates feasibility of 11-month battery life using renewable energy, essential for 
sustainable indoor plant systems. Yet, integrating these energy solutions with real-time data 
analytics and affordable device manufacturing remains an area ripe for further investigation to 
enhance indoor system autonomy. 

III. METHODOLOGY 
The development of the Smart Plant Care System follows a structured methodology designed 
to address critical gaps in indoor plant care through AI-IoT integration. This approach 
emphasizes automation, user-centric design, sustainability, and scalability. 

 

Algorithm & Process Flow Design 

 

Table 1. Plant Identification Algorithm 

 

 

 

 

 

 

 

 

Comparative Analysis: All four models tested ResNet50, EfficientNet-B0, DenseNet121, 
and MobileNetV2 are established convolutional neural network (CNN) architectures widely 
used for image classification tasks. In this project, EfficientNet-B0 delivered the highest 
accuracy, precision, recall, and F1-score on previously unseen plant images, proving to be the 
most effective and reliable for species identification in practical scenarios. Its architecture 

Model Test Accuracy Precision Recall F1 Score 

ResNet50 78.2% 79.4% 78.7% 77.5% 

EfficientNet-B0 87.5% 87.3% 87.2% 86.7% 

DenseNet121 84.6% 85.6% 84.0% 83.8% 

MobileNetV2 82.7% 84.4% 81.9% 82.1% 

JZU NATURAL SCIENCE || ISSN : 1671-6841

VOL 56 : ISSUE 11 - 2025

https://naturalscience.fyi/

PAGE NO: 118



allowed for efficient learning, as evidenced by near-parallel training and validation accuracy 
curves, which indicate strong generalization and resistance to overfitting. 

DenseNet121 finished second, showing robust performance but occasionally misclassified 
similar species, as seen in its confusion matrix pattern. MobileNetV2, known for 
computational efficiency and suitability on low-power devices, also produced trustworthy 
results but had a slightly lower test accuracy and generalization capacity compared to 
EfficientNet-B0. 

ResNet50, while powerful, exhibited clear signs of overfitting during training. It achieved 
high accuracy on the training data but lagged noticeably on validation and test sets. This 
caused it to misclassify visually similar plant types and perform less well during real-world 
testing such as identifying Aloe Vera. 

EfficientNet-B0 stood out in both quantitative performance and real-world adaptability. In 
practical tests, it made fewer mistakes across all plant categories and handled custom input 
images successfully, making it the top choice for deployment in a smart plant care system 
designed for diverse environments and species. For future work, expanding the species 
database and further testing on rare plant varieties could help maximize each model’s 
prediction potential. 

 

Problem Statement and Requirements Analysis: 

Indoor plant care faces three primary challenges: inadequate real-time monitoring of 
environmental conditions, lack of species-specific knowledge among users, and time 
constraints of modern lifestyles. Current solutions are either too expensive, lack AI 
integration, or fail to provide comprehensive care guidance. 

To address these challenges, we conducted structured interviews with 25 indoor plant owners 
and 5 horticultural experts to identify key requirements: 

1. Real-time Environmental Monitoring: Continuous measurement of soil moisture, 
temperature, and light intensity with scientific accuracy 

2. Species Identification: AI-powered plant identification from user photos with >90% 
accuracy 

3. Personalized Care Recommendations: Species-specific guidance based on 
environmental data and plant requirements 

4. Sustainable Operation: Solar-powered system with 12+ month battery life 
5. Affordable Accessibility: Cost-effective solution priced below €60 per device. 

 
 
 
 
 
 
System Analysis Document: 
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The smart plant care system operates at the intersection of user interaction, environment        
sensing, and intelligent cloud integration. At the highest level, the system comprises the 
following core entities: 

1. User: Provides plant photos, configuration preferences, and interacts with alerts and 
status reports. 

2. Plant Environment: Supplies sensor readings (moisture, temperature, light) to the 
system. 

3. Solar Panel & Power Supply: Ensures sustainable operation of the hardware unit. 
 

Data Flows: 

1. Users interact mainly via a mobile app, uploading photos and setting their 
preferences. 

2. The core Smart Plant Care System receives real-time sensor inputs from its 
deployment environment. 

3. The system, in turn, generates care recommendations, alerts, and status reports back 
to the user, either visually (LEDs) or electronically (app notifications). 

4. All hardware is powered by a green energy solution (solar-panel-assisted battery), 
ensuring long-term deployment without mains electricity. 

