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Deep sequential (DS) models are extensively employed for forecasting time series data since the dawn of the deep learning era, and
they provide forecasts for the values required in subsequent time steps. DS models, unlike other traditional statistical models for
forecasting time series data, can learn hidden patterns in temporal sequences and have the memorizing data from prior time
points. Given the widespread usage of deep sequential models in several domains, a comprehensive study describing their
applications is necessary. �is work presents a comprehensive review of contemporary deep learning time series models, their
performance in diverse domains, and an investigation of the models that were employed in various applications. �ree deep
sequential models, namely, arti�cial neural network (ANN), long short-termmemory (LSTM), and temporal-conventional neural
network (TCNN) along with their applications for forecasting time series data, are elaborated. We showed a comprehensive
comparison between such models in terms of application �elds, model structure and activation functions, optimizers, and
implementation, with a goal of learning more about the optimal model used. Furthermore, the challenges and perspectives of
future development of deep sequential models are presented and discussed. We conclude that the LSTM model is widely
employed, particularly in the form of a hybrid model, in which the most accurate predictions are made when the shape of hybrids
is used as the model.

1. Introduction

�ere are many di�erent forms of data, and among them is
time series data. �is data type has the ability to predict
future data at the same rate as the forecasting technique of
analysis [1]. Time series frequently exhibit time depen-
dencies, resulting in two comparable time points to be
classi�ed di�erently or to predict divergent behavior [2].
Time periods are represented by years, months, weeks, days,
or hours [3]. Many real-world applications, such as bio-
logical sciences [4], healthcare [5], and �nancial and weather
prediction [6], use time series data to capture data over time.
Traditional approaches, such as exponential smoothing
[7, 8], autoregressive (AR) [7, 9], or structural time series
models [10], are focused on parametric models driven by

domain knowledge. Machine learning techniques have re-
cently made it possible to learn chronological dynamics
purely from data [11]. Machine learning has emerged as a
vital component of the next generation of time series
forecasting algorithms, as data availability and computer
power have increased in recent years [12]. A variety of
machine learning algorithms and models have been
employed to forecast time series data. Some of them employ
hybrid approaches for prediction, which mix multiple
models or integrate any optimization process in the pre-
diction process [3].

Deep learning (DL) models, a subset of machine learning
that use deep neural networks, are employed in a range of
research domains, including speech recognition [13], text
mining, and image analysis [14]. DL models combine
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numerous layers to represent the data abstraction to develop
computational methods. Although the DL training model
takes a long time to train due to the large number of pa-
rameters, it tests faster than other machine learning tech-
niques [15]. )is is because DL models can learn hidden
patterns from data. Deep neural networks can learn com-
plicated data representations [16] by including unique ar-
chitectural assumptions [17], which take into account the
small difference of the underlying datasets. )is eliminates
the requirement for model creations and human feature
engineering. Additionally, the amount of available frame-
works for back-propagation made the network training
much easier by allowing for modification of network ele-
ments and loss functions [18, 19]. We emphasize diverse
parts of sequential understanding and how they compare to
one another in regard to deep learning.)e goal of this paper
is to give a comprehensive analysis of the three different deep
sequential forecasting models that have been utilized to
produce predictions. Our analysis may aid researchers in
identifying the best model to use based on the application
domain, as well as in the development of unique or hybrid
algorithms.

With the widespread use of deep sequential models in
several domains of science and application, one may be
confused as to which model is appropriate for solving their
problems. Our research is driven by a goal to provide a
comprehensive review of current deep learning time series
models. It is worth providing the user communities with the
best model for their problem in terms of the model per-
formance in various fields. )is study intends to answer
which models are typically used for which applications,
which programs best implement the algorithms, how data
splitting is utilized in the studies, and which optimization
approaches are employed by the researchers. Our evaluation
may aid researchers and practitioners in making the best
model selection based on scope resemblance and system
necessities, consequently assisting in the development of
novel algorithms. )e main contributions of this paper are
summarized as follows:

(i) To the best of our knowledge, this is the first review
work that covers the usage of deep sequential
models for forecasting time series data to serve the
research community.

(ii) We reviewed the three common deep sequential
models.

(iii) A comprehensive review of deep sequential models
in different applications, such as healthcare, finance
and stocks predictions, weather forecasting, envi-
ronment, and pollution, is provided.

(iv) Main challenges in deep sequential models are
highlighted.

(v) Some research gaps and open issues in the field that
need further investigation are discussed.

