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Internet of Things (IoT)-based hydroponic systems enable continuous environmental 

monitoring, but many existing approaches rely on centralized data collection and machine 

learning models, which may introduce communication overhead, scalability limitations, and 

concerns regarding raw data sharing. This study proposes a federated learning framework 

with Extreme Gradient Boosting (XGBoost) for privacy-preserving growth prediction in 

IoT-based Deep Water Culture (DWC) shallot cultivation. The proposed framework treats 

each hydroponic reservoir as an independent edge node equipped with environmental 

sensors measuring temperature, humidity, light intensity, pH, electrical conductivity (EC), 

water level, and dissolved oxygen (DO). Local XGBoost regression models are trained 

using reservoir-specific sensor data, while only model parameters are exchanged through 

the Federated Averaging (FedAvg) algorithm to construct a global prediction model without 

transferring raw environmental records. Experiments were conducted using 25,920 sensor 

observations collected from three DWC reservoirs over a 30-day cultivation period with a 

five-minute sampling interval. The proposed federated XGBoost model achieved a Root 

Mean Square Error (RMSE) of 1.71 cm, Mean Absolute Error (MAE) of 1.20 cm, Mean 

Absolute Percentage Error (MAPE) of 6.40%, and coefficient of determination (R²) of 

0.969, showing comparable predictive capability to centralized XGBoost while maintaining 

data locality. In addition, an Android-based dashboard was developed to provide real-time 

monitoring and growth-based cultivation recommendations. The experimental results 

demonstrate the feasibility of combining federated learning, edge intelligence, and gradient-

boosted regression for distributed hydroponic growth prediction. Further validation with 

larger numbers of cultivation units and longer cultivation cycles is required before large-

scale deployment. 
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1. INTRODUCTION

Shallot (Allium cepa L. Aggregatum Group) is one of the 

most economically important horticultural commodities in 

many Asian countries, where it serves as both a staple cooking 

ingredient and a strategic agricultural commodity [1, 2]. 

However, sustainable shallot production is increasingly 

threatened by climate change, irregular rainfall patterns, 

prolonged droughts, extreme temperatures, and declining soil 

quality, all of which directly influence bulb formation, nutrient 

uptake, and crop productivity [3, 4]. Recent reports indicate 

that environmental stress significantly reduces shallot yield 

while increasing production costs due to higher water demand, 

intensive fertilization, and greater susceptibility to pests and 

diseases [5, 6]. These challenges emphasize the urgent need 

for intelligent cultivation technologies capable of maintaining 

stable growing environments while supporting data-driven 

decision-making for sustainable shallot production [7]. 

To overcome the limitations of conventional soil-based 

cultivation, hydroponic technology has emerged as an 

attractive alternative because it enables precise control of 

environmental conditions, nutrient availability, and water 

utilization [8, 9]. Among various hydroponic techniques, Deep 

Water Culture (DWC) provides continuous root immersion in 

oxygenated nutrient solutions, creating a stable environment 

that supports rapid root development and efficient nutrient 

absorption [10, 11]. Previous studies have demonstrated that 

DWC cultivation can improve water-use efficiency, reduce 

environmental dependency, and provide more consistent 

vegetative growth compared with traditional farming systems 

[5, 12]. Nevertheless, maintaining optimal environmental 

conditions throughout the cultivation cycle remains a 

significant challenge because shallot growth is highly 

sensitive to fluctuations in temperature, humidity, light 

intensity, nutrient concentration, pH, and dissolved oxygen 

(DO) [8, 13].  

Recent advances in Internet of Things (IoT) technologies 

have transformed conventional hydroponic systems into smart 
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cultivation platforms capable of continuously monitoring 

environmental parameters through distributed sensors [14, 

15]. IoT devices enable real-time acquisition of temperature, 

humidity, light intensity, pH, electrical conductivity (EC), and 

water level data, allowing growers to observe cultivation 

conditions remotely and respond rapidly to environmental 

disturbances [16]. Although these monitoring systems 

improve operational efficiency, most current hydroponic 

implementations still function only as digital monitoring tools. 

They provide descriptive information regarding 

environmental conditions but lack the capability to analyze 

historical sensor data, predict future plant growth, and 

generate intelligent cultivation recommendations [17, 18]. 

Consequently, the concept of intelligent shallot cultivation has 

recently gained attention in the context of smart agriculture, 

emphasizing the integration of IoT sensing, predictive 

analytics, and artificial intelligence (AI) to enable more data-

driven crop management rather than simple environmental 

monitoring [18-20]. 

AI has become a key technology for realizing intelligent 

agriculture by extracting knowledge from large volumes of 

environmental sensor data collected throughout the cultivation 

process [21, 22]. Machine learning algorithms are increasingly 

applied in agriculture to estimate crop growth and related 

environmental conditions, and to assist in scheduling irrigation 

and nutrient management [23]. Among various machine 

learning techniques, Extreme Gradient Boosting (XGBoost) 

has demonstrated superior predictive performance because of 

its capability to model nonlinear relationships, manage 

heterogeneous sensor datasets, resist overfitting, and provide 

high computational efficiency [24]. For shallot cultivation in 

DWC, the environmental inputs are multivariate tabular sensor 

readings with nonlinear interactions, making gradient-boosted 

tree ensembles such as XGBoost particularly suitable for 

modeling multi-output growth indicators under heterogeneous 

microenvironmental conditions. Recent studies consistently 

report that XGBoost achieves higher prediction accuracy than 

conventional regression models and many ensemble learning 

methods in precision agriculture applications [24]. Therefore, 

integrating XGBoost into IoT-enabled hydroponic systems 

represents an important step toward developing predictive and 

intelligent shallot cultivation systems [25]. 

Despite these advances, most AI-enabled hydroponic 

systems continue to employ centralized learning architectures 

in which all environmental data collected from multiple 

cultivation units are transmitted to a central server for model 

training [26]. Such centralized approaches become 

increasingly inefficient as the number of cultivation modules 

grows because they require continuous transmission of large 

volumes of sensor data, increase communication latency, 

reduce scalability, and create a single point of failure. 

Moreover, centralized learning ignores the natural 

environmental heterogeneity among cultivation units. Even 

within the same hydroponic installation, different reservoirs 

may exhibit variations in nutrient circulation, microclimate 

conditions, and plant physiological responses, causing 

valuable local information to be lost when all observations are 

merged into a single dataset. 

Federated learning has recently emerged as an effective 

distributed machine learning paradigm capable of overcoming 

the limitations of centralized AI systems [16]. Instead of 

transmitting raw sensor data, each edge device independently 

trains a local prediction model using its own observations and 

only exchanges model parameters with a central aggregation 

server to construct a global model [15]. This collaborative 

learning mechanism significantly reduces communication 

overhead, limits the sharing of raw sensor data, enhances 

scalability, and enables every cultivation unit to contribute its 

unique environmental characteristics to the global prediction 

model [27]. Although federated learning has shown promising 

performance in various IoT applications, its implementation in 

hydroponic cultivation, particularly for shallot production 

using gradient boosting algorithms such as XGBoost, remains 

largely unexplored [28]. Each reservoir was treated merely as 

part of a centralized monitoring system rather than as an 

independent computational unit capable of collaborative 

learning, thereby leaving opportunities for integrating edge 

intelligence, predictive analytics, and federated learning [28]. 

