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Abstract—It is challenging to build a system that can 

provide accurate predictions in terms of temperatures 

using conventional machine learning techniques since 

they rely on huge computational capabilities. This paper 

presents an innovative FL-based framework for 

temperature prediction directly from the edge devices in 

Android smartphones. Contrary to the use of resource-

intensive recurrent neural networks, the suggested 

method utilizes a small Multi-Layer Perceptron (MLP) 

in combination with sliding window temporal feature 

extraction to identify short-range weather patterns. Each 

node collects past weather data from the Open-Meteo 

API, pre-processes and normalizes the data locally, and 

trains the MLP locally as well. Only the trained weights 

of the model are transferred to a Python-based server 

that aggregates the models using the Federated 

Averaging (FedAvg) technique to generate the global 

model. The system was evaluated on three mobile phones 

placed in three different locations in the state of 

Maharashtra, namely Karad, Satara, and Umbraj. The 

simulation outcomes indicate steady learning behavior, 

obtaining a MAE value of 0.245°C and MSE value of 

0.1035 for a 24-hour forecast horizon. 

 

Index Terms—Edge computing, federated averaging, 

federated learning, multi-layer perceptron, temperature 

forecasting. 

 

I. INTRODUCTION 

 

Weather predictions are important for an extensive list 

of applications, such as planning agriculture and 

disaster preparedness to name but a few. Although 

there have been huge advancements in Numerical 

Weather Prediction as well as deep learning, the 

implementation of high-resolution forecasting is 

hampered due to the expensive computation required 

during central model training [15],[16]. 

This paper seeks to fill these gaps with the 

development of an end-to-end temperature prediction 

framework built using federated learning technology 

which runs on edge devices. This temperature 

prediction framework does not make use of heavy and 

bulky recurrent neural network architectures but uses 

an efficient Multi-Layer Perceptron (MLP) model 

along with time-series feature engineering techniques. 

 

This work makes four major contributions to literature 

which can be summarized as follows: 

1. End-to-End Edge Federated Learning Pipeline:  

An end-to-end federated learning pipeline where the 

Android devices conduct local learning while the 

global aggregation happens on a server side written in 

Python. 

 

2. Time-Series-Aware Feature Engineering:  

Sliding window with sine-cosine encoding of the 

temporal features allows the model to capture the daily 

cycles of temperature values without using expensive 

recurrent layers. 

 

3. Edge Optimized MLP Model:  

Efficient implementation of a simple MLP model with 

z-score normalization and adam optimization 

algorithm suitable for running on consumer 

smartphones. 

 

4. Edge Validation of the Model:  

Deployment and validation of the developed federated 

learning temperature forecast model across three 

regions of Maharashtra (Karad, Satara, and Umbraj). 

The rest of the paper is organized as follows: Section 

II provides literature review. Section III gives the 

system architecture description. Section IV discusses 

the methodology proposed. Section V describes 

experimental results. Section VI provides practical 

considerations, and Section VII draws the conclusion 

of the paper. 
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II. LITERATURE SURVEY 

 

A. Foundational Federated Learning and Data 

Heterogeneity 

Federated Averaging (FedAvg) method, initially 

published in 2017 by McMahan et al. [2], is widely 

considered to be one of the first successful attempts at 

federated learning algorithm design. Unlike traditional 

algorithms where training data are collected in the 

central hub, FedAvg permits each client to train a 

model locally and submit only model updates to the 

server. The weighted aggregation is applied on the 

basis of sizes of client's datasets. Due to its 

effectiveness and inherent privacy-preserving 

characteristics, FedAvg became a benchmark 

algorithm for many FL methods, including the one 

designed in this study. 

Multi-Objective and Non-IID Problems: In their work 

on federated learning of multi-task problems, 

Skovajsova et al. [3] pointed out difficulties of 

reconciling conflicting objectives during training in 

case of significant data heterogeneity across clients' 

datasets. Their paper revealed an inherent flaw in 

FedAvg algorithm – its inefficiency in case of non-IID 

data. 

