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Weighted Deep Learning Approach For Better Forecasting
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There are different kinds of time series analysis and forecasting techniques can be found in the literature. The
prediction of unknown future values based on known historical data is one of the goals to be achieved. Here,
another approach by combining well-known Deep Learning methods with Weighted Moving Average method is
introduced. The Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) from the Recurrent Neural
Networks family are utilized in this study. We also compare the prediction results of the proposed approach,
namely weighted LSTM (w-LSTM) and weighted GRU (w-GRU), with the original implementation of LSTM
and GRU. Different scenarios using real-world import values dataset are developed in the experimentation
phase. It was found that the proposed approach could get lower Root Mean Square Error, Mean Absolute
Error, and Mean Absolute Percentage Error at 1143.242, 999.028, and 0.155 respectively than the original Deep
Learning methods.
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1. Introduction

A regularly time-ordered observations of quantitative prop-
erties of an individual or an object, usually taken at succes-
sive equidistant points of time is the common definition
for time series data [1]. It is one of the most encountered
data types by data scientists [2]. In order to understand
the underlying structure or characteristics of a time series
data, various methods have been developed, ranging from
fundamental to technical and statistical to soft computing
methods [3–5]. One of the main goals of time series analysis
is to forecast future events or data.

Moving Average (MA) is probably one of the most pop-
ular technical methods used by people to predict the future
values of time series data. It is relatively simple, easy to
compute, objectively managed, and has a robust result
[6]. There are some derivative methods included in this
MA family. The simplest one is known as Simple Mov-
ing Average (SMA). It assumes that every data point in
the time series data has the same weight regardless of its

position. Another version of MA is the Weighted Moving
Average (WMA) which gives different weights for each
data point in the time series data. Hence, recent data points
will have greater effects than the older ones. A more ad-
vanced version is the Exponential Moving Average (EMA)
method which uses an exponential approach for each data
point weight calculation. Other hybrid MA methods also
have been introduced by numerous researchers, such as
Autoregressive Integrated Moving Average (ARIMA) and
Weighted Exponential Moving Average (WEMA) methods
[7–9].

Recently, a new sub-domain in Artificial Intelligence, or
more specifically in Machine Learning, has emerged. It is
known as Deep Learning which takes further development
of Neural Networks in Machine Learning by incorporating
deeper layer structure. It has been deployed in different
fields to solve different problems and got notable achieve-
ments, especially in image classification, natural language
processing, and reinforcement learning [10]. Particularly
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for regression tasks, such as predicting future values of
time series data, a special Deep Learning method, known
as Recurrent Neural Networks (RNN) has been popularly
employed [11]. Similar to MA, RNN also has derived sev-
eral other well-known methods, such as the Long Short-
Term Memory (LSTM) and the Gated Recurrent Unit (GRU).
Both of those derivative methods were introduced to han-
dle RNN weaknesses, such as the vanishing or exploding
gradient problem [12] and the long-term dependency prob-
lem [13].

Both LSTM and GRU had been employed in various
cases related to time series analysis. Hansun and Suryadi-
brata [14], for example, implemented LSTM networks in
predicting gold prices during the COVID-19 crisis. They
proposed a relatively simple networks architecture that
could achieve high prediction results comparable with
other complex networks architectures. Biswas et al. [15]
tried to predict the stock market price by using several algo-
rithms, including LSTM, Extreme Gradient Boosting (XG-
Boost), Linear Regression, MA, and the Last Value model.
They found LSTM had exceeded all other methods in the
experimental phase conducted. In another study, Zheng
et al. [16] implemented GRU for short-term power load
forecasting in a residential community. They compared the
results with LSTM and traditional RNN approaches. Based
on the numerical simulation, they concluded GRU model
has better performance, convergence speed, and robustness.
GRU also had been incorporated by Becerra-Rico et al. [17]
to predict the airborne particle pollution in the atmosphere.
They found that the proposed method could accurately
forecast the behavior of Particulate Matter (PM10) as the
object of the study. Both LSTM and GRU had been applied
in other studies to predict the electricity load [18–20], cryp-
tocurrency prediction [21, 22], and disease progression [23,
24] to name a few.

Here, we introduce a novel approach to time series fore-
casting using Deep Learning methods, particularly LSTM
and GRU, which are combined with Weighted Moving Av-
erage (WMA) method. WMA as a smoothing technique
could positively contribute to the overall prediction of time
series data, especially the one with high volatility. Hence,
we prepare a time series dataset by using the import val-
ues in Indonesia and several experimentation scenarios.
For convenience, we will call the proposed methods as
w-LSTM for the combination of WMA and LSTM, while
w-GRU represents WMA and GRU combination.