Existing hydroponic prediction systems generally rely on 

centralized training of single global models that merge sensor 

data from multiple reservoirs, which increases communication 

overhead, creates a single point of failure, and limits the 

model’s ability to adapt to microenvironment differences 

among cultivation units. Moreover, most shallot-focused IoT 

systems are designed for monitoring and simple automation 

rather than for multi-output growth prediction and 

collaborative model improvement across reservoirs, so they 

cannot fully exploit heterogeneous environmental information 

while keeping raw sensor data local. To address these 

limitations, this research proposes a federated XGBoost-

enabled IoT DWC system for intelligent shallot cultivation, in 

which every hydroponic reservoir functions as an autonomous 

edge node equipped with IoT sensors and a local XGBoost 

prediction model. Each node independently learns the 

relationship between environmental conditions and shallot 

growth while sharing only model parameters with a federated 

aggregation server to construct a robust global prediction 

model without exposing raw sensor data [24, 25]. The 

integration of IoT sensing, federated learning, and XGBoost 

transforms the previous monitoring-oriented hydroponic 

platform into an intelligent cultivation ecosystem capable of 

collaborative learning, predictive growth analysis, adaptive 

decision support, and potential (yet to be validated) scalable 

deployment. 

Existing IoT-based shallot and hydroponic cultivation 

systems predominantly focus on environmental monitoring, 

simple rule-based automation, or centralized machine 

learning, where all sensor data are transmitted to a single 

server for training. Recent federated learning frameworks for 

smart farming mainly aggregate neural network models for 

tasks such as disease classification or generic IoT analytics and 

do not integrate tree-based ensemble regression with edge-

level hydroponic growth prediction in DWC systems. In 

contrast, this study: 

(i) treats each DWC reservoir as an autonomous edge node 

that locally learns multi-output relationships between 

heterogeneous environmental variables and shallot growth 

indicators using XGBoost,  

(ii) applies Federated Averaging (FedAvg) to aggregate 

gradient-boosted tree ensembles by exchanging model 

parameters instead of raw sensor data,  

(iii) embeds the federated XGBoost model within an IoT- 

and edge-centric decision support workflow specifically 

tailored for shallot cultivation. These methodological elements 

distinguish the proposed framework from existing federated 

agricultural monitoring architectures and extend federated 

learning to a new combination of crop, hydroponic 

configuration, and model type. 

2936



 

2. METHODOLOGY 

 

This study proposes an intelligent hydroponic framework 

that integrates IoT, edge-based machine learning, federated 

learning, and XGBoost to enable distributed prediction of 

shallot growth without centralized data collection. Unlike 

conventional IoT hydroponic systems that merely transmit 

environmental measurements to a monitoring dashboard, the 

proposed architecture allows each hydroponic reservoir to 

function as an autonomous edge intelligence node capable of 

learning local environmental characteristics and 

collaboratively improving a global prediction model. 

In contrast to existing federated smart farming solutions that 

largely aggregate neural network classifiers for monitoring 

and detection tasks, our framework implements federated 

gradient-boosted tree ensembles for multi-output regression in 

DWC shallot cultivation, providing a distinct methodological 

configuration that has not been reported in prior work. 

 

2.1 Proposed workflow 

 

The overall research framework is designed to establish a 

distributed intelligent hydroponic cultivation system for 

shallots by combining IoT sensing technology, edge 

computing, machine learning, and federated learning within a 

DWC environment. As presented in Figure 1, the proposed 

workflow consists of nine interconnected stages that 

systematically transform environmental observations into 

predictive knowledge and cultivation recommendations. The 

workflow begins with real-time environmental sensing and 

local data acquisition, followed by data preprocessing, feature 

engineering, and local XGBoost model training at each 

reservoir. Subsequently, the locally trained models are 

collaboratively aggregated using the FedAvg algorithm to 

construct a robust global prediction model. The optimized 

global model is then employed to estimate shallot growth 

performance, generate intelligent cultivation 

recommendations, and deliver real-time monitoring and 

prediction results through an Android-based dashboard. 

This workflow enables each hydroponic reservoir to operate 

as an autonomous edge learning node while collectively 

contributing to the development of a data-locality-preserving 

intelligent cultivation system, with scalability across larger 

numbers of reservoirs identified as a direction for future 

validation. 

 

 

 
 

Figure 1. Proposed research using Internet of Things-based Deep Water Culture (DWC) shallot cultivation 

 

IoT environmental sensing: The proposed intelligent shallot 

cultivation system begins with continuous environmental 

monitoring using an IoT-based sensing infrastructure 

deployed in every DWC reservoir. Each reservoir is equipped 

with multiple sensors, including a DHT22 sensor for 

measuring air temperature and relative humidity, a BH1750 

sensor for light intensity, a pH sensor for nutrient acidity, an 

EC sensor for nutrient concentration, a water level sensor for 

monitoring nutrient solution availability, and an optional DO 

sensor to evaluate oxygen availability in the root zone. These 

sensors continuously acquire environmental data at five-

minute intervals, generating timestamped observations 

consisting of temperature, humidity, light intensity, pH, EC, 

water level, and DO measurements. The collected sensor data 

serve as the primary input for the subsequent edge intelligence 

framework and provide comprehensive information 

describing the hydroponic growing environment throughout 

the cultivation cycle. 

Edge data acquisition: Rather than transmitting raw sensor 

observations directly to a centralized cloud server, each DWC 

reservoir is equipped with an ESP32-based edge computing 

device responsible for local data acquisition and preliminary 

processing. The edge device continuously collects sensor 

readings, synchronizes acquisition timestamps, filters 

measurement noise using a Moving Average Filter (MAF), 

detects and handles missing observations, and stores the 

processed data within a local database. This edge-based 

architecture minimizes communication latency while ensuring 

that only high-quality sensor data are used for machine 

learning tasks. The resulting filtered dataset forms the local 
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training repository for each reservoir and enables 

decentralized intelligence without excessive network 

dependency. 

Feature engineering: Following data preprocessing, each 

edge node performs feature engineering to transform raw 

environmental measurements into informative variables that 

better represent the cultivation conditions affecting shallot 

growth. Besides utilizing the original sensor measurements, 

additional statistical and temporal features are extracted, 

including daily mean temperature, temperature variance, 

humidity gradient, cumulative light exposure duration, 

nutrient stability index derived from EC fluctuations, and 

water consumption rate estimated from water level variations. 

These engineered features capture both instantaneous 

environmental conditions and temporal dynamics occurring 

during plant development, thereby improving the predictive 

capability of the subsequent XGBoost learning model. 

Local XGBoost training: Each hydroponic reservoir 

independently trains a local XGBoost regression model using 

only its locally collected environmental dataset. Unlike 

conventional centralized machine learning approaches that 

merge all sensor observations into a single training dataset, the 

proposed framework allows every reservoir to learn the 

specific relationships between environmental conditions and 

crop development within its own microenvironment. The local 

XGBoost model predicts multiple plant growth indicators, 

including plant height, leaf number, bulb diameter, and 

biomass accumulation. Model optimization is performed by 

minimizing the Root Mean Square Error (RMSE) loss 

function, enabling each reservoir to generate accurate growth 

prediction models while preserving data locality. 

Federated parameter aggregation: To preserve data privacy 

and reduce communication overhead, the proposed framework 

employs federated learning instead of centralized data sharing. 

