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ABSTRACT: It is a crucial task to accurately forecast precipitation, especially
in Thailand, since the forecasts are used in flood prevention and agricultural plan-
ning. However, the performance of prior attempts has been limited due to three
challenging issues. First, the rain pattern in each region can be different. It is
hard to get an accurate rainfall forecast with a single model for the whole coun-
try. Second, there is an imbalance issue with data, where most rainfall is zero
because Thailand has a short rainy season. Third, the predicted rainfall is un-
derestimated since moderate and heavy rainfall cases rarely occur. This paper
proposes a deep learning model that cascades the CNN and GRU models to fore-
cast rainfall in Thailand and creates a model for each region based on local rain
behaviors. CNN is specialized for classifying rain and non-rain events. In the
CNN stage, the imbalanced issue is alleviated by applying “focal loss”. GRU is
responsible for forecasting rainfall. Its predicted range is lifted using “autoencoder
loss”. The experiment was conducted on hourly rainfall data between 2012 and
2018 obtained from Hydro-Informatics Institute, Thailand. The results show that
our model outperforms SARIMA and other ensemble models in terms of RMSE
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1. INTRODUCTION

Accurate precipitation prediction is one of the es-
pecially important tasks in Thailand since it is ap-
plied in various activities, such as flood prevention
and agricultural planning. To capture the rainfall
amount, there are many rain-gauge stations installed
across the whole country. Apart from the rainfall
amount, these stations collect other information, in-
cluding, temperature, pressure, humidity, and cumu-
lative hourly rainfall.

In the meteorology field, there are many studies
of rainfall prediction. One approach is based on a
physics model, e.g. WRF and WRFROMS [1]. How-

ever, this approach has a high computational cost,
and the configuration requires manual adjustment by
experts. Another approach is based on machine learn-
ing and statistical techniques, e.g., ARIMA [2,3], ma-
chine learning models [4,5,6,7,8], and deep learning
models [9,10,11,12,13]. Among these techniques, deep
learning has shown the most promising results.

However, the previous work does not show suf-
ficient prediction accuracy due to three main chal-
lenges. First, the rainfall amount varies in each re-
gion. It is not easy to predict rainfall accurately using
a single universal model for the whole country. Sec-
ond, the proportions of rain and non-rain events are
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highly imbalanced because of the short rainy season
each year. This results in most data points being zero
(non-rain). For example, the proportion of non-rain
periods in our dataset is 95.39% while the propor-
tion of rain periods is 4.61% in the northern region of
Thailand. Third, most models cannot forecast mod-
erate and heavy rain events since both rain events
rarely occur with only an 0.006% occurrence rate on
average in all regions of Thailand. Heavy rainfall can
be considered as an extreme event or anomaly, which
cannot be captured by any traditional machine learn-
ing techniques.

The autoencoder can be applied to detect extreme
events by learning and generating a regular raining
pattern [17,18,19]. If the prediction result is different
from the output of the autoencoder (i.e., normal pat-
tern), this is considered the sign of an extreme event.

In this paper, we present a novel deep learning
framework to forecast rainfall in Thailand. The
model is specifically designed to address all of the
above issues. First, models are generated separately
for each region, so that they can capture local rain-
fall behavior. Second, the imbalanced data issue
(rain and non-rain events), where most data val-
ues are zero, can be alleviated by using a cascading
model consisting of (i) Convolutional Neural Network
(CNN) [20] and (ii) Gated Recurrent Unit (GRU)
[21]. CNN will classify rain and non-rain events, and
GRU will predict rainfall amounts for the raining pe-
riods classified by CNN. The focal loss [22] is then
employed to handle a class imbalance issue. Lastly,
as extreme events are usually underestimated due to
the scarcity of moderate and heavy rainfall events
(anomaly events), the concept of anomaly detection
is applied through an introduction of a new loss called
“autoencoder loss”. To further improve performance,
exogenous factors such as temperature, pressure, and
humidity are included in our model. The experi-
ment was conducted on hourly rainfall data (2012
-2018) recorded at rain-gauge stations by the Hydro-
Informatics Institute (HII).

This paper is organized as follows. Section 2
presents the literature review. Section 3 introduces
the proposed model. Section 4 describes the exper-
imental setup. Section 5 presents the experimental
results. Finally, the last section is the conclusion.

