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Abstract

Significant advances in weather prediction stemmed pri-
marily from combining observational data, sophisticated
modeling techniques, and analysis of simulated or historical
weather data. This study builds on prior research using an Ex-
treme Learning Machine (ELM) approach to detect weather
anomalies in real-time, enhancing existing predictive sys-
tems. Our model is implemented on IBIS, an adaptable edge
computing framework for multi-sensor data collection. The
ELM model, applied to detect real-time weather anomalies,
offers fast training and operational efficiency. Data on at-
mospheric phenomena, including pressure and wind, was
generated and stored in a time series database. The model
was then trained on 80% of 550,000 records. Our experiments
demonstrated a 92% R? score, supporting its effectiveness.
Our work within IBIS represents a cost-effective and scalable
solution for collecting, monitoring, and predicting hazardous
atmospheric conditions.
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1 Introduction

Weather prediction and meteorological data collection can
be challenging [8]. Our goal is to simplify this process, pro-
viding accurate Extreme Learning Machine (ELM) model for
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real-time analysis and anomaly detection. Our ELM oper-
ates within IBIS [1], a framework for edge and multi-sensor
data collection. IBIS gathers meteorologic pressure and wind
data, which feeds into our model. ELM, introduced by Huang
et al. in 2006, is valued for its fast learning, ease of imple-
mentation, good generalization, and suitability for real-time
analysis [6]. Unlike feed-forward neural networks (FFN),
which require multiple iterations and gradient-based back-
propagation, ELM computes output layer weights in a single
step using the Moore-Penrose inverse of the hidden layer’s
output matrix [6]. Although machine learning on the edge
has been explored [2, 3, 10, 11], ELM has not been a ma-
jor focus. ELM has been used in weather prediction, but it
has not been applied on edge devices. For example, Petros
Karvelis et al. proposed a lightweight onboard system for
real-time wind prediction using training-less machine learn-
ing [7] and Mimoun Moussaoui deployed a model based on
FIRMS datasets to IoT devices [5]. Our work extends their
research by implementing ELM on edge devices for weather
prediction, with promising results.

2 Research Methodology
2.1 Data collection and preparation

Data Ingestion: Data from January 1, 2024 to January 10,
2024 is queried from InfluxDB, encompassing readings from
two pressure sensors and one wind sensor, as illustrated in
Figure 1.
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Figure 1. Comprehensive End-to-End Pipeline for ELM
Model Training deployed on IBIS; Sensors located in Paros
Center for Atmospheric Research [4]

The dataset comprises three comma-separated files: pres-
sure data from location 1, wind speed data from location 1,
and pressure data from location 2.
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Figure 2. Comprehensive End-to-End Pipeline for ELM
Model Real-time Runtime Phase deployed on IBIS

Data Preparation We corrected fractional timestamp dis-
crepancies in the ingested data by standardizing the index
using wind data timestamps and re-indexed the Pandas pres-
sure data frames, interpolating as necessary. The synchro-
nized data frame, containing pressure (loc. 1), pressure (loc.
2), and wind data, with about 550,000 records, was used for
model creation and uploaded to InfluxDB for visualization.

Model Creation In the model, pressure_2 and wind speed
are treated as independent variables, while pressure_I serves
as the dependent variable. The dataset, consisting of 550,000
records, is split into training and testing sets with an 80/20
ratio. The ELM model is trained with 96 hidden units and a
sigmoid activation function

1
1+e™™

Since this is a regression problem, all data is handled as
floating-point numbers. Training typically takes a few min-
utes, and model performance is evaluated using the R? score.

o(x) =

2.2 ELM Real-time Prediction

The ELM model, written in Python, is deployed in a ARM
architecture Docker container on the Chameleon testbed [9]
for data storage and IBIS [1] for weather instrumentation.
The real-time program queries InfluxDB for pressure and
wind speed data, which is standardized on timestamps. The
trained model predicts pressure_1 from pressure_2 and wind
speed, with predictions and anomalies sent to InfluxDB for
visualization.

2.3 Visualization

The Grafana dashboard was used to connect to InfluxDB,
enabling the visualization of various data sets. The following
time series were displayed: measured pressure_1, measured
pressure_2, measured wind data, and pressure_1 predicted by
the ELM model.

3 Evaluation

With 80% of the 550,000 records used for training and 96
hidden units with a sigmoid activation function, the ELM
model achieved a high accuracy of 92%. This accuracy was
measured using the R? score, as shown in Equation 1.
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Figures 3 a and b present plots generated using the Mat-
plotlib library, comparing the measured pressure 1 data with
the predicted pressure 1 data for the testing period. Both
figures exhibit similar patterns, aligning with the high R?
score. Additionally, Figures 4, 5, 6, and 7 display Grafana
dashboard graphs, facilitating both historical and real-time
data visualization.
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Figure 3. Time series plots of the predicted and measured
pressures at Location 1 over time with boxed anomalies (y-
axis: millibars, x-axis: Unix timestamp).
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Figure 4. Time series plot in Grafana dashboard for mea-
sured pressure at Location 1 over time (y-axis: millibars,
x-axis: timestamp).
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Figure 5. Time series plot in Grafana dashboard for mea-
sured pressure at Location 2 over time (y-axis: millibars,
x-axis: timestamp).
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Figure 6. Time series plot in Grafana dashboard for mea-
sured wind speed over time (y-axis: m/s, x-axis: timestamp).
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Figure 7. Time series plot in Grafana dashboard for pre-
dicted pressure at location 1 over time (y-axis: millibar, x-
axis: timestamp).

4 Conclusion

The project assesses the real-time performance of our Ex-
treme Learning Machine (ELM) model on IBIS, an edge com-
puting platform. Results are promising, with the ELM achiev-
ing an R? score of approximately 92%, demonstrating its ef-
fectiveness as a real-time model. IBIS was selected for its
cost-effectiveness and scalability. The next step is to replace
InfluxDB in Figures 1 and 2 with a direct data pipeline from
the two IBIS devices, connected to three sensors.
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