After completing local model training, each edge node 

transmits only its learned model parameters, including tree 

structures, feature importance scores, gradient statistics, and 

model weights, to a federated aggregation server. No raw 

environmental sensor data are transferred outside the local 

reservoir. The central server subsequently combines all local 

models using the FedAvg algorithm to generate a unified 

global learning model. The aggregation procedure strictly 

follows the standard FedAvg algorithm, which is applied here 

to serialised XGBoost tree-ensemble parameters, and does not 

introduce a new federated boosting algorithm. In our 

implementation, each local XGBoost model is represented as 

an ensemble of regression trees whose parameters include split 

thresholds at internal nodes and prediction weights at leaf 

nodes. For federated aggregation, these tree-ensemble 

parameters are serialized into a numerical parameter vector for 

each reservoir, and the federated server applies the FedAvg 

algorithm to compute a weighted average of the corresponding 

parameters across all participating edge nodes, using the local 

dataset sizes as aggregation weights. This procedure updates 

the leaf weights, split thresholds, and feature importance 

scores of the global XGBoost ensemble based on the 

contributions of each reservoir while preserving the overall 

tree structure and eliminating the need to centralize raw sensor 

data. Since all local XGBoost models are trained with identical 

structural hyperparameters (100 estimators, maximum depth 

of 6), each local ensemble produces a fixed number of trees 

with a comparable structural template across reservoirs. This 

allows the FedAvg aggregation to be performed directly on the 

corresponding leaf-weight and split-threshold parameters at 

matching tree and node positions, without requiring explicit 

tree-structure matching or re-alignment algorithms. This 

simplification avoids the structural heterogeneity problem 

inherent in unconstrained tree-boosting federation, but it also 

represents a methodological limitation compared to more 

advanced structure-aware federated boosting frameworks 

(e.g., SecureBoost). This collaborative learning mechanism 

enables multiple hydroponic reservoirs to contribute 

collectively to model improvement while maintaining 

complete ownership of their respective sensor datasets. 

Global XGBoost optimization: Following parameter 

aggregation, the federated server constructs an optimized 

global XGBoost model representing the collective knowledge 

acquired from all participating reservoirs. The global model 

captures common plant growth patterns while simultaneously 

incorporating local environmental variability, nutrient 

dynamics, and microclimate adaptation observed across 

different cultivation units. Since only model parameters are 

exchanged during the federated learning process, the proposed 

optimization strategy eliminates the need for centralized 

datasets while maintaining prediction accuracy and scalability 

for distributed hydroponic systems. The resulting global 

XGBoost model thus reflects an averaged combination of the 

local ensembles, where leaf weights and split thresholds are 

updated through federated parameter aggregation, allowing 

the model to leverage heterogeneous reservoir-specific 

environmental patterns while maintaining a single, consistent 

prediction function that can be deployed back to all edge 

nodes. 

Growth prediction: The optimized global XGBoost model 

is subsequently utilized to estimate multiple indicators of 

shallot development throughout the cultivation period. 

Specifically, the model predicts plant height, leaf number, bulb 

diameter, growth stage, and estimated harvest time based on 

the continuously updated environmental observations received 

from each edge node. In the experiments reported in this 

manuscript, the quantitative evaluation using RMSE, Mean 

Absolute Error (MAE), Mean Absolute Percentage Error 

(MAPE), and coefficient of determination (R²) focuses on the 

numerical growth indicators (such as plant height and other 

continuous variables), whereas growth stage and estimated 

harvest time are used conceptually within the decision support 

module to categorize growth status and provide harvest 

readiness recommendations rather than as separately reported 

prediction targets. As new local models are periodically 

uploaded and aggregated, the global prediction model is 

automatically refined, enabling adaptive learning that 

continuously improves prediction performance under 

changing environmental conditions. 

Intelligent decision support: The predicted plant growth 

information is further processed by an intelligent decision 

support module designed to assist hydroponic cultivation 

management. Based on the prediction outcomes, the system 

automatically generates cultivation recommendations such as 

increasing nutrient concentration, adjusting pH levels, 

modifying irrigation flow, regulating lighting duration, or 

replacing nutrient solutions when abnormal growth conditions 

are detected. In the current implementation, these 

recommendations are delivered through the Android 

dashboard and must be applied manually by the grower using 

existing pumps, dosing units, and lighting controllers, without 

automatic closed-loop actuator triggering. This intelligent 

recommendation mechanism enables proactive, human-in-the-

loop cultivation management by transforming predictive 
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analytics into actionable decisions that support plant growth, 

while fully autonomous control remains an important direction 

for future work. 

Android dashboard: Finally, all environmental 

measurements, prediction results, and cultivation 

recommendations are presented through an Android-based 

monitoring application. The dashboard provides real-time 

visualization of environmental parameters, including 

temperature, humidity, pH, EC, light intensity, water level, 

and DO, together with predicted plant height, harvest 

readiness, and current growth status. In addition, the 

application displays recommendation alerts generated by the 

intelligent decision support system, enabling farmers to 

remotely monitor cultivation conditions and immediately 

implement corrective actions whenever environmental 

deviations or growth anomalies are detected. This integrated 

dashboard serves as the primary human–machine interface 

connecting the distributed IoT sensing network, the federated 

learning framework, and intelligent shallot cultivation 

management. In the current implementation, the Android 

dashboard functions primarily as a visualization and 

recommendation-display interface that presents environmental 

measurements, model-predicted growth indicators, and rule-

based cultivation suggestions generated by the decision 

support module. The dashboard itself does not perform 

additional inference beyond displaying these outputs and has 

not yet been evaluated through formal usability or user 

experience studies. 

 

2.2 Hardware components 

 

The proposed intelligent shallot cultivation system is 

implemented using a distributed IoT architecture consisting of 

multiple sensing devices, edge computing units, a federated 

learning server, and an Android-based monitoring platform as 

illustrated in Figure 2. Each DWC reservoir is equipped with 

a set of environmental sensors, including a DHT22 (AM2302) 

sensor for measuring air temperature and relative humidity, a 

BH1750FVI digital sensor for monitoring light intensity, a 

DFRobot Gravity Analog pH Sensor V2 for measuring 

nutrient solution acidity, a DFRobot Gravity Analog EC 

Sensor for estimating nutrient concentration, an XKC-Y25-V 

non-contact water level sensor for monitoring nutrient solution 

availability, and an optional DFRobot Gravity Analog DO 

Sensor to evaluate oxygen concentration within the nutrient 

solution. These sensors continuously collect environmental 

measurements at five-minute intervals, providing 

comprehensive information regarding the hydroponic 

cultivation conditions throughout the plant growth cycle. 

Each hydroponic reservoir operates as an independent edge 

node by integrating an ESP32-WROOM-32 DevKit V1 

microcontroller with a Raspberry Pi 5 Model B (8 GB RAM). 

The ESP32 functions as the IoT gateway responsible for 

sensor interfacing, analog-to-digital conversion, wireless 

communication, and preliminary data acquisition, while the 

Raspberry Pi performs edge computing tasks, including local 

data preprocessing, feature engineering, and XGBoost model 

training. A 32 GB Class-10 microSD card is employed for 

temporary local data storage, allowing each reservoir to 

maintain an independent environmental dataset without 

relying on continuous cloud connectivity. This hardware 

configuration enables decentralized machine learning while 

significantly reducing communication latency and improving 

system scalability. 

Communication among edge nodes and the central server is 

established through a Wi-Fi network based on the IEEE 

802.11 b/g/n standard using the Message Queuing Telemetry 

Transport (MQTT) protocol implemented via the Eclipse 

Mosquitto broker. Instead of transmitting raw environmental 

observations, each Raspberry Pi sends only the locally trained 

XGBoost model parameters to the federated aggregation 

server. The server is implemented on a workstation equipped 

with an Intel Core i7 processor, 32 GB DDR5 RAM, and 1 TB 

NVMe SSD, operating under Ubuntu 24.04 LTS. The 

federated learning process is implemented using the flower 

federated learning framework, while the prediction model is 

developed using the XGBoost library. The server performs 

global model aggregation using the FedAvg algorithm and 

subsequently distributes the updated global model back to all 

participating edge nodes for the next training iteration. 

 

 
 

Figure 2. Hardware components 

 

The final prediction results, environmental measurements, 

and cultivation recommendations are delivered to users 

through an Android-based mobile application developed using 

Android Studio. The application provides real-time 

visualization of environmental parameters, including 

temperature, humidity, light intensity, pH, EC, water level, 

and DO, together with predicted plant height, leaf number, 

bulb diameter, growth status, and estimated harvest time. 