2. LITERATURE REVIEW

This section provides summary information about
related works that can be divided into two groups.
The first group are models to forecast rainfall
amount, and the second group are models to detect
heavy rain events (anomalies).

2.1 Rainfall prediction model

From our literature survey, there are two main ap-
proaches to a rainfall forecasting model based on rain-

gauge information: (¢) a statistical approach and (i)
a machine learning approach.

The first approach uses a statistical model as
a baseline, e.g., ARIMA and SARIMA. In 2013,
Wang et al. [3] presented a Seasonal Autoregres-
sive Integrated Moving Average (SARIMA) model
to deal with precipitation data in Shouguang city,
China. SARIMA is an enhanced ARIMA model that
uses seasonal factors. Their experiment showed that
SARIMA could predict rainfall accurately. Therefore,
SARIMA was chosen as a baseline in our paper.

The second approach is based on machine learning
techniques including deep learning networks. In 2009,
Hung et al. [7] used an ANN model with various fea-
tures, such as wind, temperature, rainfall in the pre-
vious steps, and rainfall from neighboring rain-gauge
stations, to predict rainfall in the Bangkok area. In
2014, Liu et al. [8] presented a deep neural network
model along with external factors (i.e., temperature,
dew points, MSLP, and the wind speed) to predict
weather change in the next 24 hours in Hong Kong.
Both of these works indicated that a weather fore-
casting model can be improved by including external
factors.

Many recent works on the second approach showed
that the neural networks and deep learning models
can provide promising results. In 2016, Herndndez et
al. [11] proposed an ensemble method using an au-
toencoder and multi-layer perceptron models called
“AE-MLP” to forecast daily accumulated rainfall.
For this model, an encoder aimed to extract non-
linear features, and a multi-layer perceptron aimed
to forecast rainfall in the next time step. In 2017,
Qiu et al. [12] presented a multi-task convolutional
neural network to forecast short-term rainfall. Their
extraction concept was the same as that used in [11],
but they used a CNN model that considered feature
correlation between weather features and neighbor-
ing sites’ information. The model outperformed both
statistical and conventional deep learning models. In
2019, Manokij et al. [13], our prior work proposed a
cascading model between CNN and GRU to forecast
rainfall in Thailand. The purpose of this model was
to tackle the class imbalance of rain events found in
Thailand’s rainfall dataset. CNN was used to clas-
sify rain and non-rain events and GRU was used to
forecast rainfall amounts based on rain events data
only. This method could filter non-rain events that
overwhelmed the rainfall dataset, making up 95.39%
of the total data, and increased GRU performance to
learn only rain patterns. Although the model could
capture low rainfall events quite well, it still showed
low accuracy for moderate and heavy rainfall events.

There were some prior works that tried to find
a relationship between particulate matter pollution
(PM 2.5 and 10) and weather conditions. In 2018,
Kliengchuay et al. [14] showed that there was a rela-
tionship between PM factors and many weather fea-
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tures, such as temperature, rainfall, pressure, carbon
monoxide (CO), and ozone (O3). In 2019, Joseph
[15] presented an IoT system based on the raspberry
pi board to record all air factors. Then, [16] used
collected information from [15] to predict PM 2.5.
However, all of these works focused on weather mon-
itoring (current situation) and did not propose an al-
gorithm to forecast rainfall amounts. In our work,
the main contribution focuses on proposing a mod-
ern algorithm to forecast rainfall. Data used in this
research was collected from rain-gauge stations in-
stalled across all regions in Thailand by HII between
2012 and 2018. The data contains rainfall amounts
along with three exogenous variables: temperature,
humidity, and pressure.

2.2 Anomaly detection model

From previous studies in anomaly detection, a
deep learning model was applied to detect anomaly
values in many ways. An autoencoder model, which
is an unsupervised model created by a neural net-
work, is comprised of two models called “Encoder”
and “Decoder” as shown in Fig. 1. The encoder
model tries to learn and extract a pattern from the
input, while the decoder model tries to generate the
output from the information in the encoder model.

— Decoder

— Encoder

Fig.1: The basic structure of autoencoder model.

In Fig. 1, the input x is fed into the hidden layer
of h(x) via an activation function represented as a(x)
to capture a high-level representation. To produce
output, h(x) is fed into the decoder layer to recon-
struct the output Z via the activation function of a(x).
The sigmoid function is typically used as the activa-
tion function to ensure the scope of the output values
range from 0 to 1.

