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Abstract: Rainfall prediction is a challenging task and
has extreme significance in weather forecasting. Accurate
rainfall prediction can play a great role in agricultural, avia-
tion, natural phenomenon, flood, construction, transport,
etc. Weather or climate is assumed to be one of the most
complex systems. Again, chaos, also called as “butterfly
effect,” limits our ability to make weather predictable. So,
it is not easy to predict rainfall by conventional machine
learning approaches. However, several kinds of research
have been proposed to predict rainfall by using different
computational methods. To accomplish chaotic rainfall
prediction system for Bangladesh, in this study, historical
data set-driven long short term memory (LSTM) networks
method has been used, which overcomes the complexities
and chaos-related problems faced by other approaches.
The proposed method has three principal phases: (i) The
most useful 10 features are chosen from 20 data attributes.
(ii) After that, a two-layer LSTM model is designed. (iii)
Both conventional machine learning approaches and recent
works are compared with the LSTM model. This approach
has gained 97.14% accuracy in predicting rainfall (in milli-
meters), which outperforms the state-of-the-art solutions.
Also, this work is a pioneer work to the rainfall prediction
system for Bangladesh.

Keywords: LSTM, deep learning, PCA, machine learning,
rainfall prediction

1 Introduction

Bangladesh is primarily an agricultural nation, and the
sector’s contribution to rapid economic growth is crucial.
In order to guarantee long-term food security for humans,
it is crucial to create a lucrative, sustainable, and envir-
onmentally friendly agricultural system [1]. As a result,
accurate rainfall forecasting is an essential tool for the
economy’s improved development. Rainfall predictions
are used in weather forecasting, date fixing of crop plan-
tation, flood prediction, and many other sectors [2]. So
undoubtedly, rainfall prediction holds a huge signifi-
cance and importance.

In the past, monthly rainfall predictions were done
using linear regression models [3–5]. Later application of
random forest regression models made predictions more
accurate [6,7]. Different popular approaches including
Naive Bayes (NB) [8], decision tree [9], random forest
and some other classification techniques [10–12] have
also been used for the same purpose. Other attempts and
research works have utilized various ways ranging from
pure probabilistic mathematical approach to advanced
techniques of machine learning. However, using raw prob-
abilistic formulas cannot yield high enough accuracy due
to the complex nature of the datasets [13]. Therefore,
dealing with optimized and standardized data along with
implementing advanced neural networks will obviously
yield better accuracy in predictions.

Predicting rainfall is a time-series problem which can be
solved with great efficiency using long short-term memory
(LSTM) networks [14]. LSTM is a special branch of recurrent
neural networks (RNNs). Previous predictions in this field
have not been involved heavily with LSTM network [15]. As
LSTM network implementation is relatively advanced tech-
nique, it is an optimal choice for quality prediction. Machine
learning predictions require huge amount of data for high-end
predictions, while it must also be ensured that a significant
number of features are involved in the prediction algorithm.
If the size of the dataset is not enough, then the quality
of prediction does not reach maximum threshold [16].
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One of the major challenges in processing real-life
data is its high number of dimensions. In order to cut
down dimensions of data and thereby to avoid overfitting
[17], we have used principal component analysis (PCA),
in which unnecessary dimensions (or features) are trimmed
off and projected onto other vital dimensions. Thus, we
have used optimized data as parameters of prediction in
our LSTM network [18]. After feature selection we have
applied cross validation technique. In the process of
training and testing, the optimized data are then feed for-
warded through the input layers to fully connected layers
of deep LSTM–LSTM network. Finally, after applying the
sigmoid function, we derived the predicted quantity of
rainfall followed by measuring the accuracy of the test
dataset predictions.

The main contributions of this work are as follows:
– To the best of our knowledge, this is one of the pioneer

works on Bangladeshi rainfall prediction system.
– LSTM–LSTM network was built for fast and highly

accurate classification.
– The result has been compared with different machine

learning approaches.
– Instead of taking all the features, the most useful ten

features had been chosen for enhancing execution.