Furthermore, the application incorporates an intelligent 

decision support module capable of generating cultivation 

recommendations, such as nutrient adjustment, pH correction, 

irrigation management, and lighting regulation based on the 

prediction results generated by the federated XGBoost model. 

This integrated hardware architecture enables real-time 

environmental monitoring, distributed machine learning, 

collaborative model optimization, and intelligent decision 

support for next-generation shallot cultivation systems. 

 

2.3 Internet of Things environmental data acquisition 

 

The first stage of the proposed framework focuses on 

acquiring environmental information from every DWC 
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reservoir using an IoT-based sensing network. Each reservoir 

functions as an independent edge node equipped with multiple 

sensors, including temperature, humidity, light intensity, pH, 

EC, water level, and DO sensors. These environmental 

variables represent the primary factors affecting shallot growth 

and are continuously sampled every five minutes to capture 

both short-term fluctuations and long-term environmental 

trends. Continuous monitoring enables the proposed system to 

build a comprehensive dataset for subsequent machine 

learning processes while maintaining real-time awareness of 

hydroponic conditions [27]. 

Each observation is represented as a multivariate 

environmental vector collected from reservoir 𝑖  at sampling 

time 𝑡 as expressed in Eq. (1). 

 

𝑋𝑖,𝑡 = [𝑇𝑖,𝑡 , 𝐻𝑖,𝑡 , 𝐿𝑖,𝑡 , 𝑝𝐻𝑖,𝑡 , 𝐸𝐶𝑖,𝑡 , 𝑊𝐿𝑖,𝑡 , 𝐷𝑂𝑖,𝑡] (1) 

 

The complete local dataset stored at edge node 𝑖  is 

expressed in Eq. (2). Where 𝐷𝑖  is local dataset of reservoir 𝑖, 
𝑇 is temperature (℃), 𝐻  is relative humidity (%), 𝐿 is light 

intensity (lux), 𝐸𝐶  is electrical conductivity (mS/cm), 𝐸𝐶  is 

water level (cm), 𝐷𝑂 is dissolved oxygen (mg/L), 𝑦𝑖  is plant 

growth target. 

 

𝐷𝑖,𝑡 = {(𝑋𝑖,1, 𝑌𝑖,1), (𝑋𝑖,2, 𝑌𝑖,2), … (𝑋𝑖,𝑛, 𝑌𝑖,𝑛)} (2) 

 

The IoT sensing system is considered reliable when the 

percentage of successfully acquired sensor observations 

exceeds as expressed in Eq. (3). The system is regarded as 

successful when Accuracysensor > 90%, which is consistent 

with recent IoT-based precision agriculture systems [29]. 

 

Accuracysensor =
Valid samples

Total samples
× 100% (3) 

 

2.4 Data preprocessing 

 

Environmental sensor observations frequently contain 

random noise caused by sensor instability, electrical 

interference, and wireless communication delay. Therefore, a 

preprocessing stage is introduced to improve data quality 

before feature extraction. A MAF is applied to smooth high-

frequency fluctuations while preserving long-term 

environmental trends. Missing observations are subsequently 

reconstructed using linear interpolation [24, 25]. Therefore, 

three preprocessing steps are implemented, namely MAF as 

expressed in Eq. (4), Missing Value Interpolation as expressed 

in Eq. (5), and Min-Max Normalization as expressed in Eq. 

(6). 

The MAF is applied to smooth noisy sensor measurements, 

where 𝑥𝑖,𝑡  is filtered sensor value, 𝑥𝑖,𝑗  is raw sensor 

observation, 𝑘  is moving average window size, 𝑡  is current 

sampling time, and 𝑗  is observation index. Missing Value 

Interpolation is used to handle incomplete or missing sensor 

observations caused by sensor malfunction, communication 

delays, temporary network failures, or data transmission 

errors, where 𝑥𝑖,𝑡  is missing observation, 𝑥𝑖,𝑡−1  is previous 

observation, and 𝑥𝑖,𝑡+1 is next observation. The environmental 

variables collected from the IoT sensing network exhibit 

significantly different numerical ranges because each sensor 

measures a distinct physical quantity. For example, 

temperature is measured in degrees Celsius (℃), relative 

humidity in percentage (%), light intensity in lux, pH as a 

logarithmic scale, EC in mS/cm, water level in centimeters, 

and DO in mg/L. Such heterogeneous feature scales may 

introduce numerical imbalance during feature engineering, 

statistical analysis, and model optimization. Therefore, Min-

Max Normalization is applied to transform all environmental 

variables into a common range of [0,1] to ensuring that every 

feature contributes proportionally to the learning process, 

where 𝑥′𝑖,𝑡 is normalized sensor value at time 𝑡, 𝑥𝑖,𝑡 is original 

sensor measurement, 𝑥𝑚𝑖𝑛  is minimum value of the 

corresponding sensor feature, 𝑥𝑚𝑎𝑥 is maximum value of the 

corresponding sensor feature, 𝑖 is reservoir (edge node) index, 

and 𝑗 is sampling time index. Although XGBoost is generally 

robust to feature scaling, normalization improves numerical 

stability, facilitates feature comparison, simplifies model 

interpretation, and provides a standardized input 

representation for distributed learning across multiple edge 

nodes. After normalization, all environmental variables are 

represented within the same numerical interval [0,1], reducing 

scale discrepancies among heterogeneous sensor 

measurements. This standardized representation enhances the 

robustness of feature engineering, supports consistent local 

model training at each edge node, and improves the efficiency 

of the federated learning process by ensuring that local models 

are trained using uniformly scaled input features.  

 

𝑥𝑖,𝑡̂ =
1

𝑘
∑ 𝑥𝑖,𝑗

𝑡

𝑗=𝑡−𝑘+1

 (4) 

 

𝑥𝑖,𝑡 =
𝑥𝑖,𝑡−1 + 𝑥𝑖,𝑡+1

2
 (5) 

 

𝑥′𝑖,𝑡 =
𝑥𝑖,𝑡 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛

 (6) 

 

2.5 Local Extreme Gradient Boosting training 

 

For reproducibility, the local XGBoost regressor at each 

edge node was configured with 100 estimators, a maximum 

tree depth of 6, and a learning rate of 0.3. The remaining 

training parameters set as follows: 𝑚𝑖𝑛_𝑐ℎ𝑖𝑙𝑑_𝑤𝑒𝑖𝑔ℎ𝑡 = 1, 

𝑠𝑢𝑏𝑠𝑎𝑚𝑝𝑙𝑒 = 1.0 , 𝑐𝑜𝑙𝑠𝑎𝑚𝑝𝑙𝑒_𝑏𝑦𝑡𝑟𝑒𝑒 = 1.0 , 𝛾 = 0 , L1 

regularization (𝛼) = 0, and L2 regularization (𝜆) = 1. These 

values were kept identical for all local XGBoost models and 

for the centralized XGBoost baseline to ensure a consistent 

comparison. The model was trained using the squared-error 

regression objective. 