The Autoencoder processes can be expressed as
Equations (1) and (2).

h(z) = f(a(x)) = Sigmoid(Wz + b) (1)

& = g(a(x)) = Sigmoid(W'z + V') (2)

The purpose of an autoencoder model is to recon-
struct input without noise. If we apply the model to

wt

predict an abnormal range of data, it will lead to a
high reconstruction error.

In 2015, Xia et al. [18] introduced an autoencoder
model for anomaly detection tasks. In 2016, Malho-
tra et al. [19] presented a long short-term memory
(LSTM) autoencoder to detect anomalies in time-
series data collected from sensors. Because a tradi-
tional autoencoder is used for non-sequential data,
LSTM is employed to handle time-series data which
is sequential data. The LSTM encoder will learn a
fixed-length vector representation of input and the
LSTM decoder will map the representation to recon-
struct a sequential output using the current hidden
state and the previous time step value. Reconstruc-
tion error is used to detect anomalies. If the error is
higher than a threshold, the output value is flagged
as an anomaly value.

In this paper, the model is improved by incorpo-
rating external factors and applying reconstruction
loss from an autoencoder. SARIMA and AE-MLP
are considered our baselines.

3. PROPOSED MODEL

In our previous work [13], we found imbalanced
data issues in Thailand’s rainfall dataset. If we use a
single deep learning model for the whole dataset, the
model will give bad performance in detecting rainfall
amounts because the dataset is overwhelmed by non-
rain periods. A cascading model that combined the
classification and regression models was proposed to
tackle this problem. However, our previous model
still could not detect high rainfall amounts. To make
model able to detect extreme rainfall, we propose a
cascading model with autoencoder loss to boost the
prediction performance.

3.1 Cascading model of CNN and GRU [13]

Our cascading model has two components: a clas-
sification model and a regression model. The archi-
tecture of the cascading model is shown in Fig. 2.

3.1.1 Classification model

The concept of classification is to filter rain pe-
riods by detecting rain or no rain in the next time
step because the regression model should only be fed
input with only rain periods. We create input as a
matrix with dimension F' x T, where F' is the num-
ber of features, and 7' is the number of previous time
steps, and feed it into the two CNN layers. CNN
will consider all features at each step before extract-
ing non-linear features that are important to predict
rain or no rain. Architecture and hyperparameters
in CNN layers are set up similarly to those in two
previous studies [12,23]. As the dataset has many
non-rain periods, we apply focal loss [22] with a sig-
moid function to address the class imbalance. Focal
loss is one of the loss functions that helps a model
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Fig.3: Architecture of our cascading model with autoencoder loss (in the large dashed rectangle).

detect a rare class. In this context, the rare class is
the rain class. The important hyperparameters are
the weighting factor a and the modulating factor ~.
For non-rain class examples, we assume the rainfall
amount in the next time steps to be 0 mm. The focal
loss function is shown in (3),

FL(pt) = —au(1 = pi) " log(pi) 3)

t is the observed time step, and p; is the probability
value from loss computation at t. oy is a weighting
factor for addressing class imbalance with a range be-
tween 0 and 1, and ~ is a modulating factor to adjust
the weight for easy examples with a value equal or
greater than 0.

3.1.2 Regression model

We use a dataset that has only rain events, which
are results from the classification model, to allow the
regression model to learn rain periods and forecast
rainfall amounts. This approach captures future rain-
fall in each step more accurately than when feeding
the whole set of data to the regression model at once.
The dimension of the input vector is composed of to-
tal data in rain periods, the number of previous time
steps (we use 12-time steps), and the number of total
features. Similar to our previous work, this model has

two Gated Recurrent Unit (GRU) layers that consider
all features from the lookback time steps in a rain pe-
riod’s scope, and then predicts the rainfall amount in
the next time step. We combine the rainfall amounts
from the non-rain class and the rain class to compute
total RMSE.

3.2 Cascading model with autoencoder loss

Our cascading model in section 3.1 is improved by
adding an autoencoder model to generate a recon-
struction error value and feed it as one of the inputs
in the regression model, as shown in Fig. 3. This
helps alleviate the underestimation issue of rainfall
amounts seen in the previous model.