The next part of this article is organized as follows. In
Section 3, the proposed method and structure is described.
Section 3 has three subsections where data set and feature
reduction are discussed. Results are analyzed in Section 4.
This article is concluded in Section 5.

2 Literature review

Various data mining techniques have been used for rain-
fall prediction. Numerous research papers are found in
the literature.

In ref. [19], support vector machine (SVM), artificial
neural networks (ANN), and Adaptive Neuro Fuzzy Infer-
ence System (ANFIS) have been used. ANFIS avoided
noise in data by using varying lags of input and SVM
dealt with out-of-pattern instances in the dataset. In
another research [20], the team in Malaysia worked with
random forest, SVM, NB, ANN, and decision tree. They
obtained data from various weather stations of Malaysia
(Selangor). The noise and missing values in that dataset
were fixed using ANFIS and other pre-processing techni-
ques. Random forest algorithm was used to utilize small
training dataset against large amount of test data. The
study of Chatterjee et al. [21] is based on a survey which

examined the Neural Network architectures used for rain-
fall prediction over the last 25 years. They implemented
SVM, multilayer perceptron (MLP), BPN, RBFN, and SOM
for forecasting. In the Lahore rainfall dataset [22], a com-
bination of SVM, NB, k-Nearest Neighbor (kNN), decision
tree (J48) and MLP has been used to calculate F1-scores.
F-1 values represent correlation and balance between pre-
cision and recall. Higher F-1 values indicate that precision
and recall are less complementary. Research team in ref.
[23] implemented Back Propagation, Radial Basis Func-
tion, and ANN and obtained quality prediction onmonthly
rainfall. The dataset was from Coonoor region in Nilgiris
district (Tamil Nadu). Mean square error was taken as the
performance measure. They obtained smaller mean square
error using Radial Basis Function Neural Network. In ref.
[24], usage of linear regression method was notable. This
article also involved a new feature named “rainfall pace”
and correlated it with various seasonal crops such as rabi,
Kharif, zaid and then predicted future rainfall. The dataset
was sorted and grouped according to crop name, season,
and year.

In ref. [25], a combination of classical ANN and
Genetic Algorithm has produced a hybrid system, which
is intelligent enough to make plausible predictions. The
purpose of using the Genetic Algorithm was to better
organize the input layer, the connection and communica-
tion among input nodes, the output layers, and to train
the network more efficiently. In ref. [26], using only
ANNs, 1-month and 2-month forecasting models have
been built that predicted rainfall. Multiple stations in
North India have contributions to the dataset and the
data records were on past 141 years. Along with both
Feed Forward and Back Propagation Neural Network,
Levenberg–Marquardt training function has been used.
Performance evaluation has been done by mean square
error, regression analysis, and magnitude of relative
error. Surprisingly, the results proved that the forecasting
model for 1 month can predict more accurately the rain-
fall than that of 2 month.

In ref. [27], authors worked with a time series dataset
containing data on Monsoon Rainfall of Summer in India
(based on monthly and seasonal time periods of 1871 till
2014). Due to the unpredictable and dynamic nature of
monsoon rainfall, entropy theory, fuzzy set, and ANNwere
used. The fuzzy set theory handled uncertainties andmade
transition from one inference to another smooth using
degrees. In the modified entropy computational concept,
the input was treated as a degree of membership into the
entropy function (also called Fuzzy Information-Gain
[FIG]). The ANN then defuzzified every fuzzified rule.
Finally, the output of FIG of every fuzzy-set was fed
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into the ANN. Evaluation of performance was done
through root mean square error (RMSE), standard devia-
tions (SDs), correlation coefficient (CC), and performance
parameter (PP). This integrated combination worked better
than many other models.

Table 1 demonstrates a comparative analysis showing
the merits and demerits as long as methods, datasets, and
materials that the literature have deployed for rainfall or
weather forecasting.