Following feature engineering, each hydroponic reservoir 

independently trains a local XGBoost regression model using 

only the environmental observations collected within its own 

reservoir. This decentralized learning strategy allows each 

edge node to capture the unique relationships between local 

environmental conditions and shallot growth without sharing 

raw sensor data with other nodes. The local XGBoost model 

is trained to predict several plant growth indicators, including 

plant height, leaf number, bulb diameter, and biomass 

accumulation. During training, the model iteratively 

constructs an ensemble of regression trees by minimizing an 

objective function composed of a prediction loss term and a 

regularization term, thereby improving prediction accuracy 

while reducing the risk of overfitting. The prediction generated 

by the local XGBoost model is defined as in Eq. (7), where 𝑦̂𝑖 

represents the 𝑘 -th regression tree and 𝐾  denotes the total 

number of trees in the ensemble. The objective function 
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optimized during model training is expressed as in Eq. (8). The 

regularization term is defined as in Eq. (9) where 𝑦̂𝑖 denotes 

predicted value of the plant growth variable, 𝑦𝑖 denotes actual 

observed plant growth value, 𝑥𝑖  denotes feature vector 

containing environmental variables (temperature, humidity, 

light intensity, pH, EC, water level, and DO, 𝑓𝑘(. ) denotes the 

𝑘-th regression tree in the XGBoost ensemble, 𝐾 denotes total 

number of regression trees, 𝑛  denotes number of training 

samples in the local dataset, 𝑙(𝑦𝑖 , 𝑦̂𝑖)  denotes loss function 

measuring the prediction error between actual and predicted 

values, ℒ denotes overall objective function minimized during 

model training, Ω(𝑓𝑘) denotes regularization function used to 

control model complexity, 𝑇 denotes number of leaf nodes in 

a regression tree, 𝑤𝑗  denotes weight assigned to the 𝑗-th leaf 

node, 𝐽 denotes total number of leaf nodes, 𝛾 denotes penalty 

coefficient for increasing the number of leaf nodes, 𝜆 denotes 

L2 regularization coefficient applied to leaf weights. 
 

𝑦̂𝑖 = ∑ 𝑓𝑘

𝐾

𝑘=1

 (𝑥𝑖) (7) 

 

 

ℒ = ∑ 𝑙(𝑦𝑖

𝑛

𝑖=1

, 𝑦̂𝑖) + ∑ Ω(𝑓𝑘)

𝐾

𝑘=1

 (8) 

 

Ω(𝑓𝑘) = 𝛾𝑇 +
1

2
𝜆 ∑ 𝑤𝑗

2

𝐽

𝑗=1

 (9) 

 

2.6 Local Extreme Gradient Boosting evaluation 

 

The prediction performance of each local XGBoost model 

is evaluated using the RMSE, which measures the average 

deviation between the predicted and observed plant growth 

values [30]. The local XGBoost model is considered to 

achieve satisfactory prediction performance when the RMSE 

is minimized, indicating a small prediction error. To provide a 

more comprehensive assessment, the model performance is 

further evaluated using the MAE, MAPE, and R² in the 

experimental section. These metrics collectively assess 

prediction accuracy, robustness, and the goodness-of-fit of the 

proposed local learning model before participating in the 

federated learning aggregation process as illustrated in Eq. 

(10), 𝑛  denotes the number of testing samples, 𝑦𝑖  denotes 

actual plant growth value, 𝑦̂𝑖 denotes predicted plant growth 

value. 

The MAE is employed to evaluate the average magnitude 

of prediction errors produced by the local XGBoost model. 

Unlike RMSE, MAE calculates the average of the absolute 

differences between the predicted and actual values without 

emphasizing larger errors [30]. Therefore, MAE provides an 

intuitive measure of the overall prediction accuracy and is less 

sensitive to outliers. A lower MAE value indicates that the 

predicted plant growth values are closer to the observed 

measurements. The MAE is calculated as follows in Eq. (11). 

A smaller MAE value indicates better prediction accuracy 

because the average deviation between predicted and observed 

plant growth becomes smaller.  

The MAPE is used to evaluate prediction accuracy by 

expressing the prediction error as a percentage of the actual 

observation [31]. This metric provides an intuitive 

interpretation of prediction performance because it indicates 

the average relative error between predicted and observed 

values. MAPE is particularly useful for comparing prediction 

performance across different plant growth variables with 

different numerical scales. The MAPE is defined as in Eq. 

(12). 

The R² is adopted to measure the goodness-of-fit of the 

proposed XGBoost regression model [31]. It quantifies the 

proportion of the variance in the observed plant growth that 

can be explained by the prediction model. The R² value ranges 

from 0 to 1, where values closer to 1 indicate that the model 

explains most of the variability in the observed data. The R² is 

computed as in Eq. (13), where Eq. (14) represents the mean 

of the observed values. Where MSE denotes the Mean Square 

Error, RSS denotes Residual Sum of Squares, TSS denotes 

Total Sum of Squares. 

 

RMSE = √
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)

2

𝑛

𝑖=1

 (10) 

 

MAE =
1

𝑛
∑|𝑦𝑖 − 𝑦̂𝑖|

𝑛

𝑖=1

 (11) 

 

MAPE =
100

𝑛
∑

|𝑦𝑖 − 𝑦̂𝑖|

𝑦𝑖

𝑛

𝑖=1

 (12) 

 

R2 = 1
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖 − 𝑦̅𝑖)
2𝑛

𝑖=1

 (13) 

 

𝑦̅𝑖 =
1

𝑛
∑ 𝑦𝑖

𝑛

𝑖=1

 (14) 

 

 

3. RESULTS AND DISCUSSION 

 

To comprehensively evaluate the proposed federated 

XGBoost-enabled IoT DWC system for intelligent shallot 

cultivation, a multivariate time-series dataset was collected 

from three independent DWC reservoirs, where each reservoir 

operates as an autonomous edge node within the federated 

learning architecture, as in Figures 3 and 4.  

 

 
 

Figure 3. Shallot plant growth at week 3 

 

 
 

Figure 4. Shallot plant growth at week 5 
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Table 1. Experimental dataset configuration 

 
Item Value 

Number of reservoirs 3 edge nodes 

observation period 30 days 

Sampling interval 5 minutes 

Observations per day 288 

Total samples per reservoir 8,640 

Total dataset size 25,920 records 

 

Table 2. Environmental features used in the proposed 

intelligent shallot cultivation system 
 

No Feature Satuan Range 

1 Temperature ℃ 23–34 

2 Humidity % 55–92 

3 Light intensity lux 2000–18000 

4 pH - 5.5–7.2 

5 Electrical conductivity mS/cm 1.2–2.8 

6 Water level cm 18–30 

7 Dissolved oxygen mg/L 5.5–9.5 

 

The experimental observation was conducted continuously 

for 30 consecutive days, with environmental measurements 

acquired at 5-minute intervals. Consequently, each reservoir 

generated 288 observations per day, resulting in 8,640 sensor 

records per reservoir throughout the experimental period, as 

illustrated in Table 1. By integrating data from all three 

reservoirs, the complete dataset comprised 25,920 multivariate 

observations, including environmental parameters such as air 

temperature, relative humidity, light intensity, pH, EC, water 

level, and DO, together with corresponding plant growth 

indicators. This experimental configuration provides sufficient 

temporal and spatial variability to evaluate the effectiveness of 

local XGBoost learning, federated model aggregation, and 

intelligent growth prediction under heterogeneous hydroponic 

cultivation conditions. 

The proposed intelligent shallot cultivation system utilizes 

seven environmental variables collected from the IoT sensing 

network as input features for the XGBoost prediction model. 

These variables comprehensively represent the physical and 

chemical conditions of the DWC hydroponic environment that 

directly influence shallot growth and development, as 

illustrated in Table 2. Specifically, air temperature ranges from 

23 to 34 ℃, while relative humidity varies between 55% and 

92%, reflecting the surrounding microclimate. Light intensity, 

measured in lux, ranges from 2,000 to 18,000 lux, representing 

the amount of photosynthetically active illumination received 

by the plants. The nutrient solution pH is maintained within 

the range of 5.5 to 7.2, whereas EC varies between 1.2 and 2.8 

mS/cm to indicate nutrient concentration. In addition, the 

water level is monitored within a range of 18 to 30 cm to 

ensure adequate nutrient availability for the root system, while 

DO is maintained between 5.5 and 9.5 mg/L to provide 

sufficient oxygen for healthy root respiration. These 

environmental variables constitute the multivariate input 

dataset used for feature engineering, local XGBoost model 

training, federated model aggregation, and intelligent growth 

prediction, enabling the proposed system to accurately capture 

the complex interactions between hydroponic environmental 

conditions and shallot growth dynamics. 