The autoencoder model is widely used for anomaly
detection. The autoencoder aims to reconstruct an
output from an input that has the same character-
istics as the original input. In anomaly detection,
the autoencoder model predicts data points that have
an abnormal distance from others called “outliers”.
Then, the model will evaluate the error between the
actual value and the predicted value. This is called
“reconstruction error”. For an outlier data point,
the model should generate a high reconstruction er-
ror. By applying this anomaly detection method, the
autoencoder model will create reconstruction errors
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from rainfall data.

From the model structure shown in Fig. 3, CNN
in our cascading model with autoencoder loss has the
same structure as CNN in a normal cascading model,
but the structure of GRU is improved. First of all,
we construct a new input at the current time step
because we want the model to learn anomaly values
at observation hours. Only rain periods are extracted
as autoencoder input by using the classification model
to filter rain class positions. Since the autoencoder
aims to reconstruct common rain events (light ones),
we train the autoencoder with rainfall data smaller
than 5 mm only. Most rainfall values are in the range
of 0.2 — 5 mm. as shown in rainfall histogram in Fig.
4. The data handling process before feeding into the
autoencoder model can be seen in Fig. 5.

The structure of the autoencoder model is shown
in Fig. 6. There are four LSTM layers, including the
encoder and decoder parts. A sequence of inputs is
fed into the encoder part mapping data into an em-
bedding vector. The decoder part converts the em-
bedding vector back into a sequence of inputs again
[24]. For the model input, there are 14 features with
a window of 13 time steps (12 look-back data points
and one current data point where the interval of each
data point is one hour). Then, we feed the input
into the encoder model, which has two LSTM layers.
We use more hidden nodes in the first layer than in
the second layer because we need a model to learn
the regular pattern and compress data in the hidden
nodes. The output from the encoder model is a high
level representation of the original input. After that,
we pass the output from the encoder model as in-
put to the decoder model via the repeat vector layer,
which creates an output shape which is the same as
the input shape. The objective of the decoder model
is to generate new data by learning from compressed
data. Thus, the number of hidden nodes in the third
layer is less than the number in the last layer to rec-
tify and generate the last output. The autoencoder
model in Fig. 6 (the large dashed box in Fig. 3) is
trained by using the rainfall amounts in the normal
range to learn the common rain pattern. We then use
the Mean Squared Error (MSE) at each data point,
which is a measure of the difference between the ac-
tual rainfall and the predicted rainfall, to create the
reconstruction error. Fig. 7 shows an example of
reconstruction errors in the southern region for both
normal and abnormal ranges. The orange line is rain-
fall amount in millimeters (mm.), and the blue dashed
line is reconstruction error in MSE. The reconstruc-
tion error tends to be high for any abnormal rainfall
amount (> 5 mm.)

Rainfall Histogram in southern region

2500
. 2000
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in rain periods 1500
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500

0 10 20 30 40 S0 0
Rainfall Intervals

Fig.4: The histogram of rainfall in rain periods from
the southern region.

For the last part in Fig. 3, we combine the fore-
casted rainfall amount (top part) and the reconstruc-
tion error or autoencoder loss (bottom part). The
reconstruction error is flattened into a vector and
then merged with an output from GRU layer 2. The
merged vector is fed into a dense layer in the regres-
sion model. In the regression model, the reconstruc-
tion error represents event triggering, and it helps the
model predict higher rainfall.

4. EXPERIMENTAL SETUP
4.1 Dataset

We obtained rainfall data from 469 rain-gauge sta-
tions located around Thailand that was collected by
the Hydro-Informatics Institute and denoted it as the
HII dataset. For the sake of experiment, one station
from each region is selected which met conditions be-
low:

e It contains data from years between 2012 and

2018.

e It must contain less than 30% missing values.

e It must not contain more than 30% of adja-
cent rainfall data points with values of 0.2 mm.,
which is the minimum value of rainfall, since
that implies that the site has suffered data loss
or has incomplete data.

The rain-gauge transactions are recorded every
hour. There are 61,368 data points in total. The
data was divided with years 2012 to 2016 as a train-
ing set, 2017 as a validation set, and 2018 as a testing
set. There are four exogenous factors: temperature
(Celsius), humidity (mbar), pressure (%), and rain
amount (mm.).

