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Introduction

> Climate and its elements often cause huge problems for humans and other
living things. This influence applies to many sectors such as agriculture,
livestock, transportation, health, and many others.

> Nowadays, Gate Recurrent Unit (GRU) is the latest approach which is the
development of ANN has also started to be used for various purposes in
several fields.

> This study tries to apply the GRU to forecast climate data consisting of
temperature, rainfall, and humidity. Then, the GRU performances compare
with LSTM, RNN, and MLP.
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Dataset

Our dataset is contains data from Malang, that is
Kepajen, Ngajum, and Pakisaiji.

Malang

We collected over 4 years worth of data, that is from
2016 to 2019 with a resolution of 1 day.

The model takes a sequence length of 128 days or
around 4 months worth of daily weather data.




Loss Plot
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Performance Comparation

Cross Cross
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Results — Rainfall

Rainfall GRU
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Results — Humidity

Humidity GRU
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Results — Temperature
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GRU Performance - Breakdown

15.983

18.148
171.887




Conclusion

I.  As can be seen from the results, only GRU made forecasting close to the expected
values with the real values. At the same time, other models such as LSTM and RNN
managed to follow predictions close to the real expected pattern

2. Rainfall parameter where none of the models worked to make a good prediction,
rainfall depends on many more factors than the regional temperature and humidity
along with how the data is laid out

3. Temperature and humidity has a stable slope of change rainfall does not this spikiness
does not help with the model generalizations




Future Work

1. Grouping of days, for Rainfall (reducing the spikiness)

2. Other Recurrent Models than GRU, LSTM, RNN

3. More Complex Model for LSTM ?
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