Climate Predictions
using Machine
Learning
Approaches

Abuduaini Niyazi
Rexiati Dilimulati
Aihemaiti Maitituerdi




Motivation

Problem:

e The Horn of Africa has experienced severe and recurring droughts over the

past few decades, making the quality of long-term weather prediction
fundamentally important.

e Modern climate models suggest that the precipitation will increase as
temperatures rise.

Goal:

e Using multiple past climate proxy records to build a machine learning model to
determine whether we can predict the future climate of the Horn of Africa.



Deep Learning for Climate Predictions
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Dataset Description
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Benthic 8180: Global ice volume

6180: East Asian summer monsoon intensity
BIT index: Lake water-balance variation
MST: Mean summer temperature
Atmospheric CO2 concentration
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Data Preparation
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Methods

Neural Network Time series forecasting

Input layer Hidden layer Output layer

Artificial neural networks



Neural Network

model 2 Sequential(

Training and Validation Loss over Epochs

i ) s.Input(shape=(4,)), ecify input size
— Training Loss x B .
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Time series forecasting

Linear trend model Random walk with drift model
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Time series forecasting

ARIMA theoretical background

Autoregressive (AR) and Moving Average (MA) models
o AR(P): Y, =a+piYq+ BV HBpYip + &
O MA(q): Yt =a-+ gt + ¢1Yt—1 + yt_z v +¢th_q

ARIMA(p,d,q)

©  ARIMA models combine both AR and MA components along with differencing (d) to handle non-stationary
data.

o Predicted Y, =pu+3Y"_ BY, +TL oY
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Results
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Conclusion and future work

e Our prediction aligns with recent scientific findings indicating that the Horn of
Africa is likely to undergo further drying.

e Seeking professional advice on feature selection will improve our neural
network performance

e Modern-day climate data from instrumental records will help to build a better
model, enabling more promising predictions.

e More sophisticated neural network models such as Recurrent Neural Networks

(RNNs) or LSTMs, optimized for time series data, are recommended.
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