)e reminder of the paper is organized as follows.
Section 2 gives a quick overview of three popular models for
interpreting deep sequential models with time series data. In

Section 3, we reviewed selected articles in the last three years
that used deep sequential models in various applications.
Section 4 gives an in-depth discussion about the models,
their implementation, activation functions used, and a
comparison of applications based on the models used. Fi-
nally, in Section 5, we draw the matter to a close by making a
last comment on the methodologies that have been
examined.

2. Deep Sequential Model

Deep sequential models are deep learning techniques used
when both the input and the output are sequence data [20].
Sequences are made up of data points that can be arranged so
that observations at one point in the sequence provide
meaningful information about observations at other places
in the sequence. )e sequence data require managing in-
calculable supervised learning tasks, and the sequence
learning issue may occur when the input is a sequence and
the output is a single data point, as in video activity de-
tection, classification of sentiments, and stock price fore-
casting. On the other hand, the output might be a series of
data points and the input is a single data point, as in picture
captioning, music production, and speech synthesis. )ere
are also the cases when both the output and the input are
sequences, as in voice recognition, natural language un-
derstanding, and DNA sequence analysis; in this case, the
lengths of the input and output sequences might be the same
or different [21].

Deep learning neural networks have proven to be ca-
pable of simulating extremely complex input-output map-
pings, particularly in disciplines like computer vision, voice
recognition, and natural language processing. )is concept
has led to the development of several deep learning tech-
niques in the field of time series forecasting that outperform
traditional approaches in terms of accuracy performance
[22]. In this section, we will briefly describe the three most
commonly used deep sequential models in the literature:
ANN, LSTM, and TCNN.

2.1. Artificial Neural Network (ANN). ANN is a technique
for processing data that mimics the human brain. A brain
acquires knowledge from human experiment, and an ANN
processes data similarly to the human brain. It is categorized
as a supervised or unsupervised learning based on the
amount of information about the values of the output
variables [23]. )e basis of an ANN is made up of nodes or
neurons that are placed in parallel linked processing unit
arrays. A multilayer perceptron (MLP) is an ANN model
that feed-forwards datasets into a set of appropriate data
outputs [24]. )e ANNs are composed of three fundamental
layers: input, hidden, and output. An input layer is the
information source for networks.)e hidden layer learns the
nonlinear relationships amidst the input(s) and the out-
put(s) by altering the weights. Layers are composed of
varying numbers of neurons, which process input through
activation functions. )e output layer contains forecasted
data [25], and the output of unit i can be given as follows:
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yi � 

p

i�1
wixj + θi, (1)

where wij � (w1, w1, . . . . . . , wp) is the parameter vector of
unit i, p is the number of neurons in the unit i preceding
layer, xi is the input of unit i, and θi is the bias of unit i. )is
weighted sum yi, referred to as the unit i incoming signal, is
then transferred via a transfer function as shown in equation
(1) [26]. )e ANN’s general architecture is described in
Figure 1.

)e output of a function is known as the activation
function. Weights associated with the connections between
two neurons are proportional to their strength. Typically, a
neuron’s computation is separated into two stages: aggre-
gation and activation. Utilizing the aggregation function
requires computing the total of all the inputs received by the
neurons through all their incoming connections. )e result
values are sent to the activation function. )ere are several
types of activation functions; the sigmoid and hyperbolic
tangent are frequently used. )e rectified linear unit is
another function which has grown in popularity [2]. )e
mathematical formulas of these activation functions are as
follows: equations (2)–(5).

(i) ReLU is the often used activation function, owing to
its ease and effectiveness. A subset of neurons fires
simultaneously, sparing the network and increasing
efficiency.

R(x) � Max(0; x). (2)

(ii) Sigmoid is another fairly common method of ac-
tivation, which constrains the output to a value
between 0 and 1 [28],

σ(x) �
1

1 + e
−x. (3)

(iii) Tanh is the same as the sigmoid function, but tanh
function allows for the output values within a
specified range (−1, 1),

f(x) � tanh(x) �
e

x
− e

−x

e
x

+ e
−x. (4)

(iv) Softmax: this function produces continuous values
between (0, 1) and is often applied as a classifier at
the output layer since it produces probabilities
spread throughout the number of classes in multi-
class predictions,

f(x) �
e

x


n
i�1 e

x. (5)

2.2. RNN. Deep learning algorithms are subsets of machine
learning algorithms that aim to identify various represen-
tations for incoming data. One of the most widely used
models for deep sequential learning is the recurrent neural
network (RNN), which was developed in the 1980s [29].
RNN is used to handle sequence data [15]. RNNs contain
memory cells, which enables them to remember data from
the past, and that is important for forecasting future out-
comes. )ey have been extensively utilized to solve super-
vised learning problems involving sequential data. Due to
the sequential structure of time series, comparable designs
have been utilized for predicting time series as well [22]. )e
back-propagation through time (BPTT) algorithm intro-
duced by Werbos [30] is capable of training RNN. )e
drawback with RNN training is that the RNN design is
backward dependent over time [31]. We will cover some
RNN designs that have been proven to be effective at pre-
dicting time series data, such as LSTM model and gated
recurrent unit (GRU) [32]. )e GRU structure is similar to
the LSTM structure; however, it is easier to compute and
implement and has less parameters.