From Table 1, it is seen that most of the works are for
different specific regions having some major drawbacks
such as very small data set, small feature set, and less
accuracy. However, in this work, two-layer LSTM method
has been developed [28–30] for predicting rainfall in
Bangladesh. It solves the backflow problem [31,32] found
in other works. A larger dataset containing 20 features
(most prominent 10 features) is used. Proposed work can
predict rainfall in advance for any season and for any
region of Bangladesh.

3 Proposed structure

In this work (Algorithm 1), we have made rainfall predic-
tion by the LSTM model. Rainfall data has been collected
and preprocessed. Also, we have normalized the dataset
for making it perfect for applying in LSTM. After normal-
izing the dataset, a feature selection technique, PCA is
applied. Initially, the dataset contained totally 20 fea-
tures. As all the features may not be suitable for every
purposes, feature selection method was applied on the
dataset. However, ten most effective features are selected.
LSTM is used as a deeper learning-based network. For
training the LSTMmodel, 10-fold cross validation method
was applied for splitting the training and testing dataset
properly. Two levels of LSTM were applied before the
fully connected layer. As output, the model predicts
amount of rainfall in millimeters. Flow diagram of the
proposed work is as depicted in Figure 1.

Algorithm 1: Rainfall prediction Pseudo code.

Result: Rainfall in Millimetre
1 Rainfall Dataset;
2 Load attributes of the dataset;
3 [rank;weigths] = PCA(features.target); //Apply PCA

effective features;
4 for ←i 1 to 10 do
5 ∣ featuresnew(:,i) = features(:,rank(i)); // Select top

10 featuresTa
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6 end
7 Cross Validation;
8 =acc 0mean ; // Determine the obtain value;
9 for ←j 1 to 30 do
10
11
12
13
14
15
16
17

( ) ( )

∣

-

=

←

=

= +

= +

i L
prediction i response i

Accuracy Accuracy

for to do
if then

end

end

cross validate the data using two LSTM layers.;
acc 0;

1

acc acc 1;

mean mean Accuracy
L

18 end

3.1 Dataset collection

The rainfall data set [33] was used in this research. The
data have been accumulated from the Bangladesh Meteor-
ological Department (BMD), which is a government-owned
department. However, the data are not organized. The
organized data can be found on kaggle [33]. This dataset
comes with 2,366 rows and 20 features (Table 2). In this
table, each of the features with weight value and ranking
are listed. Daily information of rainfall data (in mm) ran-
ging from 2012 to 2018 are recorded here. This dataset has
20 features (year, month, day, temperature [temp] high,
temp average [avg], temp low, DP high, DP avg, DP low,
humidity high, humidity avg, humidity low, SLP high, SLP
avg, SLP low, visibility high, visibility avg, visibility low,

Figure 1: Flow diagram of the proposed system.
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wind high, wind avg). All data in the dataset are numerical
value, so we do not need any embeddings. But, we needed
to clean up and standardize the data. All of the informa-
tion in the dataset are not needed for this study. This is
why, the information on whether a particular day was
foggy or stormy was omitted. Only the amount of rainfall
was considered. The redundant features caused overfitting
in the proposed model. For better performance, in the fea-
ture reduction [34] step, the number of features was
reduced by using PCA. After applying PCA, ten most
weighted features were selected (Table 3).

3.2 Feature reduction

Often in deep learning classification problems, ultimate
classification is performed based on various factors. These
factors are radically variables which are named as fea-
tures. If the number of features is higher, it is hard to
work with these features. The features sometimes are cor-
related, and sometimes unnecessary. Therefore dimen-
sionality reduction algorithms are needed. In this case,
we have used PCA [35–37] to the dataset to get the weight
of all features. This weight represents a feature with a
higher correlation with class. From the 20 features, we
kept ten and removed others (Table 3). The responsibility
of the PCA algorithm is to summarize 20 dimensions onto
10 principal dimensions, which are fed into the proposed
model for prediction.