The three hydroponic reservoirs were intentionally 

configured with different environmental characteristics to 

create heterogeneous data distributions across edge nodes, 

thereby facilitating collaborative model training within the 

proposed federated learning framework. To simulate realistic 

cultivation scenarios and evaluate the robustness of the 

proposed federated learning framework, the three DWC 

reservoirs were intentionally configured with different 

environmental characteristics as shown in Table 3. Each 

reservoir represents an independent edge node that generates 

its own local dataset and trains an individual XGBoost model 

before the federated aggregation process. Reservoir 1 was 

maintained under near-optimal growing conditions, with 

temperatures ranging from 25 to 29 ℃, relative humidity 

between 70% and 82%, pH values of 6.1–6.5, and EC levels 

of 1.6–2.2 mS/cm. These stable environmental conditions 

supported the highest vegetative growth and bulb development 

throughout the cultivation period. In contrast, Reservoir 2 was 

operated under moderately warmer conditions, with 

temperatures ranging from 27 to 32 ℃, humidity levels 

between 60% and 75%, pH values of 5.8–6.2, and EC values 

of 1.5–2.4 mS/cm, resulting in moderate plant growth. 

Meanwhile, Reservoir 3 was designed to represent a more 

challenging cultivation environment characterized by greater 

fluctuations in temperature (24–33 ℃), humidity (58–85%), 

pH (5.7–6.8), and EC (1.3–2.5 mS/cm). Consequently, shallot 

plants cultivated in this reservoir exhibited relatively slower 

growth due to the increased environmental variability. This 

heterogeneous experimental configuration is essential for 

federated learning because it enables each edge node to learn 

from distinct local environmental distributions while 

collaboratively contributing to the construction of a 

generalized global XGBoost model capable of adapting to 

diverse hydroponic cultivation conditions. 

Table 3 presents the prediction performance of four 

machine learning models for intelligent shallot growth 

prediction, including Decision Tree, Random Forest, 

centralized XGBoost, and the proposed federated XGBoost 

model. The experimental results demonstrate that both 

XGBoost-based approaches substantially outperform the 

conventional Decision Tree and Random Forest algorithms 

across all evaluation metrics. Specifically, the Decision Tree 

model achieved the lowest prediction performance with an 

RMSE of 2.96, an MAE of 2.24, a MAPE of 12.8%, and an R² 

value of 0.913, indicating relatively large prediction errors and 

limited capability to capture the nonlinear relationships 

between hydroponic environmental variables and shallot 

growth. 

Compared with the Decision Tree, the Random Forest 

model significantly improved prediction accuracy by reducing 

the RMSE to 2.05, the MAE to 1.48, and the MAPE to 8.6%, 

while increasing the R² to 0.951. These improvements 

demonstrate the advantage of ensemble learning in reducing 

variance and improving generalization. Nevertheless, the 

Random Forest model still exhibited lower predictive 

performance than both XGBoost-based methods, suggesting 

that more advanced gradient boosting techniques are better 

suited for modeling the complex interactions among 

temperature, humidity, pH, EC, light intensity, water level, 

and DO within hydroponic cultivation systems. 

Among all evaluated models, the centralized XGBoost 

algorithm achieved the highest prediction performance, 

obtaining the lowest RMSE (1.64), MAE (1.17), and MAPE 

(6.1%), together with the highest R² (0.972). These results 

indicate that the centralized model effectively captures the 

nonlinear relationships between environmental variables and 

plant growth, providing highly accurate predictions for plant 

height, leaf number, bulb diameter, and biomass accumulation. 

In our evaluation, the RMSE, MAE, MAPE, and R² values 
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reported in Figure 5 and Table 3 summarize the prediction 

performance over the set of continuous growth indicators used 

in the model, with growth stage and harvest time serving as 

derived categorical interpretations within the intelligent 

decision support module rather than as individually analyzed 

output variables. The superior performance of XGBoost can 

be attributed to its gradient boosting optimization, 

regularization mechanism, and ability to model complex 

feature interactions while reducing overfitting. 

The proposed federated XGBoost model achieved an 

RMSE of 1.71, an MAE of 1.20, a MAPE of 6.4%, and an R² 

value of 0.969, demonstrating prediction performance that is 

very close to that of the centralized XGBoost model. Although 

the federated approach exhibited a marginal increase in 

prediction error (RMSE increased by approximately 4.3% and 

MAE by 2.6%) and a slight decrease in the R² (0.003), the 

overall prediction accuracy remained highly competitive. This 

finding indicates that the federated learning framework 

successfully preserves the predictive capability of XGBoost 

while eliminating the need to transmit raw environmental 

sensor data from individual hydroponic reservoirs. 

The relatively small performance gap between the 

centralized XGBoost and federated XGBoost models reflects 

a common characteristic of federated learning systems. 

Because each hydroponic reservoir independently trains a 

local model using its own environmental observations before 

participating in federated aggregation, the global model may 

experience a slight reduction in accuracy due to heterogeneous 

data distributions among edge nodes. Nevertheless, this minor 

trade-off is compensated by several practical advantages, 

including enhanced data privacy, reduced communication 

overhead, improved scalability, and decentralized model 

training. 

 

Table 3. Environmental characteristics of each hydroponic reservoir 

 

Reservoir Environmental Condition 
Temperature 

(℃) 

Humidity 

(%) 
pH 

Electrical Conductivity 

(mS/cm) 
Growth Performance 

Reservoir 1  

(Edge Node 1) 

Optimal environmental 

conditions 
25–29 70–82 6.1–6.5 1.6–2.2 

Best vegetative growth and 

bulb development 

Reservoir 2  

(Edge Node 2) 

Moderately warm 

environment 
27–32 60–75 5.8–6.2 1.5–2.4 Moderate plant growth 

Reservoir 3  

(Edge Node 3) 

Fluctuating environmental 

conditions 
24–33 58–85 5.7–6.8 1.3–2.5 

Slower plant growth due to 

environmental variability 

 

 
 

Figure 5. Model performance evaluation 

 
 

Figure 6. Plant height growth over 30 days 
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Figure 7. Temperature, humidity, and pH trends 

 

 
 

Figure 8. Actual vs. predicted plant height 

 

Figure 6 illustrates the plant height growth of shallots 

cultivated in the three DWC reservoirs over the 30-day 

observation period. All reservoirs exhibited a steady increase 

in plant height, indicating that the proposed IoT-enabled 

hydroponic system successfully maintained suitable 

environmental conditions for shallot growth. Reservoir 1 

achieved the highest growth, reaching approximately 40 cm, 

followed by Reservoir 2 (37 cm) and Reservoir 3 (34 cm) on 

Day 30. The superior performance of Reservoir 1 is attributed 

to its more stable environmental conditions, whereas the 

slower growth observed in Reservoir 3 resulted from greater 

fluctuations in temperature, humidity, pH, and nutrient 

concentration. The observed growth differences demonstrate 

the heterogeneous environmental characteristics among the 

reservoirs, providing an appropriate scenario for evaluating 

the proposed federated learning framework. 