2.2.1. LSTM. LSTM algorithm is a type of RNN algorithms
that was developed by Hochreiter and Schmidhuber [33] to
model the structure of sequential data. )e disadvantage of
the normal RNNs is that their learning output reduces when
data are moved away from the input. When the initial weight
is no longer accessible, the vanishing gradient descent
problem occurs. )e LSTM is recommended for managing
each memory cell for both state and output values
throughout the learning process [31]. LSTM networks are
specialized in learning and analyzing sequential data such as
data classification [34], processing [35], and time series data
forecasting with time differences of unknown sizes [36].
LSTM is a chain-like architecture suitable for memorizing
the information and long term using four network layers as
represented in Figure 2. )e LSTM network is made up of
memory blocks that look like cells. )is cell state is crucial
because it allows data to go ahead and stays unaltered.
However, data can be added or wiped using sigmoid acti-
vation function gates. )ese gates consist of a sequence of
matrix operations with dissimilar weights. With gates, it is
possible to avoid long-term dependency challenges that exist
withmemorization of the LSTM. In the following paragraph,
we will go through how to use LSTM [37].

Input Layer Hidden Layer Output Layer

Input 1

Input 2

Input 3

Output

Weights

Weights

Figure 1: ANN architecture [27].
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In the LSTM procedure, the first step is to specify data
that is unnecessary for the operation. )is is accomplished
by using the sigmoid function, which takes the output as
(vt−1) at time (t − 1) and the existing input as (xt) at time (t).
)e sigmoid function assesses whether the portion of the old
output should be deleted based on the old output. )is
process is referred to as the forget gate (ft) as in equation
(6). )e vector values vary from 0 to 1, with one value for
each digit in the cell (ct−1).

ft � σ wf vt−1, xt  + bf . (6)

)e sigmoidal function is denoted by σ as in equation
(3), the weights are denoted by wf, and the bias of the forget
gate is denoted by bf.

)e following equations include two cases: one that
ignores, and one that stores the current state of input cell in
xt. Two layers comprise the process: a sigmoidal layer and a
tanh layer. Using 0 or 1, the sigmoidal layer determines
whether the latest information is updated or disregarded.
)e weights are updated and calculated via the tanh function
and then transfer data between (1 to −1) in the second layer.
Values are assigned weight based on their importance. As
can be seen in (Ct), both values have been changed, and a
new cell state is created.

mt � σ wf vt−1, xt  + bm ,

Nt � tanh wf vt−1, xt  + bn ,

Ct � Ci−1ft + Ntmt.

(7)

Finally, the output vt is multiplied by the newly layer
formed via tanh(Ct). It is based on the output of sigmoidal
gates (Qt).

Qt � σ wq vt−1, xt  + bq ,

vt � Q∗ tanh Cn( ,
(8)

where wq and bq denote the parameter within a neuron and
biases of the output gates, respectively.

2.2.2. TCNN. TCNNs are generic convolutional networks
proposed by [39]. )e TCN network is generally utilized to

perform the sequence modeling tasks with causal constraint.
A sequence modeling network learns to predict the output
sequence (y0, . . . , yt) given the input sequence (x0, . . . , xt),
and the matching output sequence (y0, . . . , yt) by network
training on some loss function between both the estimated
and output sequences (y0, . . . , yt) may be obtained. )e
causal constraint imposed on the network means that the
prediction yt is conditional on the inputs (x0, . . . , xt) but not
on the future inputs (xt+1, . . . , xt). As can be seen in Figure 3,
the TCNN is a hierarchical structure composed of many
convolutional hidden layers of equal size to the input layer
[39].

3. Application

To demonstrate the importance of the time series prediction
problems, a state-of-the-art study is conducted by catego-
rizing deep learning research works by different application
domains, such as healthcare, finance, energy, traffic, and
weather prediction, based on the most widely used network
model designs (ANN, LSTM, TCNN). )e following para-
graphs provide a summary of the articles for each appli-
cation domain, highlighting the aims achieved for each
method and field.