Effect of Data Heterogeneity in Regression Problem: 

Nachtigall et al. [11] researched effects of data 

heterogeneity on federated learning regression model, 

especially related to solar radiation prediction. Their 

results convincingly support further research in 

developing robust aggregation techniques. 

In order to tackle the problem of class imbalance 

within datasets between various clients, Alluhaidan et 

al. [4] conducted a study on the comparison between 

various aggregation schemes within federated 

learning. The study involved comparing the FedAvg 

approach against others like FedProx and custom 

weights schemes. The results show that the selection 

of an aggregation scheme plays a significant role in 

determining the convergence rate and overall model 

accuracy for federated learning systems with class 

imbalances. Based on the lessons learned from their 

study, we incorporate a weighted FedAvg scheme 

based on sample size within our framework. 

 

B. Federated Learning for Weather and Environment 

Weather Prediction Models through Crowdsourcing: 

De Vita et al. [8] have evaluated the feasibility of 

implementing a federated learning approach towards 

decentralized environmental monitoring. Through 

their investigation, the authors concluded that sensor 

networks have the potential to collectively train 

models for weather prediction while preserving the 

confidentiality of telemetry data. Even though the 

authors were able to prove that weather modeling 

through federated learning is feasible, their approach 

involved only simple regression models that were 

deployed in simulation environments. Therefore, there 

was no evaluation of neural models implemented on 

real mobile devices. 

UAV-Based Federated Learning: Singhal et al. [5] 

proposed an FL-based system for predicting weather 

in real-time with the help of unmanned aerial vehicles. 

Although the authors successfully managed to 

implement a system for real-time weather predictions, 

which could adapt to changing atmosphere conditions, 

they needed drones to gather data. On the other hand, 

Konda et al. [10] introduced a FedWAvg mechanism 

to counter attacks by malicious users and reduce the 

effect of deviant client update contributions. 

Cellular Network and Edge Constraints: The concept 

of FedLSTM, for collaborative weather prediction 

using cellular network, was proposed by Joel et al. [6]. 

Although the LSTM network works well in sequential 

data prediction, its computationally heavy nature 

makes it impractical to run on general smartphones. In 

order to overcome this constraint, the proposed 

framework will adopt an MLP model instead of the 

LSTM for edge processing. 

Minimizing Latency: Latency issues exist while 

conducting federated learning tasks. This problem can 

be alleviated with the help of the protocol introduced 

by Su et al. [9], known as DAFL. With this protocol, 

delay can be reduced by making use of device-to-

device communication. Furthermore, similar efforts 

have been made by R. Chen et al. [17] in order to 

minimize service delay within mobile federated 

networks. 

 

C. Machine Learning Architectures for Temperature 

Forecasting 

In addition, Madala et al. [15] investigated hybrid 

models combining neural network architectures with 

gradient boosting and decision trees. The findings of 

this study suggest that simpler models can generate 

accurate predictions even if they rely on proper 

temporal feature engineering, which justifies the 

choice of an MLP in our research. Moreover, Lei et al. 
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[16] state that ensemble-based models tend to be 

superior to stand-alone algorithms, which is consistent 

with the idea behind FedAvg. 

Pre-trained/Foundation Models: Finally, some studies 

employ pre-trained/foundation models for 

meteorological forecasting purposes. Thus, S. Chen et 

al. [12] explored the usage of prompt-tuning to 

customize foundation models based on meteorological 

data. Furthermore, Jin et al. [14] designed a federated 

learning algorithm employing transformers 

augmented with Kolmogorov–Arnold Networks. 

However, despite achieving high accuracies, such 

models have a huge computational footprint that 

disqualifies them from deployment on edge devices. 

On-Device Time-Series Processing: Finally, 

Takanashi and Shinomiya [1] demonstrated that 

federated learning is capable of processing time series 

on wearable devices for performance prediction. 