Figure 7 presents the temperature variations observed in the 

three hydroponic reservoirs during the 30-day cultivation 

period. Reservoir 1 maintained the most stable temperature 

within the optimal range for shallot growth, while Reservoir 2 

exhibited slightly higher temperatures and Reservoir 3 showed 

greater fluctuations. Despite these variations, the overall 

temperature remained within the acceptable range for 

hydroponic cultivation, providing suitable conditions for plant 

development. Based on humidity trend, the relative humidity 

was measured across the three reservoirs throughout the 

experiment. Reservoir 1 consistently maintained higher and 

more stable humidity levels, whereas Reservoir 2 experienced 

comparatively lower humidity and Reservoir 3 displayed 

moderate fluctuations. These differences represent 

heterogeneous environmental conditions that are beneficial for 

evaluating the robustness of the proposed federated learning 

framework. Based on pH trend, all reservoirs maintained pH 

values within the recommended range for hydroponic shallot 

cultivation (approximately 5.5–6.8). Reservoir 1 exhibited the 

most stable pH conditions, while Reservoirs 2 and 3 

experienced slightly greater variability. The overall pH 

stability indicates that the nutrient solution remained suitable 

for efficient nutrient uptake and healthy plant growth 

throughout the experiment. 

Figure 8 presents the relationship between the actual and 

XGBoost-predicted plant height across the three hydroponic 

reservoirs. The scatter points are densely distributed along the 

ideal regression line y = x, indicating a strong agreement 

between the predicted and observed values. This close 

alignment demonstrates that the XGBoost model successfully 

captured the nonlinear relationship between the environmental 

variables such as temperature, humidity, light intensity, pH, 

EC, water level, and DO and shallot plant growth. Only a small 

number of observations deviate from the ideal line, suggesting 

that the prediction errors are minimal and that the model 

exhibits high predictive accuracy. The consistent distribution 

of prediction results across Reservoir 1, Reservoir 2, and 

Reservoir 3 indicates that the proposed model generalizes well 

under different environmental conditions. Reservoir-specific 

variations do not significantly affect the model's prediction 
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capability, highlighting the robustness of the XGBoost 

algorithm in handling heterogeneous hydroponic 

environments. These findings are consistent with the 

quantitative evaluation results, where the proposed XGBoost 

model achieved low RMSE, MAE, and MAPE values together 

with a high R², confirming its suitability for accurate plant 

growth prediction within the proposed federated XGBoost-

enabled IoT DWC system for intelligent shallot cultivation. 

Figure 5 compares the prediction performance of four 

machine learning models, namely Decision Tree, Random 

Forest, centralized XGBoost, and the proposed federated 

XGBoost, using four evaluation metrics: RMSE, MAE, 

MAPE, and R². Among the evaluated models, the Decision 

Tree exhibited the lowest prediction performance, producing 

the highest error values (RMSE = 2.96 cm, MAE = 2.24 cm, 

and MAPE = 12.28%) with an R² score of 0.913. The Random 

Forest model improved the prediction accuracy by reducing all 

error metrics and increasing the R² value to 0.951, 

demonstrating the advantage of ensemble learning over a 

single Decision Tree. 

Both XGBoost-based models achieved the best overall 

performance. The centralized XGBoost model produced the 

lowest prediction errors (RMSE = 1.64 cm, MAE = 1.17 cm, 

and MAPE = 6.10%) together with the highest R² = 0.972, 

indicating its superior ability to model the nonlinear 

relationship between hydroponic environmental variables and 

shallot growth. The proposed federated XGBoost model 

achieved comparable results, with RMSE, MAE, MAPE, and 

R² values of 1.71 cm, 1.20 cm, 6.40%, and 0.969, respectively. 

Although its prediction accuracy was slightly lower than that 

of the centralized approach, the performance difference was 

marginal. 

The small gap between the centralized XGBoost and 

federated XGBoost models demonstrates that the proposed 

federated learning framework is capable of preserving 

prediction accuracy while eliminating the need to exchange 

raw environmental data among edge nodes. This result 

confirms that collaborative model training can effectively 

leverage heterogeneous data collected from multiple 

hydroponic reservoirs without sacrificing predictive 

performance. Therefore, the proposed federated XGBoost 

model provides an effective trade-off between prediction 

accuracy, data privacy, communication efficiency, and 

scalability, making it well-suited for intelligent IoT-based 

shallot cultivation systems. 

From a system-level perspective, the practical benefits of 

the federated architecture arise from the fact that each edge 

node transmits only compact XGBoost model parameters 

rather than the complete multivariate environmental time-

series collected every five minutes throughout the 30-day 

cultivation period. This design conceptually reduces 

communication traffic on the MQTT-based Wi-Fi network and 

avoids continuous streaming of raw sensor data to the central 

server, while also confining detailed environmental 

observations within each reservoir and thereby enhancing data 

privacy compared with centralized learning. In addition, local 

XGBoost training at the edge allows model optimization to be 

distributed across reservoirs, so that global aggregation can be 

performed on pre-trained models instead of on a single large 

centralized dataset. However, we note that the present study 

focuses on predictive performance and does not include a 

formal benchmark of communication bandwidth usage, 

training time, or quantitative privacy leakage; these aspects are 

left for future work aimed at systematically profiling the 

overhead and privacy properties of the federated 

implementation. 

From an experimental perspective, the present evaluation is 

based on three DWC reservoirs monitored over a single 30-

day cultivation cycle, resulting in 25,920 environmental 

records but only three physical cultivation units. While this 

configuration is sufficient to demonstrate the feasibility of the 

proposed federated XGBoost architecture and its ability to 

handle heterogeneous microenvironments within one 

hydroponic installation, it does not fully capture the variability 

associated with different farm scales, seasonal dynamics, or 

geographically distributed cultivation sites. Therefore, the 

reported prediction performance should be interpreted as 

evidence of effectiveness under the studied conditions rather 

than as a definitive guarantee of generalization to all possible 

shallot cultivation scenarios. Nevertheless, the edge-centric 

federated design where each reservoir operates as an 

independent learning node naturally supports extension to 

additional DWC modules, larger farms, and multi-site 

deployments by adding more edge nodes to the federated 

network, which will be investigated in future multi-season and 

multi-location experiments. 

In terms of scalability and privacy, the proposed 

architecture is designed so that each DWC reservoir functions 

as an independent edge node that trains a local XGBoost 

model and transmits only model parameters over the MQTT-

based Wi-Fi network, rather than streaming raw sensor data to 

the central server. This design conceptually allows additional 

reservoirs and hydroponic installations to be incorporated into 

the federated network by simply adding more edge nodes that 

participate in model aggregation, and it inherently limits the 

exposure of fine-grained environmental observations outside 

each reservoir. Nevertheless, the experimental validation 

presented in this study is restricted to three edge nodes within 

a single hydroponic installation, and no formal privacy-

enhancing mechanisms such as differential privacy noise 

injection, secure aggregation, or cryptographic protection of 

model updates are implemented or evaluated. 

The present benchmark was intentionally limited to 

Decision Tree, Random Forest, centralized XGBoost, and 

federated XGBoost to isolate the effect of the proposed 

federated architecture while retaining conventional tree-based 

baselines and a centralized counterpart using the same 

XGBoost learner. Therefore, the reported results demonstrate 

the comparative performance of the federated implementation 

within this selected family of models, rather than establishing 

XGBoost as universally superior to all modern agricultural 

forecasting methods. Recent gradient-boosting algorithms, 

such as LightGBM and CatBoost, as well as temporal and deep 

learning-based forecasting models, including recurrent neural 

networks, long short-term memory networks, temporal 

convolutional networks, and transformer-based approaches, 

may provide alternative performance–complexity trade-offs 

for multivariate hydroponic time-series prediction. 