4.2 Data preprocessing

This topic contains three parts: data interpolation,
feature extension, and data normalization.

4.2.1 Data interpolation

Due to faulty network communication or system
failures, it is not unusual to find missing values in
data collected from rain-gauge stations. It is crucial
to perform different interpolation techniques to han-
dle missing values based on rainfall behavior in each
region and season.
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Fig.7: Graph of reconstruction errors from testing set in the southern region. The left y axis represents the
actual rainfall (orange line), and the right y axis shows the reconstruction error (blue line).

Southern region: Mostly the southern region of
Thailand has rain throughout the year because it is
near the sea and is influenced by monsoons. From
previous statistics of rainfall amount per year, we
found that the accumulated rainfall was the highest
among all regions in Thailand. Therefore, data from
any rain-gauge station in the southern region is inter-
polated by using an average of value in the previous
time step before a missing value and value in the next
time step after the missing value.

Other regions: Thailand is located 15 degrees
above the Equator, which causes Thailand to have
a hot and humid climate. Due to this climate, Thai-
land has a long period of warm weather and less rain,
especially in Thailand’s northern and northeastern
regions. Accumulated rainfall in the rainy season
is higher than in other seasons. Therefore, we per-
formed the same interpolation technique as we did
with the south of Thailand for the rainy season and
filled in zero values for other seasons.
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1.2.2 Feature extension

There are two kinds of factors added to our model.
First, we create rain or non-rain classes based on rain-
fall amounts. If the rainfall amount is at least 0.2
mm., it belongs to the rain class, otherwise it belongs
to the non-rain class. Second, statistical features [12]
are added to boost prediction performance. These
include the maximum, the sum, and the average of
rainfall amounts within three-time intervals from the
current time point (i.e., last 1, 2, and 3 hours).

14 features are added in our experiment: 4 weather
features, 1 rain/non-rain flag, and 9 statistical fea-
tures.

4.2.3 Data normalization

It is necessary to convert data from different units
to be on the same scale before feeding them to deep
learning networks. In this work, we use standard-
ization to transform rainfall data. Standardization
changes the data distribution to have a mean of 0
and a standard deviation of 1. The standardization
formula is given in Equation (4).

Ti— W

Zi=— (4)

z; is a standardized value, 7 is the observed time step,
x; is the original value, u is the mean of the training
set, and o is the standard deviation of the training
set.

4.3 Performance evaluation

To evaluate our regression model’s performance,
we used Root Mean Square Error (RMSE) to mea-
sure the error between the actual rainfall amount and
the predicted rainfall amount. We used RSME to
evaluate 3 periods: overall periods, rain periods, and
non-rain periods. The RMSE equation is shown in

(5)-

1 n
RMSE Error = \/n Zizl(yi —x)?  (5)

i is the observed time step, y; is the predicted value,
x; is the observed value, and n is the number of ex-
amples.

We use the F1 score and confusion matrix to eval-
uate classification performance. We use both metrics
to tune the model to detect a rain class (true pos-
itive) and not to identify a non-rain class as a rain
class (false positive). The formula for the F1 score is
shown in (6), and the confusion matrix is shown in
Table 1.

Precision x Recall
F1 =2
Score % Precision + Recall (6)

Precision is the fraction of relevant instances
among the actual instances, and Recall is the fraction

of total relevant results that are correctly classified.

Table 1: Confusion matriz.
Actual Value
Positives Negatives
B o | Positives True Positive False Positive
832 (TP) (FP)
3 S Neeai False Negative | True Negative
-9 egatives (FN) (TN)

4.4 Hyperparameters and training

We used the same parameters in the classification
and regression models from the traditional cascading
model for our cascading model with autoencoder loss.

In the autoencoder model, we use four LSTM lay-
ers. The first layer and last layer of the model use
more hidden nodes than the second and third layers.
In the regression problem, we use two GRU layers and
a dense layer with a dropout layer [25] that prevents
an overfitting issue. The solver is Adaptive Moment
Estimation (Adam) optimization [26] in both mod-
els. The optimal hyperparameters are summarized in
Table 2.

Table 2: Summary of hyperparameters.