Although the study relies on physiological data instead 

of meteorological variables, it proves the efficiency of 

on-device training in scenarios comparable to 

temperature forecasting tasks. 

 

D. Security and Robustness in Decentralized Systems 

Security vulnerability:  

Distributed learning platforms pose various security 

risks. According to Tyagi et al., some vulnerabilities 

include threats like membership attacks, Byzantine 

failure, and gradient leaking which could lead to 

exposure of sensitive data. 

 

Network Security:  

In their work, Ojha et al. [13] discussed the use of 

federated learning platforms in improving network 

security. The research indicated how collaborative 

learning can assist in detecting abnormality in 

distributed networks without the need for central 

access to sensitive logs. 

 

Privacy and Robustness Improvement:  

Bakir et al. presented approaches that can improve 

privacy and robustness to adversarial participants in 

decentralized AI platforms. 

From the above literature, our work seeks to fill three 

gaps: the scarcity of on-device federated learning in 

consumer Android smartphones, the dependence on 

complex architectures, and difficulties of 

incorporating machine learning into networking 

processes. 

III. SYSTEM ARCHITECTURE 

 

There are three primary building blocks in the 

architecture: the edge-side learning engine, the client 

communication engine, and the central aggregation 

server. 

 
Fig 1. System Architecture 

 

A. Edge-Side Machine Learning Engine 

The local learning engine runs on the mobile phone 

and preprocesses the collected data, generates the 

features, and trains the model locally. Because the data 

stays within the device, the privacy of location 

information is maintained [7]. 

 

B. Client Communication Module  

The communication module of the Android client 

serves as the federated learning agent. On initiation, 

the module creates an Agent ID, accesses local 

network settings, and creates separate directories for 

storing local and global models. The module manages 

the execution of a highly controlled state machine that 

consists of the following stages: 

1. Registration stage: Client registers at the aggregator 

using the Agent ID and model state. 

2. Polling and synchronization stage: Client polls the 

server for updates on the global model through 

lightweight socket messages, thus minimizing the 

cost of sending regular HTTP requests. 

3. Local model uploading stage: After completing 

local epoch training, the client uploads only the 

updated weights of the neural network, total training 

sample size, and local metrics (MAE and MSE). 

 

C. Central Aggregation Server 

Central aggregator, which has been programmed as a 

Python server, combines all local models into one 

global model based on weights updated by client 
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nodes. It runs the Federated Averaging technique 

dynamically [2]. Instead of making assumptions about 

the network topology, the aggregator aggregates the 

received weight tensors layer by layer. Additionally, 

the server constantly analyzes tensor sizes, L2 norm, 

mean value, and standard deviation to identify any 

possible mathematical abnormalities. 

 
Fig 2. Schematic Workflow of System 

 

 
Fig 3. Complete FL communication protocol as a 

sequence diagram. 

 

IV. METHODOLOGY 

 

The following segment describes the approach taken 

towards data representation, mathematical feature 

engineering, neural network model, and the particular 

federated learning pipeline employed on the edge 

devices. 

 

A. Data Acquisition and Preprocessing 

Historical weather data is individually gathered by 

each edge device according to the respective 

geographical location of each client node. For each 

client, the local dataset includes 8,784 consecutive 

hourly weather measurements which correspond to 

one whole year of weather data. To avoid the issue of 

over-fitting, the dataset is carefully divided into an 

80/20 chronologically structured division of training 

and testing set consisting of 6,989 and 1,748 entries 

respectively. 

In order to speed up the gradient descent process and 

avoid domination of larger numeric range features in 

the objective function, the data is scaled via Z-score 

normalization technique: 

𝑧 =
𝑥 −  𝜇

𝜎
  

where 𝜇 is the mean and 𝜎 is the standard deviation. In 

order to completely avoid data leakage, the statistical 

measures are calculated only on the training set and 

then used for normalization on the test set. 