3.1. Healthcare. Deep sequential models are frequently used
in healthcare. Deep learning’s predicting capabilities and
automated feature detection make it a compelling tool for
disease diagnosis. )ere are numerous studies in the field of
healthcare applications.

Nikparvar et al. [40] suggested a multivariate and multi-
time series long short-term memory (MTS-LSTM) network
for forecasting the COVID-19 pandemic in terms of affirmed
cases, mortality, and movement concurrently. )e results
indicated that including mobility as a variable and training
the network with many samples improve predictive per-
formance in terms of prediction bias and variance. Addi-
tionally, the study demonstrated that the projected outcomes
are comparable in terms of accuracy and spatial patterns to
those of a typical ensemble model employed as a benchmark
[40].

TEG-net was presented by Hong et al. [41] as a revo-
lutionary deep learning approach for physiologic diagnosis
and explained time series with high precision. TEG-net
constructs T-net (a multi-scale bidirectional TCNN) for
directly modeling physiological time series, E-net (person-
alized linear model) for directly modeling expert features
extracted from physiological time series, and G-net (gating
neural network) for combining T-net and E-net for diag-
nosis. )rough G-net, the combination of T-net and E-net
enhances precision in diagnosing, and E-net may be used for
the sake of clarification. TEG-net exceeds the second-best
benchmark in terms of area under the receiver operating
characteristic curve and area under the precision-recall
curve by 13.68% and 11.49%, respectively [41].

In another work, the LSTM was used by Da Silva et al.
[42] to anticipate the patient’s vital signs and then to esti-
mate the severity of the patient’s health status using

σ σ σ

× +

×
×

tanh

tanh

Ct-1 Ct

ht-1

ht

ht

xt

ft

Figure 2: LSTM diagram [38].
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prognostic indexes, which are extensively employed in
medicine. According to experiments, it is possible to esti-
mate vital signs with a high degree of accuracy (>80%) and
so forecast prognostic indexes in advance, enabling patients
to get treatment before they deteriorate [42].

To anticipate COVID-19 cases in India and Chennai,
multivariate LSTM models were examined by Devaraj et al.
[43]. Both short- and long-term infected cases were pre-
dicted, and the study showed that the stacked LSTM and
LSTMmodels beat other models in terms of accuracy. When
compared to other algorithms, the stacked LSTM models
predicted more reliably and generated results with an error
of less than 2% [43].

In the work of Kafieh et al. [44], different models include
multi-layered perceptrons, random forests, and various
versions of LSTM. )eir proposed model was trained on
three datasets, including COVID-19 cases, to predict the
outbreak in nine different countries (Germany, Iran, Japan,
Italy, Switzerland, Korea, China, Spain, and the USA), and
their performances were evaluated using four metrics, in-
cluding MAPE, RMSE, NRMSE, and R2. According to the
authors, promising results were discovered for predicting
the pandemic’s future trajectory by using a modified version
of LSTM termed M-LSTM [44].

A unique deep learning architecture based on the LSTM
was also presented by Balaji et al. [45] for the purpose of
grading the severity of Parkinson’s disease (PD) based on
gait pattern. )ree independent gait datasets were used to
train the LSTM network. Each dataset included vertical
ground reaction force (VGRF) records of distinct types of
walking. )e experimental findings demonstrated that
Adam-optimized LSTM networks were capable of suc-
cessfully learning gait kinematic data and provided a rate of
accuracy for binary and multi-class classification, as well as
an accuracy increase over similar approaches [45].

Shastri et al. [46] suggested three types of LSTM, in-
cluding stacked LSTMs, bidirectional LSTMs, and

convolutional LSTMs, for forecasting COVID-19 cases one
month in advance in India and the USA. As a result,
convolutional LSTM outperformed the other two models
and forecasted the mortality rate of COVID-19 with high
accuracy and very little error for all four datasets in both
countries. Based on the mean absolute percentage error
(MAPE), a convolutional LSTM model obtained an error
rate of 2.0% to 3.3% [46].

Kara [47] presented a hybrid technique for predicting
multi-step influenza outbreaks based on incorporated LSTM
neural networks and genetic algorithms (GAs). )ey used
weekly data on influenza-like illnesses (ILI), which obtained
in the USA. )e experimental findings indicated that the
provided hybrid model outperforms other well-developed
machine learning techniques, a statistical model, and a fully
connected neural network when various performance
measures were considered during peak times [47].