3.3 Working process of LSTM

Instead of randomly splitting the dataset into training
and testing, 10-fold cross-validation technique has been
used. Dividing the whole dataset into 10-folds, the model
is fitted using the first fold for testing and others for
training. After that, second fold is used for testing and
remaining for training the model. This process will repeat
until 10th iteration. In every iteration, it gives an error
estimation. Then mean is applied to all error estimation.

LSTM has been used for a deeper learning-based
classifier (Figure 2). Two LSTM layers are used for enhan-
cing efficiency. Both LSTM layers have 50 hidden neurons
units. In the first LSTM, dropout layer is applied. Dropout
technique was used to prevent a model from overfitting.
After that, this method approximates training a huge sum
of networks with different architectures in parallel. In the
training phase, some outputs are randomly “dropped
out.” This has the impact of creating the layer look-like
and be treated-like a layer with a special range of nodes
and property to the previous layer. In this study, the
dropout technique has been used for both LSTM layers.
In the first LSTM, 50% dropout was used, while for the
second LSTM layer it was 20%.

In every LSTM layer, batch normalization has been
used (Figure 3). Batch normalization is a technique for
improving the speed, performance, and stability of deep
learning-based architecture. Otherwise, there is prob-
ability of some numerical data point in the dataset such
that one is very high while others might be very low. The
data need to be on the same scale for reasonable compar-
ison and analysis. The larger data point in this non-nor-
malized dataset can cause instability in neural networks,
which may cause an imbalanced gradient problem. To
avoid this, batch normalization technique was used. Sub-
sequently, a two-layer LSTM model had been developed.
Hidden neuron units are set to be 50 for both LSTM layers

Table 2: Rainfall dataset

ID Features Weight Weight rank

1 Humidity high 0.020688362 10
2 Humidity avg 0.0192508 11
3 Humidity low 0.009211251 12
4 Visibility high 0.00273289 16
5 Visibility avg 0.002168759 17
6 Visibility low 0.000660308 18
7 Year 0.460823242 1
8 Month 0.123572965 2
9 Day 0.080288179 3
10 Wind high 0.00055288 19
11 Wind avg 0.000372772 20
12 SLP low 0.004164449 15
13 SLP high 0.005305575 13
14 SLP avg 0.004197224 14
15 DP avg 0.034320957 8
16 DP high 0.037307926 7
17 DP low 0.030278182 9
18 Temp high 0.062790121 4
19 Temp low 0.050063972 6
20 Temp avg 0.051249269 5

Table 3: Selected features from the rainfall dataset

ID Features Weight Weight Rank

1 Year 0.460823242 1
2 Month 0.123572965 2
3 Day 0.080288179 3
4 Temp high 0.062790121 4
5 Temp avg 0.051249269 5
6 Temp low 0.050063972 6
7 Dp high 0.037307926 7
8 Dp avg 0.034320957 8
9 Dp low 0.030278182 9
10 Humidity high 0.020688362 10
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and the “epoch” is set to be 30. Table 4 contains all the
mathematical formula and measurements deployed in
this work.

4 Results and discussion

4.1 Experimental setup

A server computer RAM 16GB, 2-cor Intel(R) Xeon(R)
CPU@ 2.20GHz processor and GPU: 1xTesla K80 12GB
GDDR5 VRAM was used.

4.2 Comparison with different classifiers

Various machine learning approaches have been deployed
to compare with the proposed LSTM approach such as
KNN, logistic regression, SVM, random forest, NB, neural
network, and LSTM. KNN algorithm is a simple classifica-
tion algorithm, which is the most used learning algorithm
in machine learning. From dataset, kNN uses several
classes to predict the result of the output [38]. Logistic
regression is effective for the condition that gives the result
in the form of binary regression [10]. SVM is a supervised
machine learning algorithm with associated learning algo-
rithms that analyzed data used for regression and classi-
fication problems. It transforms the data and these

Figure 2: LSTM network.