Model Layer Hyperparameters
8 filters, kernel size
CNN Layer | = Features x 2
16 filters, kernel
Classification CNN Layer 2 size=1x3
model Max Pooling Pool size = 1 x 2
layer
Fully
Connected 312
LSTM first 64
LSTM and last layer
Autoencoder | LSTM second 16
and third layer
GRU layer 1
Regression and 2 32,128
model Dense layer 256
Dropout 0.25

Our experimental model was built on one GPU
card from NVIDIA, a Tesla K20Xm, a CPU with 16
cores, and 64 GB of RAM supported by HII. All ex-
periments were implemented in Python3 and used the
Keras API.

5. EXPERIMENTAL RESULTS

In this section, we show that our model improved
both classification and regression performance. A
good classification technique should correctly classify
rain classes (rain and non-rain), and its performance
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Table 3: The proportions between non-rain & rain events and F1 scores for rain class from the classification

models.
Support class F1 score for rain class % increase
Region Rain class Bina F1 score in
. . ry Cross- ;

Non-rain Rain proportion (%) entropy loss Focal loss rain class

Central 8,321 421 4.82% 31.25% 38.07% +21.82%

East 7,946 796 9.11% 31.56% 49.75% +57.64%

North 7,689 1,055 12.07% 51.44% 58.10% +12.95%

Northeast 8,339 403 4.61% 37.67% 44.30% +17.60%

South 7,843 899 10.28% 28.72% 45.67% +59.02%

is measured in terms of the F1 score. For the regres-
sion method, a good model should forecast rainfall
amounts accurately (with small errors), and its per-
formance is measured in terms of RMSE.

SARIMA is considered as a baseline method. The
cascading model that combines CNN and GRU is
denoted as CNN-GRU, and our proposed model is
denoted as CNN-AE-GRU. Furthermore, we com-
pare our proposed model with another ensemble deep
learning method called autoencoder with multilayer-
perceptron. This model was introduced in [11] and
denoted as AE-MLP. The results will be discussed
in three main parts: 1) classification result, 2) fore-
casted rainfall amount, and 3) forecasted rainfall
amount during rain periods.

5.1 Classification result

cal model, SARIMA, in most regions except the east-
ern region. Also, the model with our autoencoder
loss (CNN-AE-GRU) is the winner, and it outper-
forms both the traditional cascading model (CNN-
GRU) and the previous ensemble deep learning model
(AE-MLP). When we compare the results between
CNN-GRU and CNN-AE-GRU, the biggest improve-
ment is shown in the eastern region, with a 1.50% im-
provement from 1.8328 to 1.8053 in terms of RMSE.
The lowest improvement is shown in the northeast-
ern region with only a 0.09% reduction from 0.9843
to 0.9834 in terms of RMSE.

Table 4: The overall RMSE performance in mm.
for each region. Boldface is the winner. The % diff
is a comparison between CNN-AE-GRU and CNN-
GRU.

Table 3 shows the classification performance of Region | SARIMA 1\123) CGT{TJ' Ag-l\gz-u ]()Dl/if)
both cascading models based on the F1 score. Since
they use the same classification module, the results Central 0.9267 0-9301 | 0.9173 ) 0.9141 ) 0.35%
are the same. We compare two Qifferent loss func- Fast 18071 18227 | 18308 | 1.8083 1.50%
tions: binary cross- entropy (baseline) and focal loss
(ours). The F1 score of the model with focal loss North 0.9100 0.9085 0.9068 0.9027 0.45%
outperforms that with the binary cross-entropy loss
in all regions. The southern region has the biggest im- Northeast | 0.9915 0.9982 | 0.9843 | 0.9834 | 0.09%
provement of 59.02% from 28.72% to 45.67%, while
the northern region has the lowest improvement of South 1.5731 15621 1 1.5636 | 1.5559 | 0.49%
12.95% from 51.44% to 58.10%.

The result shows that the focal loss handles the
imbalance class issue. It increases the weight of the
rain class and reduces the weight (importance) of the ~ Table 5: The RMSE of the rain periods for each

non-rain class resulting in an improvement of the F1
score in the rain class.

5.2 Forecasted rainfall amount

To evaluate the regression performance, we use
RMSE to compare our proposed model with the base-
line models, which are SARIMA and AE-MLP. The
overall results are shown in Table 4, and the details
of rain and non-rain periods are reported in Tables 5
and 6.

In Table 4, both cascading models based on a deep
learning approach show fewer errors than a statisti-

region. Bold face is the winner. The % diff is a com-
parison between CNN-AE-GRU and CNN-GRU.