In the work of Shetty and Pai [48], they showed the
capacity of the multilayer perceptron (MLP), an ANN
model, to anticipate the number of infected cases in the
Indian state of Karnataka. )e forecasting model’s param-
eters were chosen using the partial autocorrelation function,
and their performance was compared to parameters chosen
using the cuckoo search (CS) technique. )e use of the CS
algorithm resulted in improved prediction performance
when MAPE was used. Additionally, to validate the model’s
effectiveness, data from Hungary’s COVID-19 cases were
employed, which produced a MAPE of 1.55%, confirming
the stability of the developed ANN model for predicting
COVID-19 instances in the Karnataka state [48].

Hawas [49] utilized the GRU version of the RNN
structure to predict daily COVID-19 infections in Brazil
using forecasting models trained on sparse raw data (30
time-steps and 40 time-steps alternatives). Since the GRU
has a smaller number of parameters and has a simpler
structure, it converged faster and provided better perfor-
mance than LSTM, which has a lot more parameters and is

Output

. . .

Hidden

Hidden

Input

d=1

d=2

d=4

X1 X2 X3

Y1 Y2 Y3 Yt
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Figure 3: TCNN architecture [39].

Applied Computational Intelligence and Soft Computing 5



more complicated to implement [49]. Table 1 summarizes
the abovementioned studies that applied deep sequential
models in healthcare predictions.

3.2. Energy. Deep learning’s recent success in a variety of
domain applications has drawn researchers to the energy
field, particularly in areas like demand forecasting, renew-
able energy, and building energy efficiency, and the breadth
of methods presented, as well as the growing number of
publications, demonstrates its enormous potential.

Two suggested methodologies for forecasting the power
consumption of office buildings were validated by Chen et al.
[50] using actual data from the University of Glasgow as a
case study. To minimize the impacts of occupants’ activities,
the first suggested technique divided power consumption
data into set time periods including working and non-
working hours. )e second proposed approach combined
ANNs and fuzzy logic approaches to match the building’s
base load, peak demand, and occupancy rate to many
meteorological factors. )e simulation findings indicated
that, when compared to the conventional ANN technique,
both suggested approaches had lower RMSE for forecasting
power consumption [50].

In work of Lin et al. [51], for solar energy forecasting, the
performance of TCNN was compared to multilayer feed-
forward neural networks and recurrent networks, including
the state-of-the-art LSTM and GRU recurrent networks.)e

assessment was based on two Australian datasets that
comprise historical heliacal and climate data, as well as
future-day weather prediction data. )e results indicated
that TCNN beats other models in terms of precision and was
capable of maintaining a lengthier history of effectiveness
than recurrent networks [51].

Lin et al. [52] also proposed a new deep learning
technique for probabilistic forecasting that combined at-
tention processes with temporal convolutional attention
network (TCAN) and shows its effectiveness in a case study
of solar energy forecasting. TCAN extracts temporal de-
pendence using the hierarchical convolutional structure of
TCNN and then employs sparse attention to concentrate on
critical time steps. Authors claimed that the TCAN beat
various state-of-the-art deep learning prediction models,
like TCNN, in terms of accuracy.)ey also conclude that the
TCAN needs less convolutional layers for an enlarged re-
ceptive field, and it is quicker to train [52].

A method for estimating extremely short-term solar
production relying on the LSTMwith the temporal attention
mechanism (TA-LSTM) was also suggested by Pan et al.
[53]. )e length of the time series was first determined using
partial autocorrelation, which was then used as an input to
the LSTM forecasting model. )e trials were carried out to
ensure that the proposed approach worked well. )e pre-
dictive solar production of each forecasting technique from 1
May 2016 to 10 May 2016 showed that the suggested strategy
was possible and successful [53].

Table 1: A summary of published articles that used deep sequential models in healthcare predictions.

Ref. Method Application Results obtained Metrics used Data unit

[40] MTS-LSTM Healthcare COVID-
19 prediction

Excellent spatial granularity superior
predicted performance many weeks ahead. RMSE Daily

[41] TEG-net Healthcare (heart
rate)

TEG-net exceeds the second-best baseline in
terms of area under the receiver operating
characteristic curve and area under the

precision-recall curve.