2. Theory and formula

2.1. Long Short-Term Memory

In 1997, Hochreiter and Schmidhuber introduced a spe-
cial type of Recurrent Neural Networks (RNN) that could
address the limitations found in RNN [25]. The method
is known as Long Short-Term Memory (LSTM) that has
been widely accepted and implemented in various areas,
especially where the data is sequential in nature [26].

LSTM differs from traditional RNN where it uses three
gates in the block cell. Those gates are called forget gate
( ft), input gate (it), and output gate (ot). Each gate con-
tributes to the information distribution and value in the
LSTM networks. There are six equations incorporated in
an LST cell calculation as shown in equations 1 to 6 [27].

ft = σ
(

W f ht−1 + U f xt + b f

)
(1)

it = σ (Wiht−1 + Uixt + bi) (2)

C̃t = tanh (WCht−1 + UCxt + bC) (3)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t (4)

ot = σ (Woht−1 + Uoxt + bo) (5)

ht = ot ⊙ tanh (Ct) (6)

There are two activation functions (AFs) utilized in an
LSTM cell, namely the tangent hyperbolic (tanh) and sig-
moid (σ) functions. Both of them are the most frequently
used nonlinear AFs [28]. W f , Wi, Wo, WC, U f , Ui, Uo, UC are
the respective weights for forget, input, output gates, and
the candidate cell. Similarly, b f , bi, bo, bC are bias values
for forget, input, output gates, and the candidate cell. C̃t

represents the candidate cell state, Ct represents the current
cell state, ht represents the current hidden state value, xt

indicates the new input at the current cell, and ⊙ is the
element-wise multiplication operator.There are two activa-
tion functions (AFs) utilized in an LSTM cell, namely the
tangent hyperbolic (tanh) and sigmoid (σ) functions. Both
of them are the most frequently used nonlinear AFs [28].
W f , Wi, Wo, WC, U f , Ui, Uo, UC are the respective weights
for forget, input, output gates, and the candidate cell. Sim-
ilarly, b f , bi, bo, bC are bias values for forget, input, output
gates, and the candidate cell. C̃t represents the candidate
cell state, Ct represents the current cell state, ht represents
the current hidden state value, xt indicates the new input
at the current cell, and ⊙ is the element-wise multiplication
operator.

2.2. Gated Recurrent UnitGated Recurrent Unit

GRU is another type of RNN recently introduced by Cho
et al. [29] in 2014. It has a pretty similar procedure to
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LSTM but incorporates fewer gates and hence fewer equa-
tions [30]. There are only four equations used in GRU cell
calculation as shown in equations 7 to 10 [31].

zt = σ (Wzxt + Uzht−1 + bz) (7)

rt = σ (Wrxt + Urht−1 + br) (8)

h̃t = tanh (Whxt + Uh (rt ⊙ ht−1) + bh) (9)

ht = (1 − zt)⊙ ht−1 + zt ⊙ h̃t (10)

In those four equations, zt is the update gate, while rt is
the reset gate. h̃t represents the candidate’s hidden state, ht

represents the final output of a GRU unit. Similar to LSTM,
Wz, Wr, Wh, Uz, Ur, Uh, bz, br, bh are the networks’ weights
and bias values and xt is the new information to the net-
works.In those four equations, zt is the update gate, while
rt is the reset gate. h̃t represents the candidate’s hidden
state, ht represents the final output of a GRU unit. Similar
to LSTM, Wz, Wr, Wh, Uz, Ur, Uh, bz, br, bh are the networks’
weights and bias values and xt is the new information to
the network.

2.3. Proposed Weighted Deep Learning Methods

We propose a novel approach by incorporating Weighted
Moving Average (WMA) within Deep Learning methods,
particularly LSTM and GRU, for time series forecasting.
WMA could act as a smoothing technique that positively
contributes to the overall forecasting results of time se-
ries data with high volatility. WMA can be formulated
as shown in equation 11 where n represents the time
span used, At and wt are the real data value and linearly
weighted value at time t, and k is the relative position of
the current data point [32].

WMAt =
∑k

t=k−n+1 wt At

∑k
t=k−n+1 wt

(11)

Figure 1 shows the schematic diagram of the proposed
methods, namely weighted LSTM (w-LSTM) and weighted
GRU (w-GRU). First of all, the time series data will be
preprocessed to handle any missing data. WMA is applied
to the cleaned data before the data splitting process (80:20
ratio) is done for train and test sets. Both train and test sets
are normalized and reshaped, where the feature scaling
applied in the test set is based on the feature scaling result
on the train set. To handle any missing values from WMA
calculation, zero data imputation is applied to the train set
before deep learning model development.