Region | sarmva | o | (R | ke | o
Central 4.1844 4.1863 4.1237 4.1194 0.10%
East 5.9080 5.9346 5.9846 5.9060 1.31%
North 2.5681 2.5472 2.5293 2.5276 0.07%
Northeast 4.5559 4.5227 4.5189 4.4985 0.45%
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Table 6: The RMSE of the non-rain periods for
each region. Bold face is the winner. The % diff is a
comparison between CNN-AE-GRU and CNN-GRU.

Central | 0.1345 | 0.1488 | 0.1538 | 0.1386 | 9.88%
East 03101 | 03563 | 03283 | 0.3024 | 7.89%
North 0.1851 | 02196 | 02390 | 02232 | 6.61%
Northeast | 0.1722 | 0.2367 | 0.1699 | 0.1893 | -11.41%
South 03524 | 03365 | 03294 | 03097 | 5.98%

The results of rain and non-rain periods are shown
in Tables 5 and 6. For the rain periods in Table 5,
the autoencoder loss improved the performance in all
regions. The most significant improvement is in the
eastern region with 1.31% reduction from 5.9846 to
5.9060 in terms of RMSE. For the non-rain periods in
Table 6, the autoencoder loss improved the prediction
results in almost all regions, except for the northern
region. The most significant improvement is in the
central region with 9.88% from 0.1538 to 0.1386 in
terms of RMSE. In the northeastern region, the au-
toencoder model’s performance dropped since it tries
to predict a higher rainfall amount, while this region
barely has any moderate and heavy rain events.

5.3 Forecasted rainfall amount during rain pe-
riods

In this section, we also focus on rainfall levels in
rain periods. The rain periods are divided into three
levels: light, moderate, and heavy rain. The criterion
for splitting rainfall is shown below:

e Light rain : rainfall between 0.2 and 10 mm.

e Moderate rain : rainfall between 10 and 35 mm.

e Heavy rain : rainfall greater than 35 mm.

Table 7 shows the forecasting performance in terms
of RMSE for all three levels (light, moderate, and
heavy). CNN-AE-GRU has better performance than
CNN-GRU in the light rainfall in all regions (except
the eastern area) and in the moderate-heavy rainfall
in most regions. Since the autoencoder has learned
the raining patterns in normal circumstances, the dif-
ference between the predictions of the autoencoder
model and the actual values is called “autoencoder
loss” and shows signs of extreme raining events. This
can guide a regression model to increase the predicted
rainfall amount resulting in better performance in
moderate and heavy rain events.

It is interesting to note that for the light rain
events, the autoencoder loss can improve the RMSE
in almost all regions. The central region has the
biggest RMSE reduction of 2.84% from 2.0634 to
2.0047. For the moderate rain events, it shows im-

provements in the eastern, northeastern, and south-
ern regions. The heavy rain cases result is quite sim-
ilar to the moderate cases, except in the northeast-
ern region. Since the autoencoder model can cap-
ture the signs of high rainfall amounts on moderate
and heavy rainfall events by detecting these from the
reconstruction error, its results can help the regres-
sion model increase the predicted rainfall amounts for
these events. The most successful case is in the south-
ern region where the autoencoder loss improves the
performance in all levels of rainfall since there is more
and heavier rain in this region. The last column in
Table 7 shows that the autoencoder loss increases the
forecasting value as it is higher in all regions.

Fig. 8 - 15 show the comparison graphs between
the actual rainfall amounts and the forecasted rain-
fall amounts from the SARIMA, AE-MLP, CNN-
GRU, and CNN-AE-GRU models. We choose the
results from observation sites in the northeastern re-
gion, which has very scarce rainfall and where most
values are zero, and the southern region that has
rain throughout the year. The graphs show that the
SARIMA model in Fig. 8 (the northeastern region)
and Fig. 12 (the southern region) can detect higher
rainfall compared to the others. However, AE-MLP
in Fig. 9 and CNN-GRU in Fig. 10 (the northeast-
ern region) with AE-MLP in Fig. 13 and CNN-GRU
in Fig. 14 (the southern region) can capture rainfall
amounts more accurately than SARIMA for the light
rain events. The prediction graphs from AE-MLP are
similar to the graphs from CNN-GRU. However, the
graphs from both models (Fig. 8 and Fig. 11) show
that our normal cascading model can forecast rainfall
amounts only for the light rain events. It barely fore-
casts any rainfall amount in the abnormal range (> 5
mm.). Subsequentially adding autoencoder loss, the
graphs from CNN-AE-GRU in Fig. 11 (the north-
eastern region) and Fig. 15 (the southern region)
show that most of the forecasted rainfall amounts are
higher than other deep learning models predicted and
most values are greater than 5 mm.