ROC-AUC, PR-AUC, F1-
score, precision, recall,

accuracy

Every
minute

[42] LSTM Healthcare It is possible to estimate vital signs with a
high degree of accuracy. Accuracy MAE >80% Hourly

[43] Stacked LSTM, LSTM
Healthcare
(forecasting
pandemic)

)e stacked LSTM models predicted more
reliably and generated good results. MAPE Daily

[44] M-LSTM
Healthcare
(forecasting
pandemic)

)e greatest result was discovered for
predicting the pandemic’s future trajectory

MAPE, RMSE, NRMSE,
and R2 are 0.51, 458.12,

0.0016, and 0.9
Daily

[45] LSTM
Healthcare

(Parkinson’s disease
diagnosis)

Adam-optimized LSTM networks are
capable of successfully learning gait

kinematic data and provide an average
accuracy

Accuracy improvement of
3.4%

Every 2
minutes

[46]
Stacked, bidirectional,
and convolutional

LSTM

Healthcare COVID-
19 prediction

Convolutional LSTM outperformed the
other two models

MAPE, accuracy,
precision, recall, F-

measure
Daily

[47] LSTM-GA Influenza outbreak
forecasting

)e experimental results show that the
hybrid model presented here outperforms
other well-developed machine learning

approaches

RMSE Weekly

[48] ANN Healthcare COVID-
19 prediction

)e developed ANN model for predicting
COVID-19 cases was found to be stable MAPE and RMSE Daily

[49] GRU COVID-19
prediction

GRU can achieve better convergence and
high performance with the simplest structure R2 Daily
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Dudek et al. of [54] developed an approach for deep
learning that was hybrid and hierarchical for predicting
midterm electricity request for 35 European countries. It was
then combined with exponential time smoothing (ETS) and
LSTM. )eir experiments on monthly electricity demand
time series demonstrated the proposed model’s superior
performance and competitiveness with both classical models
such as ARIMA and ETS and the latest machine learning
models [54].

On investigating the multi-step time series dataset,
several models of LSTM were analyzed by Ghanbari and
Borna [55]. )e research examined if a model could be
developed to forecast how much power a residence would
use over the following seven days. )e dataset they used
contains four years’ worth of data on residential power use.
)e intended prediction results were obtained with the
minimum errors possible when contrasted with current
state-of-the-art models [55].

Kumar Dubey et al. [56] used the LSTM model to
contribute to the establishment of accurate predictions and
forecasting for the energy unit supply. )e dataset in their
experiments was associated with energy consumption
measurements from 5,567 London households that partic-
ipated in the UK Power Network-led Low Carbon London
initiative during November 2011 to February 2014. )e
findings showed that energy usage had a significant positive
correlation with humidity and a strong negative correlation
with temperature, and the LSTM outperformed ARIMA and

SARIMA models with an average mean absolute error
(MAE) of 0.23.

Another work by Mustapa et al. [57] on energy con-
sumption was estimated by using multiple linear regression
(MLR) and nonlinear autoregressive with exogenous input
(NARX-ANN). )e NARX-ANN architecture was opti-
mized using the particle swarm optimization (PSO) tech-
nique, and the anticipated values were compared to the
actual values. It was shown that the NARX-ANN-PSO
model had a smaller error [57].

Dang et al. [58] proposed a technique for forecasting
next-day electricity prices to the 5-minute level using a
model integrated with eight components of ANN. )e
combined ANN model was then used to forecast electricity
or time-of-use (TOU) prices for the following day with a 5-
minute accuracy. )e authors concluded that the model’s
performance had a MAPE accuracy of roughly 13%, which
might be used as a benchmark for EV charging decision-
making [58]. Table 2 summarizes the abovementioned
studies that applied deep sequential models in energy
predictions.

Wei et al. [59] presented CFML (complementary en-
semble empirical mode decomposition (CEEMD)-fuzzy
time series (FTS)-multi-objective grey wolf optimizer
(MOGWO)-long short-term memory (LSTM)) as a novel
hybrid prediction system. Four wind speed datasets and two
electrical power load datasets were used for energy fore-
casting; the forecasting models CEEMD, FTS, andMOGWO

Table 2: A summary of published articles that used deep sequential models in energy predictions.

Ref. Method Application Results obtained Metrics used Data units

[50] ANN+ fuzzy
logic

Energy (electricity
demand) )e method was lowering the average. RMSE� 42% Hourly

[51] TCNN, LSTM, Energy (solar power) In terms of accuracy and capability to maintain a
longer effective history, TCNN beats other models. MAE Half-hourly

[52] TCNN, TCAN Energy (solar power)
In terms of accuracy, TCAN outperforms some
state-of-the-art deep learning prediction models,

such as TCNN.
MAE Half-hourly

[53] LSTM+TA Solar generation
(energy)

Employing partial autocorrelation to calculate the
input lag, the TA method improves performance

over regular LSTM.