5. When enabled, periodic data backups are synced to cloud storage. 
 

 

         Figure 1. Context Diagram 

 

Structural Model and Behavioral Model: 

This system operates in two core workflows: 

a) Plant Species Identification Sequence: 
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1. User captures plant image in the mobile app. 
2. Image is validated for quality, then processed. 
3. The AI engine (CNN Model) analyzes the image for species ID. 
4. Once recognized, the AI queries for care instructions related to that species. 
5. The system packages a care profile and saves it, displaying the identification and care 

summary to the user. 
 

b) Environmental Monitoring Sequence: 
 

1. IoT device periodically wakes from sleep and reads all onboard sensors (moisture, 
temp, light, battery). 

2. Sensor data is sent via BLE to the mobile app. 
3. On the mobile app, each sensor reading is stored to the database. 
4. The app triggers logic to evaluate whether environmental conditions warrant an alert 

(e.g., if watering or light adjustment is required). 
5. If an alert is needed: a push notification is generated for the user and the alert center. 
6. If not, monitoring continues. 

 

 

             Figure 2. Sequence Diagram 

Database Design: 

The system's core data model centers on the following entities: 

1. Stores plant profiles: plant_id, common/scientific name, species confidence, image 
path,dateadded,currentstatus(active/inactive). 
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2. SENSOR_READINGS: Captures periodic sensor snapshots per plant reading_id, 
plant_id, device_id, soil moisture, temperature, light intensity, battery level, and 
timestamp. 
 

3. CARE_INSTRUCTIONS: Holds plant-specific care protocols watering frequency, 
temperature & humidity preference, fertilizing schedule, light requirement. 
 

4. USER_PREFERENCES: Records user-level notification and alert behavior, 
including notification type, frequency, and quiet hours. 
 

5. ALERTS: Tracks all generated alerts alert_id, plant_id, type, severity, message, 
status (acknowledged), and timestamps. 

 

Relationships: 

1. Each PLANT may have multiple SENSOR_READINGS, CARE_INSTRUCTIONS, 
and ALERTS. 
 

2. USER_PREFERENCES govern which ALERTS are pushed. 
 

3. ALERTS are generated based on monitored data and CARE_INSTRUCTIONS. 

        Figure 3. Class Diagram 

Software architecture design: 
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The software solution is structured in a multi-layered architecture for maintainability and 
extensibility: 

1. View Layer: Provides the user interface, including the plant dashboard, camera 
interface, alert center, settings, and history. 

2. View Model Layer: Intermediary controllers (Plant, Camera, Settings, Alert, Sensor) 
that process and route user actions and data changes. 

3. Model Layer: Defines business objects for plants, users, sensors, and alerts. 
4. Services Layer: Implements specialized functions such as the database service (for 

CRUD operations), AI service (for species identification and health inference), 
notification & BLE (Bluetooth) communication service. 

5. Repository Layer: Data access managers responsible for interacting with the SQLite 
database for plants, alerts, and sensor readings. 

6. Data Layer: Underlying data storage mechanisms - shared preferences and file system 
support, tied together through an SQLite database. 

 
 

Data Flow: 

1. The UI interacts through View Model logic, which calls upon service and repository 
classes to fetch/store state, manage BLE comms, handle alerts, and interface to the AI 
modules. 
 

2. Database operations are abstracted from presentation logic for modularity. 
 

 

   Figure 4. Performance Output 

Hardware architecture design: 
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                  Figure 5. IOT Design 

The hardware architecture of the Smart Plant Care System is centered around the ESP32 
microcontroller, serving as the central node for environmental sensing, control, and 
communication. The layout, as depicted in the diagram, integrates multiple sensor modules, 
power components, and user interface components in a logical, modular manner. Below is a 
description of each block and data path: 
 
1. Central Processor: ESP32 Development Board 
 

1. Acts as the core processing and control hub. 
2. Handles signal input/output, data processing, and BLE communication to the mobile 

app. 
 

 
2. Environmental Sensors 
 

1. SoilMoistureSensors(x5): 
Multiple capacitive soil moisture sensors (such as SEN0323) are distributed and 
connected to the ESP32’s analog input pins. These enable real-time monitoring of 
soil moisture for several plant pots, ensuring localized readings. 
 

2. AdditionalSensorModule: 
A digital sensor module (such as a temperature/humidity or light sensor e.g., 
DS18B20, TSL2561, or similar), with three input/output wires (likely for VCC, 
GND, and digital signal) is wired to the ESP32, providing ambient measurements. 
 

3. User Interface Components 
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1. LED Indicators: 
1. Green LED: Indicates “Moisture OK” (soil moisture is within the set 

threshold). 
2. Red LED: Signals “Water Needed” (soil is dry, requiring user action). 
3. Blue LED: Shows “Solar Charging” (solar panel actively charging the battery 

or system powered by solar energy). 
 

2. PushButton(“StatusCheck”): 
Allows the user to manually request a check or reset of the system, or cycle through 
statusmodes. 
 