 

B. Temporal Feature Engineering 

The conversion from time-series to supervised 

learning is accomplished by applying a sliding 

window approach. The model makes predictions based 

on a historical look-back period of 24 hours for 

predicting the next 24 hours. 

Instead of using computationally expensive recurrent 

layers (LSTM), a cyclic feature generation approach is 

employed [6]. The input vector for each hour in the 24-

hour sliding window contains five features: 

temperature normalization, humidity normalization, 

solar radiation normalization, and sine and cosine 

encoding for the hour of the day. The sine-cosine 

encoding is essential because it provides a 

mathematical representation of the cyclical nature of 

the day’s temperature pattern without losing continuity 

at 23:00 and 00:00 [15]. 

Further, five high-level context features are added to 

the flat sliding window vector to account for climate 

change: sine and cosine of the day of the year, 

temperature trend in the past 24 hours, temperature 

trend in the past 6 hours, and average temperature in 

the last 6 hours. 
 

Cyclic hour encoding used to encode hour of the day 

so that time remains continuous. 
 

sin (
2πℎ

24
)  , cos (

2πℎ

24
) ; h = hour of the day (0–23) 

 

Thus, the total dimension of the input for the neural 

network is formally calculated as follows: 
 

InputSize = (WindowSize ×  InputFeatures) + 

ExtraFeatures 
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With a window size of 24, 5 features per hour, and 5 

context features, the final dimensionality of the input 

vector is set to 125. 

 

C. Local Model Architecture 

Given the limitations of edge devices regarding RAM 

and computational power, the prediction is done using 

a light MLP structure. 

The algorithm does not employ heavy computations 

like convolutions or RNNs, and, thus, is suitable for 

implementation on edge devices that take part in 

federated learning. 

 

Input Features 

Input features are represented as 125 dimensions based 

on 24 hours sliding window containing weather data 

and other features representing time. 

 

Input Representation: 

The input layer comprises 125 features which include 

normalized temperature values, humidity, solar 

radiation, and time encoded through sine-cosine 

transformation of hour of day and day of the year. 

 

Hidden Layer 1 (dense1): 

In the first complete layer, there are 128 neurons, with 

the ReLU function being used as the activation 

function. This layer helps identify non-linear 

correlations between past meteorological features and 

future temperature actions without losing 

computational effectiveness. Forward pass equation 

for first hidden layer  
 

ℎ1 = 𝑅𝑒𝐿𝑈(𝑊1𝑥 + 𝑏1) 

 

Hidden Layer 2 (dense2): 

Second Hidden Layer  

Second hidden layer comprises 64 neurons, again 

employing ReLU activation function. Second hidden 

layer refines feature extraction and compression 

before making a final decision on input features. 

Formula for Forward pass in second hidden layer  
 

ℎ2 = 𝑅𝑒𝐿𝑈(𝑊2ℎ1 + 𝑏2) 

 

Output Layer: 

The last thick layer comprises 24 neurons, each 

employing linear activation to match the 24-hour 

prediction horizon for temperature change. Each 

neuron makes a prediction for a particular hour. 

Formula for forward propagation of the output layer 

is: 
 

Δ𝑇 = 𝑊3ℎ2 + 𝑏3 
 

Where:  

• 𝑥= input vector (125 features)  

• ℎ1= first hidden representation  

• ℎ2= second hidden representation  

• Δ𝑇= predicted temperature deltas 

While training, the network does not attempt to predict 

the absolute temperature but rather the temperature 

difference, which is a measure of temperature change 

compared to the previous hour within the input 

window. The benefit of predicting the residuals is 

increased numerical stability in backpropagation and 

lower prediction variance. 

 

At the time of prediction, the predicted deltas will be 

summed with the base temperature value, yielding the 

actual temperature prediction. The predictions are 

limited by physically possible boundaries (−30 °C to 

60 °C). 