RMSE� 0.25
MAE� 0.12 Daily

[54] ETS + LSTM Energy (electricity
demand)

Superior performance and competitiveness with
both classical models MAPE 5% Monthly

[55] LSTM Energy (electricity
consumption)

Prediction results were obtained with the least
degree of error. RMSE Every minute

[56] LSTM Energy LSTM outperformed ARIMA and SARIMA RMSLE, RMSE,
MASE, and MAPE Daily

[57] NARX-ANN-
PSO Energy )e model is capable of determining the

appropriate input and output lag terms.
MSE, RMSE,

MAPE Hourly

[58] Combined
ANN

Energy (electricity
price)

)e model’s performance may be utilized as a
baseline for making EV charging decision MAPE Hourly

[59] LSTM+ fuzzy
Energy (electricity
demand and wind

speed)

)e nonstationary and irregular characteristics are
effectively addressed by the CFML model. Under
the MAPEmetric, the model perfection wind speed
and electrical power load by an average of 49% and

70%, respectively.

MAPE -

[60] ISO-TS-RBF-
RFNN Power load forecasting )e model performs the best in terms of long-term

load forecasting accuracy. MAPE Monthly, daily,
weakly, hourly
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demonstrated the ability to carry the strength of each
component while electively improving the prediction per-
formance of the CFML predicting model on the basis of
stabilization and precision [59].

Another work by Wen et al. [60] proposed a novel
approach for predicting power load. In this approach, stages
of weather station were selected and predicted using the
Takagi–Sugeno (TS) fuzzy model, which is an upgraded self-
organizing radial basis function recurrent neural network
using the TS fuzzy model (ISO-TS-RBF-RFNN). )e sug-
gested ISOTS-RBF-RFNN model developed a technique for
determining the current firing strength of fuzzy modes by
using a new type of activation mechanism and robust-type
fuzzy rules to enhance the prediction model’s resilience. In
comparison with the other fivemodels (MLR, SVR, FIR, GA-
LSTM, and classic SO-TS-RBF-RFNN), the suggested model
outperforms in comparison with the other five models when
confronted with a variety of uncertainty about feature
components [60].

3.3. Environment and Pollution. Global climate change and
its associated consequences have created a great deal of
issues for farmers and land management. Not only does
climate change have a noteworthy influence on the re-
sources, environment, and socioeconomic situations of all
areas, but it also influences water resources, air quality,
agriculture, rural development, and health. )erefore, its
mitigation requires precise forecasting.

By combining the unique cooperation search algorithm
(CSA) into the ANN learning process, Feng and Niu [61]
presented a hybrid ANN model for river flow forecasting.
)e suggested model was evaluated using data of two real-
world hydrological sites in China. During both the training
and testing stages, the hybrid technique based on ANN and
CSA consistently exceeded the effectiveness of control
systems and improved predicting outcomes [61].

To forecast hourly PM2.5 (particles that have diameter
less than 2.5 micrometers) concentrations, a unique hybrid
forecasting model was constructed on the basis of complete
ensemble empirical mode decomposition with adaptive
noise (CEEMDAN) and deep temporal convolutional neural
network (deep-TCNN) was developed by Jiang et al. [62].
Using the PM2.5 concentrations in Beijing as a sample,
experimental results revealed that the proposed CEEM-
DAN-deep-TCNN model had the highest forecasting ac-
curacy when compared to classical time series models, ANN,
and the prevalent DL model [62].

With the purpose of improving forecasts for smart ag-
riculture production, the authors of [63] employed LSTM
model and compared it to back-propagation method. Ex-
perimental results based on the smart agriculture dataset,
which was sophisticated by the Electronic Systems Lab of
Gadjah Mada University, showed that the LSTM out-
performed back-propagation in terms of prediction accuracy
[63].

In another work by Belavadi et al. [64], the LSTM and
RNN models were presented as an approach that is scalable
for monitoring and collecting real-time data on air pollution

concentrations from diverse locations and for forecasting
future air pollutant concentrations. )e data were obtained
through a wireless sensor network that collects and transmits
pollutant concentrations to a server, with sensor nodes
distributed around Bengaluru, South India, and from the
Government of India’s real-time air quality data as part of its
Open Data project. )ey found that there is no such thing as
a “one-size-fits-all” strategy that will work in every envi-
ronment or circumstance [64].

Hamami and Dahlan [65] developed a construct LSTM
model for forecasting air pollution levels. )e model was
able to forecast five measures of air pollution, including
PM10, SO2, CO, O3, and NO2. )e findings indicated that
the LSTMmodel was efficient with a root mean square error
that equals 5.58 [65].