Figure 3: Structure of double LSTM layers.
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transformed data are used to find the feasible outputs [11].
Random forest model is also known as the random forest
tree, which is a popular machine learning classifier. It uses
a decision tree for training and outputs the class. It gives
the result of the individual trees followed by providing all
tress a mean result for prediction [9]. NB algorithm is
called “naive,” because it makes an opinion that all prop-
erties are free from each other. Notwithstanding NB

Table 4: Deployed mathematical formula and measurements

Formula used
in PCA

If we use PCA for dimensionality reduction, we

construct a ∗d k-dimensional transformation
matrixW that allows us to map a sample vector
x onto a new k-dimensional feature subspace
that has fewer dimensions than the original
d-dimensional feature space:

[ ]=
∗x x x x x R W R, , …, , ϵ , ϵd

d d k
1 2 (1)

[ ]=z z z z z R, , …, , ϵk
k

1 2 (2)
Formula used
in LSTM

LSTM network maps an input sequence
( )=x x x x, , …, T1 2 to and output sequence

( )=y y y y x, , , …, T1 2 3 calculating network unit

activations using the following equations
iteratively from =t 1 to T as follows:

( )= + +i σ W U h bt i i t i−1 (3)
( )= + +z W x U h btanht z t z t z−1 (4)

( )= + +f σ W x U h bt f t f t f−1 (5)
= ∗ + ∗C i z f Ct t t t t−1 (6)

( )= + + +o σ W x U h V C bt o t o t o t o−1 (7)
( )= ∗h C0 tanht t t (8)

Here, W W W W U U U U, , , , , , ,t z f o i z f o are model

parameters which are estimated during model

training; σ and tanh are activation functions; b
is bias

Performance
measurements

To assess the performance of proposed
methods against other classifiers the following
measures have been adopted:

=

+

+ + +

Accuracy TP TN
TP FN FP TN ,

(9)

where TP is the True Positive rate, TN is the True
Negative rate, FP is the False Positive rate, FN is
the False Negative rate

Table 5: Result of different classifier on same dataset

Classifier Accuracy (%)

KNN 76.8
Logistic regression 76.6
SVM 76.7
Random forest 71.6
NB 63.3
Neural network 76.9
Proposed method (LSTM with PCA) 97.14

Ta
bl
e
6
:
C
om

pa
ri
so

n
w
it
h
ot
he

r
w
or
ks

Pa
pe

r
Co

un
tr
y

D
at
as

et
N
o.

of
fe
at
ur
es

To
ol

Ev
al
ua

ti
on

m
et
ri
cs

[2
0
]

M
al
ay

si
a

M
al
ay

si
a
M
et
eo

ro
lo
gi
ca
l
D
ep

ar
tm

en
t
an

d
M
al
ay

si
a
D
ra
in
ag

e
an

d
Ir
ri
ga

ti
on

D
ep

ar
tm

en
t
sp

an
ni
ng

fr
om

Ja
n
20

10
un

ti
lA

pr
il
20

14
5
fe
at
ur
es

Ra
nd

om
fo
re
st

Pr
ec
is
io
n:

0
.7
15
,
Re

ca
ll:

0
.7
38

,
F-
m
ea

su
re
:
0
.7
23

[2
4 ]

In
di
a

D
at
as

et
co

ns
is
ts

of
pa

st
ye
ar
’s

ra
in
fa
ll
of

In
di
a

1
fe
at
ur
e

Li
ne

ar
re
gr
es

si
on

N
ot

sp
ec
ifi
ed

[2
6 ]

In
di
a

m
on

th
ly

ti
m
e
se

ri
es

ra
in
fa
ll
da

ta
of

N
or
th

In
di
a
fo
r
th
e
pe

ri
od

18
71

to
20

12
(1

41
ye
ar
s)

co
lle

ct
ed

by
In
di
an

M
et
eo

ro
lo
gi
ca
l

D
ep

ar
tm

en
t,
Pu

ne

3
fe
at
ur
es

A
N
N

A
cc
ur
ac
y:

93
.9
%

[2
7 ]