 

Delta temperature target  
 

Δ𝑇𝑖 = 𝑇𝑡+𝑖 − 𝑇𝑡  

Where  

𝑇𝑡= baseline temperature. 

 

Baseline Temperature  
 

𝑇𝑏𝑎𝑠𝑒 = 𝑇𝑡 

 

Final temperature prediction  
 

𝑇𝑝𝑟𝑒𝑑(𝑡 + 𝑖) = 𝑇𝑏𝑎𝑠𝑒 + Δ𝑇𝑖  

 

 

D. D. Federated Optimization and Training Pipeline 

Optimization of localized training within the edge 

device through the use of Adaptive Moment 

Estimation (Adam) method that modifies the learning 

rate depending on the mean and variance of gradient 

moments. Equation for Adam optimization is stated as: 
 

θ𝑡+1 = θ𝑡 −
α𝑚𝑡

√𝑣𝑡 + ϵ
 

 

Where; 

• 𝛼 learning rate 

•  𝑚𝑡  : first moment estimate 

•  𝑣𝑡 : second moment estimate. 
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Gradient clipping is applied throughout the 

backpropagation step to avoid exploding gradients, 

which is a common problem in mobile-based learning. 

Based on the experimental setup, the local training 

process takes place for $E = 3$ epochs for each 

federated iteration to maintain a good trade-off 

between computation cost and learning. 

 

After the completion of the local training, the updated 

weight values  𝑊𝑖 and the amount of data 𝑛𝑖 are 

uploaded to the aggregation server. The central server 

combines the new global model 𝑊𝑔𝑙𝑜𝑏𝑎𝑙  using the 

weighted FedAvg algorithm [2]: 
 

𝑊𝑔𝑙𝑜𝑏𝑎𝑙 = ∑
𝑛𝑖

∑ 𝑛𝑗
𝑁
𝑗=1

𝑁

𝑖=1

𝑊𝑖 

 

where N is the total number of clients contributing 

their edge devices. In this way, clients with larger or 

more diverse datasets are assigned adequate weights in 

relation to the global model. After aggregation, the 

resultant global model is sent to the client’s end and 

the process begins anew. 

 

V. EXPERIMENTAL RESULTS 

 

In order to verify the federated learning architecture, 

the framework was executed in a real-life edge setting, 

not a simulated one. The following paragraphs present 

the setup of the hardware used, the metrics, and the 

results obtained from the experiments conducted. 

 

A. Experimental Setup 

The federated network is created via a centralized 

Python aggregator running on a local network, using 

three different Android devices as federated learning 

clients. In order to mimic the geographical dispersion, 

each client received a separate dataset related to a 

particular geographical location within Maharashtra 

State, India. 

• Client 1: Karad – Lat 17.68589, Long 73.99333 

• Client 2: Satara – Lat 17.28937, Long 74.18183 

• Client 3: Umbraj – Lat 17.40277, Long 74.10096 

Hardware information for all three edge devices is 

presented in Table I below. The variation in processors 

and Random Access Memory (RAM) creates a 

practical model of a heterogeneous commodity 

smartphone network. 

 

TABLE I. DEVICE HARDWARE AND 

COMPUTATIONAL PERFORMANCE 

Device 

Model 

Role Processor 

(SoC) 

RAM Avg. 

Round 

Time 

Vivo 

Y21 

FL 

Client 

1 

MediaTek 

Helio P35 

4 GB ~20.5 

sec 

Redmi 

Note 10 

Pro 

FL 

Client 

2 

Snapdragon 

732G 

6 GB ~19.0 

sec 

Vivo 

Y50 

FL 

Client 

3 

Snapdragon 

665 

8 GB ~18.0 

sec 

 

B. Evaluation Metrics 

Accuracy measures for both local and global models 

were calculated using two regression measures: 

1. MAE: Measures the average magnitude of the 

absolute errors in the predictions, providing a clear 

indication of expected temperature deviation in 

degrees Celsius. 

