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Edge

Network

Backend/Cloud
Smart home

e-Health

Wearables

Predictive 
maintenance

Automotive 
driving

Introduction

Internet-of-Things (IoT) has advanced the concept of Internet networking
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Introduction

Surrounding
environment

sensing devices

Operate at relatively
low sampling frequency

Collect the data at an 
aggregation mechanism 
e.g. gateway
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Short-term 
forecasting of 

multiple sensor 
streams

#time series ≫ #observations per sensor

✓ Unified multiple time 
series forecasting 
protocol for single-
step prediction

✓ Statistical, machine 
learning, neural 
network methods on 5 
real-world IoT datasets
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forecasting horizon ℎ = 1

model parameters

Compute a forecasting model based on 
historical observations of the multiple time 

series         to predict the future values    



Problem formulation
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Forecasting models

Statistical

✓ Block Hankel tensor-based 
autoregressive integrated moving 
average (BHT-ARIMA)

Machine learning

✓ Support vector regression (SVR)
✓ Random forest regression (RF)

Neural networks

✓ Long short-term memory (LSTM)
✓ Bidirectional long short-term 

memory (Bi-LSTM)
✓ Convolutional neural network 

(CNN)
✓ Echo state network (ESN)

Compute a forecasting model based on 
historical observations of the multiple time 

series         to predict the future values    
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Initial multiple time series dataset
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min-max scaling
Scaled multiple time series dataset
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(𝐿 + 1)𝑡ℎ observation of all 
time series (hold-out data)
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Scaled multiple time series dataset

N IoT sensors

Cross-validation based
on rolling window

Number of training samples: 𝑇 × 𝑁

Validation samples

1
⋮
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𝑇 + 1

Symmetric mean absolute percentage error

Model training Model validation
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Cross-validation based
on rolling window
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Cross-validation based
on rolling window
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Cross-validation based
on rolling window
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Scaled multiple time series dataset

N IoT sensors

𝐿

𝐿 − 𝑇
⋮

𝐿 − 1

Symmetric mean absolute percentage error

Model training Model validation



Average

Forecasting protocol
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⋮

Hyper-parameter
combination

Minimum 
value

Best hyper-parameter 
configuration

Rolling window process is 
forecasting model dependent



Best hyper-parameter 
configuration

Forecasting protocol
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𝐿 − 𝑇 + 1
⋮
𝐿

(𝐿 + 1)𝑡ℎ observation of all 
time series (hold-out data)

The model with the best
hyper-parameter configuration

is used to train the last 𝑇 training data

Predict the next 
multiple time series 

sample 𝐿 + 1

Prediction
error
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Rolling window: matrix case

SVR & RF
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Rolling window: matrix case

SVR & RF
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Rolling window: Multi-dimensional Matrix Case

LSTM, Bi-LSTM & CNN
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Rolling window: Matrix List Case

ESN
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Energy 
Consumption 
Fraunhofer

D1

Electricity Load 
Diagrams

D2

Guangzhou 
Traffic

D3

San Francisco 
Traffic

D4

London Smart 
Meters

D5

Number of 
time series 314

Number of 
time samples 
per series

365

Time 
resolution daily

Number of 
time series 320

Number of 
time samples 
per series

1096

Time 
resolution daily

Number of 
time series 206

Number of 
time samples 
per series

1464

Time 
resolution hourly

Number of 
time series 862

Number of 
time samples 
per series

104

Time 
resolution weekly

Number of 
time series 504

Number of 
time samples 
per series

9983

Time 
resolution

half
hourly
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Train/validation split: 80/20

Apply a model-dependent rolling window process
✓Hyper-parameter grid search is performed for each model per dataset

Number of multiple time series samples: 40 & 90

15 Monte Carlo runs
✓During each iteration examine a different part of the multiple time series dataset
✓Prediction error averaged over all Monte Carlo runs

Check EUSIPCO 
paper



Experimental results
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Take-home messages
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Short-term forecasting of multiple time series in IoT environments
✓#time-series >> #observations
✓Forecasting protocol especially designed for multiple time series at the IoT edge

Seven forecasting models are examined
✓Statistical, machine learning and neural networks

Five real-world IoT datasets

Statistical & machine learning methods in general perform better VS typical neural 
network architectures



https://github.com/pcharala/multiple-timeseries-forecasting


