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Background
• Precipitation is one of those many critical elements of the hydrological

cycle that has a direct impact on human life in many aspects.
• Precipitation prediction is the prediction of rainfall intensity in an area

based on weather observation data and it is considered as one of the
most important tasks and has a significant importance in different
sectors mainly agriculture.

• An accurate prediction of precipitation is very beneficial for taking
timely decisions in critical events e.g., floods alerts.

• Precipitation forecasting is a challenging problem which has attracted
a significant attention of meteorology community.

• The field of artificial intelligence has established a potential space in
the field of meteorology.

• Deep learning approaches have been employed for meteorological
event predictions and are more stable to be worked on time series
data



Objectives and Contributions

• In this research a Long-Short-Term-Memory (LSTM) based forecast model is proposed which can
predict the precipitation values efficiently using the historical values.

• A univariate version of LSTM model is trained on weather data to avoid heavy training time without
compromising much on accuracy and to increase the usability also.

• Furthermore, a transformation technique was applied on the precipitation dataset to make the data
more normal distribution-like.

• The proposed model was evaluated in terms of Root Mean Square Error (RMSE).



Dataset

• The dataset for our research is collected from National Oceanic and Atmospheric Administration
Climate Data Online service1.

• The downloaded monthly precipitation data from 1990 – 2020 is recorded from the weather
stations located in Alpena Regional Airport, Michigan, U.S.

• Here the precipitation values are the rainfall measured in inches (in) using a rain gauge.

• Such interoperable and open data is useful for integrating diverse climate datasets in the realm of
atmospheric study.

1 : https://www.ncdc.noaa.gov/cdo-web/



PRE-PROCESSING

• Transformation techniques are used to stabilize variance and make the data more normal

distribution like.

• Box and Cox(1964) developed a transformation technique in which the non-normal distribution of a

dependent variable can be transformed into a normal shape.

• The transformation of a time series variable !", $ = 1, . . . . . , ( using Box-Cox technique depends on

the power parameter ) which varies from −5 to 5 and the optimal ) for a particular variable is the

one that results in a normal distribution. Box-Cox transformation of a time series feature !" has the

following form:

Eq: 1



PRE-PROCESSING
• We also applied the Box-Cox transformation on our time series dataset.
• The histogram in the figure 1 shows our dataset that has a significant left skewness and does not follow a

normal distribution whereas figure 2 is the dataset after applying the Box-Cox transformation for which the
normality assumption is reasonable.

• The purpose of these adjustments is to make the historical data patterns easier for more accurate forecasts.

Figure 1: Normal Dataset Histogram Figure 2: Histogram after Box-Cox Transformation



LSTM
• The development of proposed LSTM network is shown in

Figure 3. The prediction model contains 2 LSTM layers with
32 units each. Followed by LSTM layers, two feed forward
layers one with 16 units and an output layer with just 1
unit constructing a simple forecasting model.

• A windowed time series dataset having each window of 70
precipitation values i.e., a consecutive 70 rainfall
observations was constructed to train the LSTM model.
The next consecutive observation in the dataset, i.e., the
71st value was labeled as the output value.

• As a result, 8988 windows of consecutive rainfall
observations were generated for training the LSTM. The
pre-processed dataset was divided into 80% for training
the network, with the remaining 20% being utilized for
testing and reporting the results.

Figure 3: Proposed LSTM based precipitation forecasting model



Benchmarking
• In this research, we have compared the performance of the trained LSTM model against two most popular 

time-series forecasting methods namely, ‘average method’ and ‘persistence’. 
• The average forecasting technique works in such a way that all the forecasted values obtained using this 

method are the mean of previous historical data
• Whereas the persistence method sets all the forecast values equal to the last observation value i.e., the 

very recent observed value is copied as the future predicted value. 

If we denote the historical data as !" , . . . . . !% then the average method is denoted as:

!&'(|&^ = !̅ = (!" , . . . . . !% )/0 E.q: 2

Whereas the naive method is denoted as:

!&'(|&^ = !% E.q: 3



RESULTS AND DISCUSSION
• The sgd optimizer in Keras was used to train the LSTM model and Huber loss was utilized as the training

metric for robust regression. The model was trained in the Google Colaboratory environment for 100
epochs and a batch size of 60.

• To quantitatively analyze the results, the RMSE values between the measured data and the forecasted
precipitation values were computed

• Table 1 shows the obtained RMSE values, averaged over the entire test set, for a one-day lead time. We
can observe that the persistence model performs the worst. Our proposed method shows an
improvement over the average model.

Time Lead LSTM Average Persistence
1- Day Ahead 6.181 6.192 7.967

Table 1: The RMSE values (measured in inches) of the precipitation for different methods



RESULTS AND DISCUSSION

• Figure 4 shows the loss plot of the forecast
model during the model training process.

• From the plot, we can see that the model
has comparable performance on both train
and test datasets. The reason behind the
improved results is the simpler patterns after
the transformation. Simpler patterns usually
lead to more accurate forecasts.

Figure 4: Plot of Model Loss on Training and Validation Datasets



Conclusion
• This paper presents an LSTM-based deep neural network for forecasting the precipitation values using

past precipitation data.

• We also applied a data normalization technique to further improve the performance of the model.

• When compared to existing benchmarking methods, our proposed LSTM based prediction model

provides a good forecasting accuracy.

• We aim to compare our LSTM-based network to other benchmarking methods in our future works.

• We have also shared the source-code of our methodology in the spirit of reproducible research via

https://github.com/Sammyy092/efficient-percipitation-forecasting

https://github.com/Sammyy092/efficient-percipitation-forecasting
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