Based on the RMSE, CNN-AE-GRU can reduce
error values from CNN-GRU in light and moderate
rain periods, but it still cannot detect rainfall in
heavy rain periods because of the small size of the
data points.

6. CONCLUSION

This paper presents a deep learning framework to
forecast rainfall in Thailand. We propose two cas-
cading models to handle different issues. First, CNN
is used to classify rain and non-rain cases, while ad-
dressing an excessive amount of non-rain cases using
“focal loss”. This loss function can help our model
detect rain cases by reducing the weight of the non-
rain class and increasing important weight of the rain
class. Second, GRU is used for a regression of rainfall
and is tailored to improve moderate and heavy rain-
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Table 7: The RMSE performance from rain periods for each of the rainfall levels, and mazimum predicted
rainfall for each region. Bold face is the winning method.

Region Model Rain Light Moderate Heavy Maximum
g periods | rain periods | rain periods | rain periods | Predicted rainfall
CNN-GRU 4.1237 2.0634 16.8093 38.4000 5.6868
Central CNN-AE-GRU 4.1194 2.0047 16.8441 38.4000 6.2195
Difference (%) +0.10% +2.84% -0.21% 0% +9.37%
CNN-GRU 5.9846 2.5674 17.0068 459130 13.3213
East CNN-AE-GRU 5.9060 2.6801 16.9915 41.5423 20.1177
Difference (%) +1.31% -4.39% +0.09% +9.52% +51.02%
CNN-GRU 2.5293 1.4368 13.1917 40.6212 7.7188
North CNN-AE-GRU 2.5276 1.4140 13.2681 40.9122 12.1607
Difference (%) +0.07% +1.59% -0.58% -0.72% +57.55%
CNN-GRU 4.5189 2.2448 16.1864 39.7282 5.7750
Northeast CNN-AE-GRU 4.4985 2.2299 16.0280 40.2697 7.8639
Difference (%) +0.45% +0.66% +0.98% -1.36% +36.17%
CNN-GRU 4.7778 2.2503 16.3808 39.4288 9.9966
South CNN-AE-GRU 4.7560 2.2429 16.3389 39.3347 13.6371
Difference (%) +0.46% +0.39% +0.26% +0.24% +36.42%
Northeast - SARIMA
—=+ Actual rainfall amount
- 40 —— Predict rainfall amount
£
£
N 30
.
3 20
§
E 10
& l
0

0 2000 4000 6000 8000

Fig.8: Predictive rainfall using SARIMA for the northeastern region.

Northeast - AE-MLP

—=+ Actual rainfall amount
—— Predict rainfall amount

N
o

£
€
N 30
S5
=
e
3 20
£
©
K
‘= 10 i
‘© ("
o« | ! ‘
. L
0 2000 4000 6000 8000

Hourly

Fig.9: Predictive rainfall using AE-MLP for the northeastern region.



Cascading Models of CNN and GRU with Autoencoder Loss for Precipitation Forecast in Thailand

Fig.10: Predictive rainfall using CNN-GRU for the northeastern region.
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Fig.12: Predictive rainfall using SARIMA for the southern region.
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Fig.14: Predictive rainfall using CNN-GRU for the southern region.
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Fig.15: Predictive rainfall using CNN-AE-GRU for the southern region.

fall prediction using our proposed loss function called
“autoencoder loss”. The experiment was conducted
on the rainfall dataset in Thailand for years between
2012 and 2018. For increasing the rainfall detection
rate, the results show that the focal loss improves
classification accuracy in all regions. This is espe-
cially noticable in the southern region, with a 59.02%
F1 score-improvement. Moreover, we succeed in rain-
fall prediction improvement by adding autoencoder
loss. Our proposed model is the best at accurately
forecasting rainfall amounts in all regions, especially
in the eastern region, with a 1.50% RMSE reduction.
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