There are two deep learning approaches utilized in this
study, viz. LSTM and GRU. Both of them use the same basic
architecture and are referred to as w-LSTM and w-GRU.
We use three layers architecture, one LSTM (GRU) layer

Fig. 1. Schematic diagram of the proposed methods.

with 300 nodes, one Dropout layer to prevent overfitting
and drops 10% of processed information, and one Dense
layer with one node to represent the final output. The
loss function is calculated using Mean Square Error while
Adam optimizer is utilized during the training phase which
runs for 30 epochs on 32 batch sizes each run. Lastly, the
built deep models are used to predict the future values
of the test set, which are then evaluated by using three
error criteria measurements that will be explained in the
following sub-section.

2.4. Error Criteria

In this study, three error criteria are used as the perfor-
mance metrics, namely Root Mean Square Error (RMSE),
Mean Absolute Error (MAE), and Mean Absolute Percent-
age Error (MAPE). Those three criteria are popularly used
and can be represented as shown in equation 12 to equation
14 [33].

RMSE =

√
1
n

n

∑
t=1

(At − Ft)
2 (12)

MAE =
1
n

n

∑
t=1

|At − Ft| (13)

MAPE =

(
1
n

n

∑
t=1

∣∣∣∣At − Ft
At

∣∣∣∣
)
× 100% (14)

where At is the actual data value at time t, Ft is the fore-
casted value at time t, and n is the total number of com-
pared data.

3. Experimental setup

We prepare a time series data from the official publication
of Statistics Indonesia (Badan Pusat Statistik Indonesia)
[34]. The data contains Indonesia’s import values for both
Oil-Gas (OG) products and non-Oil-Gas (nOG) products
in millions of US$. We recorded the import values from
January 1993 to February 2022. Table 1 summarizes the
dataset.
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Table 1. Dataset summary.

Characteristics Oil-Gas non-Oil-Gas
count 350 350
mean 1515.112000 6679.183429

std 1161.049468 4433.731597
min 108.200 1522.300
25% 431.425 2578.400
50% 1417.000 4494.600
75% 2235.250 10942.525
max 4221.600 17974.200

All deep learning models are trained and tested on
Google Colab. Intel ® Xeon ® Processors ®2.20 GHz,
12.69 GB RAM, and 107.72 GB disk spaces are uti-
lized. Python 3 programming language and a number
of core libraries, viz. NumPy, Matplotlib, Pandas, Keras,
and sklearn are used in the experimental setup. The
source code can be accessed on the GitHub repository at
https://github.com/senghansun/w-LSTM-w-GRU.

There are two scenarios prepared in the experimental
setup. One for the time series data forecasting by using
LSTM and GRU methods and another for time series fore-
casting by using w-LSTM and w-GRU methods. As ex-
plained in the previous section, all deep learning methods
applied the same architecture, i.e., simple three layers ar-
chitecture. Moreover, each scenario will be run on two
different datasets, one for the import values of Oil-Gas
products (OG) and another one for the import values of
non-Oil-Gas products (nOG). The prepared scenarios can
be seen in Table 2.

4. Result discussions

The forecasting results for each type of time series data
(OG and nOG) by using LSTM and GRU deep learning
methods are shown in Figure 2 (scenario 1). Similarly, Fig-
ure 3 depicts the results for scenario 2 where forecasting
results of both OG and nOG by using w-LSTM and w-GRU
are shown. The blue color represents actual values, while
the red color represents the forecasted values. Both LSTM
and GRU could follow the data pattern pretty well in both
scenarios despite the relatively small number of data avail-
able. Moreover, w-LSTM and w-GRU have successfully
smoothed the time series data.

The performance results of applied methods for the
experiment conducted is shown in Table 3. Three error
criteria are used, namely RMSE, MAE, and MAPE. The
lower the score of each criterion implies a smaller predic-
tion error between the actual and forecasted values, and
hence, the better the forecasting method. Moreover, the
execution time of applied methods for each scenario in the

experimental phase is shown in Table 4.

5. Conclusions

We introduce a novel approach for time series forecast-
ing utilizing two popularly used Deep Learning methods,
namely LSTM and GRU, combine with WMA method. The
proposed methods are referred to as w-LSTM and w-GRU
for simplicity. We then prepare a time series dataset con-
taining two types of data and two scenarios to conduct the
experiment.