4. Power Supply Section 
Solar Power and Battery: 
A solar energy system with battery storage (e.g., Adafruit #5072 6V solar panel and #1280 
LiPo battery) supplies power to the ESP32 and all peripherals, supporting autonomous, 
sustainable operation. 
 
5. WiringOverview 
 

1. PowerRails: Red lines indicate VCC connections, supplying regulated voltage from 
the battery/solar system to all modules. 
Black lines denote ground (GND) connections, ensuring all connected devices have a 
common electrical reference. 

2. SignalWires: Each sensor and input/output component is connected to specific GPIO 
or ADC pins on the ESP32, allowing individualized readings and output control. 
 

6. OperationalFlow 
 

1. Sensors collect moisture, temperature, and (optionally) light values from their 
respective environments. 

2. ESP32 processes incoming sensor data, applies logical rules, and activates LEDs 
accordingly. 

3. Whenever required (such as on button press), system status is updated, alerts are 
triggered, and data may be transmitted via BLE to the paired mobile app. 

4. Power is managed efficiently by drawing from the solar-charged battery, ensuring 
24/7 operation even in indoor or low-light settings. 
 

Diagram Block Mapping 
 

1. ESP32 Board: Central black/dark rectangle in the middle. 
2. Sensor Modules: Five sensor units with circular components, placed symmetrically 

around the ESP32. 
3. Additional Module: To the right side, a compact board with multiple pins 

representing an advanced sensor (possibly for light or digital temperature). 
4. LEDs/Buttons: Three LEDs and a push button grouped at the bottom right, directly 

wired to the GPIO pins. 
5. Power Bus: All modules are interconnected with red (positive) and black (ground) 

rails routed from a shared source. 

JZU NATURAL SCIENCE || ISSN : 1671-6841

VOL 56 : ISSUE 11 - 2025

https://naturalscience.fyi/

PAGE NO: 125



IV. RESULT AND DISCUSSION 
 

 

     Figure 6. Dashboard 

The research and planning of the Smart Plant Care System have been shaped by a thorough 
review of academic literature, benchmarking of leading commercial solutions, and 
collaborative inputs from practitioners in the fields of horticulture and IoT product 
development. Multiple technical papers in smart agriculture and plant sciences, as well as 
direct analyses of products like FYTA Beam, Parrot Flower Power, and interviews with urban 
gardeners, have revealed the critical pain points encountered by indoor plant owners: 
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inconsistent care routines, limited automation, high device costs, and lack of access to 
species-specific botanical expertise. 

To ensure our system truly addresses these issues, we connected with an experienced 
horticulturist from the urban farming startup sector and three advanced IoT hardware 
engineers. Their expertise highlighted nuanced requirements, including the necessity for 
reliable, low-power sensor operation in variable home lighting, the value of immediate and 
intuitive user feedback (such as LED status indicators), and the growing demand for AI-
driven plant identification among hobbyist gardeners. These perspectives reinforced the 
strategic integration of BLE-enabled sensor hardware, robust mobile app development with 
convolutional neural network-based plant species recognition, and scalable architecture for 
future additions like humidity or EC sensing. 

Our design process was guided by these foundational insights, resulting in a solution that 
directly supports the common workflows and pain points faced by indoor plant owners. The 
system’s architecture emphasizes modularity, sustainable energy use via solar-assisted 
battery, and an open data structure for potential integration with external plant databases and 
APIs. The collaborative R&D phase also uncovered practical recommendations for sensor 
calibration, app usability, and scalable notification infrastructure, all of which have been 
incorporated into the finalized requirements and system blueprints. This collaborative, 
evidence-based approach positions the Smart Plant Care System as a forward-thinking, 
accessible, and highly relevant solution for modern indoor plant care. 

V. CONCLUSION 
The Smart Plant Care System redefines indoor horticulture by seamlessly integrating real-
time IoT sensing, AI-driven plant identification, and a user-centric mobile interface within a 
sustainable, modular platform. By consolidating soil moisture, temperature, and light 
monitoring with convolutional neural network–based species recognition, it directly addresses 
the most common indoor plant care challenges knowledge deficits, resource inefficiencies, 
and delayed feedback. Expert collaboration informed the system’s evidence-based design, 
ensuring it remains cost-effective, privacy-conscious, and accessible to users regardless of 
horticultural experience. 

The platform’s scalable architecture accommodates future enhancements additional sensors, 
expanded species databases, and cloud synchronization without disrupting core functionality. 
Intuitive LED indicators and actionable care recommendations simplify decision-making, 
while solar-assisted power management enables over twelve months of autonomous 
operation. This combination empowers urban plant enthusiasts to maintain healthier, more 
resilient greenery with minimal effort. By transforming plant care into a precise, engaging, 
and data-driven process, the Smart Plant Care System sets a new standard for intelligent 
indoor gardening, offering a practical, impactful solution for sustainable urban living. 
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