2. MSE: Heavily penalizes larger forecasting errors by 

squaring the residuals, serving as a strict indicator of 

model stability. 

 

C. Empirical Results and Discussion 

Table II provides an overview of the training setup and 

the prediction performance for each client based on the 

aggregation of the global model. 

 

TABLE II FEDERATED TRAINING ACCURACY 

METRICS ACROSS LOCATIONS 

Locati

on 

Train 

Sampl

es 

Test 

Sampl

es 

Epoc

hs / 

Roun

d 

MA

E 

(°C) 

MSE 

Karad 6,989 1,748 3 0.24

5 

0.103

5 

Satara 6,989 1,748 3 0.24

5 

0.103

5 

Umbra

j 

6,989 1,748 3 0.24

5 

0.103

5 
 

From Table II, it is clear that the federated framework 

provided a very accurate forecast, with an MAE of 

0.245°C. Interestingly, all the metrics are identical for 

all three geographic locations. If this were the case in 

centralized training, this would suggest a high level of 
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redundancy in the data used. However, given the 

nature of this federated system, this is the ideal result 

since all three clients share the same architecture. 

Since all three clients use the same dataset size (8,784 

rows), identical 80/20 split ratios, identical sliding 

window feature engineering, and identical global 

model initialization, they should converge to the same 

result after the FedAvg aggregation [2]. 

While maintaining the same degree of predictive 

accuracy, Table I provides information concerning the 

effect of hardware variability on computation time. 

The high-end device, the Vivo Y50, with its 8 GB 

RAM and Snapdragon 665 CPU, took about 18.0 

seconds to finish the local epochs and networking 

tasks. On the other hand, the low-end phone, the Vivo 

Y21, had a computation time of 20.5 seconds per 

cycle. In spite of the differences in the hardware used 

by the two devices, WebSocket was able to manage the 

processes without any race conditions or server 

overload problems. 

 

VI. CONCLUSION AND FUTURE WORK 

 

This paper presented an entirely functional federated 

learning platform that was specifically built to carry 

out accurate temperature prediction at high resolution 

through an Android smartphone. This was made 

possible by introducing a more lightweight Multi-

Layer Perceptron (MLP) model and adding sliding 

window sine-cosine temporal features to effectively 

execute complex time-series predictions in the 

constrained memory and processing capacity of 

regular consumer smartphones. 

The experimental application across three distinct 

smartphones (Vivo Y21, Redmi Note 10 Pro, and Vivo 

Y50) resulted in consistently reliable convergence. 

The model produced a Mean Absolute Error (MAE) of 

0.245°C in a 24-hour forecast period, demonstrating 

the feasibility of conducting accurate meteorological 

predictions while avoiding data sharing with a central 

server. In addition, the architecture was able to 

overcome any software engineering obstacles 

associated with implementing the federated learning 

algorithm, specifically by decoupling gradient descent 

calculations from the user interface. 

No systematic evaluation of the performance of the 

algorithm in farther-away places such as Pune, 

Nagpur, and coastal parts like the Konkan region has 

been undertaken. We noticed that the better the logic 

of the machine learning, the better the results and 

better results will be obtained through the use of better 

models. All WebSocket communication is plain text 

(ws://). It means all the model weights, metadata and 

IP addresses of the devices are not encrypted during 

transfer. There is also a lack of client authentication 

which implies that anyone who knows the aggregator's 

IP address and port can connect to the federated 

learning network and may inject poisonous model 

updates. 

Future versions of this framework are expected to 

concentrate on improving communication processes. 

More specifically, introducing device-to-device 

communication [9] and resource allocation techniques 

[17] will allow for reducing federated rounds. Besides, 

since the number of devices in the federated learning 

process grows, employing differential privacy and 

secure aggregation methods becomes important to 

protect the network from possible attacks [7], [10], 

[18]. In conclusion, this work demonstrates the vast 

possibilities of using consumer devices as a privacy-

first environmental sensor network. 
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