Based on the experimental results, it is confirmed that
the proposed methods have smaller error values measured
by RMSE, MAE, and MAPE. By using the same deep learn-
ing architecture, the original LSTM and GRU applied on
both Oil-Gas (OG) and non-Oil-Gas (nOG), got average val-
ues of 1550.866, 1322.575, and 0.200 for RMSE, MAE, and
MAPE respectively. Meanwhile, the proposed w-LSTM and
w-GRU got significantly lower average values of RMSE,
MAE, and MAPE at 1143.242, 999.028, and 0.155 respec-
tively. This implies that the introduced approach could
give better prediction results.

Moving Average (MA) methods, in this case, WMA,
seem to positively contribute to the overall prediction re-
sults of a time series data by smoothing the data pattern.
This behavior of various MA family methods for financial
data smoothing had been extensively discussed in Raudys
et al. [35]. Interested readers are encouraged to read the
publication.

From the experimental results, both original Deep Learn-
ing methods implementation in Scenario 1 and introduced
w-LSTM and w-GRU methods in Scenario 2, have relatively
the same execution time. Since the data was preprocessed
early in the data preparation phase as shown in Fig. 1,
there are not many resources and time differences in imple-
menting both original and proposed methods. Although
the average time execution for Scenario 1 is slightly faster
than Scenario 2, the proposed w-LSTM method is slightly
faster for Oil-Gas (OG) and w-GRU is slightly faster for
non-Oil-Gas (nOG) than their original methods.

Another finding worth mentioning is the Deep Learning
architecture being used in this study. We used a relatively
simple Deep Learning architecture for all applied methods
(both original and proposed ones) which consist of one
LSTM (or GRU) layer, one Dropout layer, and one Dense
layer as the output layer. As can be seen in the forecasting
results (Figs. 2 and 3), all applied Deep Learning methods
have successfully followed the data pattern. Moreover,
the prediction results are pretty good despite the relatively
small number of data being used in the experiment. Hence,
this finding strengthened the argument that Deep Learning
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(a) (b)

(c) (d)

Fig. 2. Forecasting results of Scenario 1: (a) LSTM-OG; (b) GRU-OG; (c) LSTM-nOG; (d) GRU-nOG.

(a) (b)

(c) (d)

Fig. 3. Forecasting results of Scenario 2: (a) w-LSTM-OG; (b) w-GRU-OG; (c) w-LSTM-nOG; (d) w-GRU-nOG.
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Table 2. Prepared scenarios.

Scenario 1 Scenario 2
LSTM GRU w-LSTM w-GRU

LSTM for Oil GRU for Oil weighted LSTM for Oil weighted GRU for Oil
and Gas (LSTM-OG) and Gas (GRU-OG) and Gas (w-LSTM-OG) and Gas (w-GRU-OG)

LSTM for non-Oil GRU for non-Oil weighted LSTM for non-Oil weighted GRU for non-Oil
and Gas (LSTM-nOG) and Gas (GRU-nOG) and Gas (w-LSTM-nOG) and Gas (w-GRU-nOG)

Table 3. Performance results measured by RMSE, MAE, and MAPE.

Method RMSE MAE MAPE Method RMSE MAE MAPE
Scenario 1 Scenario 2

LSTM-OG 499.468 383.701 0.220 w-LSTM-OG 389.990 310.053 0.176
GRU-OG 497.662 380.649 0.219 w-GRU-OG 384.310 305.158 0.173
LSTM-nOG 3169.994 2805.236 0.220 w-LSTM-nOG 2380.818 2155.905 0.172
GRU-nOG 2036.338 1720.714 0.141 w-GRU-nOG 1417.849 1224.995 0.098
Average 1550.866 1322.575 0.200 Average 1143.242 999.028 0.155

Table 4. Time execution.

Scenario 1 Time (s) Scenario 2 Time (s)
LSTM-OG 9.043439 LSTM-OG 8.755312
GRU-OG 6.836447 GRU-OG 7.037054

LSTM-nOG 8.323306 LSTM-nOG 12.632214
GRU-nOG 12.732269 GRU-nOG 12.650054

Average 9.233865 Average 10.268659

methods can effectively learn the hidden pattern in a given
dataset, especially the one in the form of a time series data,
without the need to add too much complexity [11, 36].

As the last note, incorporating Moving Average within
Deep Learning methods could enhance the forecasting re-
sult. There are several other MA techniques, despite WMA
which was used in this study, that can be incorporated
into future research. The hybrid Exponential Smoothing
(ES) method [37], Weighted Exponential Moving Average
(WEMA) method [7], and even the recently developed Self-
Attentive Moving Average (SAMA) method [38] are some
prospective methods to be used and compared with this
study’s results.
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