The comparative analysis presented in Table 4 clearly 

demonstrates that the proposed federated XGBoost-enabled 

IoT DWC system for intelligent shallot cultivation represents 

a significant advancement over previous studies in intelligent 

hydroponic farming. Earlier research, such as that conducted 

by Darmono et al. [2] was enable the real-time observation of 

cultivation parameters but lacking predictive analytics and 

autonomous decision-making capabilities. Although these 

systems successfully improved cultivation monitoring, they 

relied heavily on manual interpretation of sensor data and did 

2945



 

not exploit historical observations for intelligent growth 

prediction. Similarly, the work by Mahaputra et al. [24] 

introduced XGBoost for hydroponic water-quality forecasting 

and achieved excellent prediction accuracy; however, the 

model was trained using a centralized learning architecture 

that requires all sensor data to be transmitted to a central 

server, thereby increasing communication overhead and 

limiting scalability. 

 

Table 4. Comparison result 

 

Study Year Research Focus 
IoT 

Monitoring 

Machine 

Learning 

Federated 

Learning 

Edge 

Computing 

Growth 

Prediction 

Decision 

Support 
Contribution 

[2] 2023 

IoT-based shallot 

monitoring and 

automation 
✓ - - - - - 

Environmental 

monitoring only 

[8] 2023 
IoT-enabled hydroponic 

monitoring 
✓ - - - - - 

Environmental 

monitoring 

[18] 2023 

IoT monitoring for 

watering and lighting 

control 
✓ - - - - - 

Mobile-based 

monitoring only 

[24] 2026 
IoT + centralized 

XGBoost prediction 
✓ ✓ (XGBoost) - - ✓ - RMSE = 1.64 

Our 

study 
2026 

IoT + edge computing 

+ federated XGBoost + 

intelligent shallot 

cultivation 

✓ ✓ (XGBoost) ✓ ✓ ✓ ✓ 

RMSE = 1.71,  

MAE = 1.20,  

MAPE = 6.40%,  

R² = 0.969 
Note: RMSE = Root Mean Square Error, MAE = Mean Absolute Error, MAPE = Mean Absolute Percentage Error, R² = coefficient of determination, IoT = 

Internet of Things, XGBoost = Extreme Gradient Boosting. 

 

In contrast, the proposed framework integrates IoT sensing, 

ESP32-based edge computing, FedAvg, XGBoost regression, 

and an intelligent decision support system into a unified 

architecture specifically designed for DWC shallot cultivation. 

Each hydroponic reservoir operates as an autonomous edge 

node that independently trains a local XGBoost model and 

exchanges only model parameters with the federated server, 

eliminating the need to transmit raw environmental data. 

Experimental results demonstrate that the proposed federated 

XGBoost model achieves an RMSE of 1.71 cm, an MAE of 

1.20 cm, a MAPE of 6.40%, and an R² value of 0.969, 

representing prediction performance that is nearly equivalent 

to the centralized XGBoost model while offering substantial 

advantages in terms of data privacy, communication 

efficiency, distributed intelligence, and system scalability. It 

should be noted that, in the context of this small-scale 

hydroponic experiment, the environmental sensor data 

themselves do not constitute highly sensitive personal 

information. The reported performance metrics (RMSE, 

MAE, MAPE, and R²) were obtained from a single 

experimental run under the studied 3-reservoir, 30-day 

configuration, without repeated trials, confidence intervals, or 

formal statistical significance testing. Consequently, while the 

observed performance gap between the centralized and 

federated XGBoost models is small and consistent with 

expectations for FedAvg-based aggregation, its statistical 

reliability has not been formally verified. Repeated 

experimental trials and statistical validation (e.g., paired 

significance tests across multiple runs) are identified as 

important directions for future work to strengthen the 

robustness of the reported comparisons. 

The main privacy-related advantage of the proposed 

federated architecture lies in limiting the centralization of 

detailed farm-level cultivation patterns and operational 

strategies, rather than in providing strong cryptographic 

guarantees against adversarial attacks. Furthermore, unlike 

previous studies that mainly provide environmental 

monitoring or growth prediction, the proposed system 

transforms prediction outcomes into actionable cultivation 

recommendations, including nutrient adjustment, pH 

regulation, irrigation management, and lighting optimization, 

all of which are accessible through an Android-based 

dashboard. These integrated capabilities establish the 

proposed framework as a more comprehensive, intelligent, and 

practically deployable solution for next-generation IoT-

enabled hydroponic shallot cultivation. 

Overall, these results demonstrate that the proposed 

federated XGBoost-enabled IoT DWC system achieves 

prediction performance comparable to centralized learning 

while offering the additional benefits of privacy preservation, 

communication efficiency, and collaborative edge 

intelligence. These characteristics make the proposed 

framework a promising solution for next-generation intelligent 

shallot cultivation systems that require accurate growth 

prediction without relying on centralized data collection. 

 

 

4. CONCLUSIONS 

 

This study proposed a federated XGBoost-enabled IoT 

DWC system for intelligent shallot cultivation, integrating IoT 

sensing, edge computing, federated learning, and the XGBoost 

algorithm into a unified intelligent hydroponic cultivation 

framework. The proposed architecture enables each 

hydroponic reservoir to function as an autonomous edge node 

that independently trains a local prediction model while 

collaboratively contributing to a global model through the 

FedAvg algorithm without sharing raw environmental data. 

Experimental results demonstrated that the proposed federated 

XGBoost model achieved competitive prediction 

performance, with an RMSE of 1.71 cm, an MAE of 1.20 cm, 

a MAPE of 6.40%, and an R² value of 0.969, which is 

comparable to the centralized XGBoost approach while 

providing significant advantages in terms of data privacy, 

communication efficiency, scalability, and distributed 

intelligence. At the same time, the current implementation has 

been validated on only three edge nodes and does not yet 

incorporate formal privacy-enhancing techniques such as 

differential privacy or secure aggregation, so future work will 

focus on extending the federated architecture to larger multi-
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node deployments and conducting a rigorous security and 

privacy evaluation. Furthermore, the integration of an 

intelligent decision support module and an Android-based 

monitoring dashboard enables real-time environmental 

monitoring, accurate growth prediction, and adaptive 

cultivation recommendations, thereby transforming 

conventional hydroponic monitoring into an intelligent 

decision-making system. In its current form, the proposed 

framework provides intelligent, human-in-the-loop decision 

support for DWC shallot cultivation by combining IoT 

sensing, distributed XGBoost prediction, and actionable 

recommendations delivered through a mobile dashboard. The 

actual adjustment of nutrient concentration, pH, irrigation, and 

lighting remains under the grower’s control and is not yet 

executed automatically by the system. Future work will focus 

on integrating automated actuator control and conducting 

long-term experiments to quantify the impact of closed-loop 

cultivation on yield, resource efficiency, and system 

robustness. It should also be emphasized that, although the 

proposed framework conceptually improves communication 

efficiency and data privacy by exchanging only model 

parameters over the federated MQTT network, a detailed 

quantitative analysis of communication cost, training time, 

and formal privacy metrics has not yet been conducted. 

Although the proposed framework demonstrates promising 

performance, several opportunities remain for future research. 

First, the proposed system should be validated through long-

term field experiments involving a larger number of 

hydroponic reservoirs and diverse environmental conditions to 

further assess its scalability and robustness. Second, future 

studies may investigate advanced federated optimization 

strategies, such as FedProx, FedNova, or adaptive aggregation 

algorithms, to better address data heterogeneity among edge 

nodes and further improve prediction accuracy. Finally, 

integrating additional sensing modalities, including machine 

vision for plant phenotyping and multispectral imaging for 

early stress detection, together with automated actuator control 

for nutrient dosing, irrigation, and lighting, would enable the 

development of a fully autonomous intelligent hydroponic 

cultivation system capable of real-time adaptive management 

for sustainable shallot production. 
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