In
di
a

In
di
an

su
m
m
er

m
on

so
on

ra
in
fa
ll
ti
m
e
se

ri
es

da
ta

Ti
m
e

se
ri
es

da
ta

Fu
zz
y
en

tr
op

y-
ne

ur
o-

ba
se

d
ex
pe

rt
sy
st
em

RM
S
E
6
.2
4%

[2
2 ]

B
ra
zi
l

C
W
S
in

ei
gh

t
B
ra
zi
lia

n
st
at
es

7
fe
at
ur
es

A
N
N

A
cc
ur
ac
y:

78
%

on
su

m
m
er
,
71
%

on
w
in
te
r
6
2%

on
sp

ri
ng

an
d
56

%
on

au
tu
m
n

[2
1 ]

W
es

t
B
en

ga
l

D
at
as

et
ob

ta
in
ed

fr
om

D
um

du
m

w
ea

th
er

st
at
io
n

8
fe
at
ur
es

H
yb

ri
d
ne

ur
al

ne
tw

or
k

A
cc
ur
ac
y:

8
9.
54

%
Pr
op

os
ed

m
et
ho

d
B
an

gl
ad

es
h

B
M
D

10
fe
at
ur
es

LS
TM

w
it
h
PC

A
A
cc
ur
ac
y
=
97

.1
4%

Rainfall prediction system for Bangladesh  329



classifier works remarkably well in the machine learning
approach [8]. The neural network is an algorithm inspired
by the structure of the human brain. Every node is fully
connected. A neural network learns to accomplish tasks by
analyzing cases. The neural network takes data and trains
themselves to identify the pattern in these data after that it
predicts the output for a new set of comparable data [12].

Results of different classifier on the same dataset are
shown in Table 5. The deep learning LSTM gives better
results than conventional machine learning approaches.
The two-layer LSTM model obtains better outcomes. All
other machine learning approaches have obtained accu-
racy of 76% with feature selection with the best weights
by the PCA method, where the double LSTM layer gives the
best result of 77.14%. In other classifiers, the Rainfall
dataset may face some overfitting problems. But in both
LSTM layers, we used the Dropout technique to avoid over-
fitting. So LSTM gives more accurate results. Moreover,
Rainfall data set has 20 attributes. The PCA method is
applied for feature selection. By applying PCA ten best fea-
tures are selected with high weights. Then two LSTM layers
are designed with the neuron of 50 units. This designed
architecture achieves the best results compared to any other
classifier. It has obtained an accuracy value of 97.14%.

4.3 Comparison with other works

In deep learning, LSTM has been used as a special RNN.
LSTM can classify, process, and make predictions based
on time series data. Prediction methods typically face
some problems such as insufficient capacity of memory,
occurrence of vanishing gradient in the network, increased
prediction error etc. In this study, two LSTM layers are
used for the deeper network as the more hidden layer
in the model, the more accurate prediction it gives. By
employing the LSTM network, it overcomes capacity
insufficiency. Again, by multiplying input sequence to
the layers of LSTM it mitigates the vanishing gradient,
while it reduces the prediction error by using optimizers.
Performance of the proposed approach has been com-
pared with other works found in the literature in terms
of dataset, country, number of features, evaluation metrics,
and tools or platforms (Table 6).

5 Conclusion and future work

In this work, a two-layer LSTM model has been applied
for the Bangladeshi rainfall prediction system. Weights of

features are calculated with the PCAmethod. Furthermore,
the most weighted ten features are used. The proposed
method has been compared with the performance of the
traditional machine learning classifiers, such as KNN,
Logistic Regression, SVM, random forest, NB and neural
network. The accuracy of the Rainfall dataset had been
compared with different classifiers. The best results were
achieved by neural network 76.9% and KNN 76.8%.
Proposed method obtained 97.14% accuracy. The result
obtained by the proposed method is higher than every
classifier applied for this dataset. In future works, the
proposed system will be examined by larger data sets.
Meanwhile, higher result can be obtained by using the
Bidirectional LSTM layer. Additionally, a web applica-
tion will also be formulated.
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