In order to improve the accuracy of water quality
forecasting, an LSTM-BP combination model technique was
presented by Jia and Zhou [66]. )is algorithm used both
LSTM and BP neural networks. A framework for time series
prediction was created using the water temperature data
from the No.6 large-scale integrated observation signal in
the Yangtze estuary as an example. )e proposed approach
was compared to the LSTM and the BP models, and it was
determined that the time series predicted by LSTM-BP were
more accurate [66].

Four ANN models were calibrated by Sharma et al. [67]
to evaluate the effect of different variables on river flow
prediction. When model 3 (without river flows) was com-
pared to model 4 (with river flows), the results were greatly
improved (with including lag 1 river flow as one of the
inputs). In terms of the performance metrics, it was con-
cluded that the developed ANN model 4 was more accurate
at modeling river flow, except for extremely high peaks,
resulting in solving highly complex nonlinear river flow
prediction problems [67].

)e hybrid models provided by Zhao et al. [68] to
forecast monthly streamflow data first improved complete
ensemble empirical mode decomposition with adaptive
noise (ICEEWT) and then used the GRU to learn the re-
lationship between historical and future streamflow series.
)e model was then used in conjunction with the improved
grey wolf optimizer (IGWO) to identify the approximate
parameter combination while balancing underfitting and
overfitting. For two stations, the proposed ICEEWT-IGWO-
GRU model outperformed the single GRU model average,
decreasing MAE and RMSE by 50% and 52%, respectively,
confirming its efficiency with a more reliable prediction [68].
Table 3 summarizes the abovementioned studies that applied
deep sequential models in environment and pollution
predictions.

3.4. Finance and Stocks. Stock market time series forecasting
is a concept used in quantitative finance. Finance prediction
is a traditional but difficult topic that has attracted the in-
terest of both economists and computer scientists. Re-
searchers are using machine deep sequential models for
predicting stock market. For example, three machine
learning methods were used by Zekić-Sušac et al. [69] to
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forecast the energy costs of public buildings, and an actual
dataset of general buildings of the Croatian public sector’s
localized database was developed. )e prediction models
were developed in two stages: the first stage involved a
comparison of the use of ANNs and two types of regression
trees, CART and random forest (RF); the second stage in-
volved the combination of RF-Boruta feature and machine
learning approach for forecasting. )e ANN and regression
tree topology were optimized using cross-validation ap-
proach. )e findings indicated that when Boruta and ma-
chine learning are combined, the highest precise forecasting
in terms of symmetric mean absolute percentage error
(sMAPE) is attained [69].

Ahmed et al. [70] suggested a strategy which incorpo-
rates the forex loss function (FLF) into an LSTM model
named FLFLSTM, which reduces the discrepancy among the
actual and forecast averages of forex candles. Data were used
from 10,078 four-hour candles for the EURUSD pair, and
they discovered that when compared to the standard LSTM
model, the suggested FLF-LSTM system showed a 10.96%
percent reduction in total mean absolute percentage error
(MAPE). Additionally, they stated that the predicting error
for high and low prices was lowered. )e research dem-
onstrated that by introducing domain expertise into the
methods of training machine learning models, substantial
improvements in forex price prediction were obtained [70].

In another work conducted by Dave et al. [71], Indo-
nesia’s future export forecasts with LSTM were applied to
the nonlinear component of the data. Autoregressive inte-
grated moving average (ARIMA) model was also applied to
the linear part, and the two most widely used time series
prediction algorithms (ARIMA and LSTM) were combined
to generate the best model. In comparison with the separate
models, the hybrid (LSTM-ARIMA) model produced the
lowest mean absolute percentage error (MAPE) and root
mean square error (RMSE) values [71].

In another work conducted by Hryhorkiv et al. [72] to
forecast time series of stock indices, they suggested a

sophisticated hybrid forecasting model based on a combi-
nation of ARIMA and ANN, which combines the benefits of
both approaches. Mean square error (MSE) calculations
demonstrated that the suggested algorithm produced more
accurate projections of the 500 stock indexes [72].

Livieris et al. [73] suggested a CNN-LSTM model for
accurate gold price and movement prediction. )e model
made use of convolutional layers’ ability to extract relevant
information and learns the internal representation of time
series data, as well as the LSTM layers’ efficacy in recognizing
short- and long-term relationships. )e initial experimental
study demonstrated that combining the LSTM with extra
convolutional layers might significantly improve predicting
ability [73].

Farahani and Hajiagha [74] proposed a framework for
forecasting stock price indices using an artificial neural
network (ANN) and training it using various novel meta-
heuristic algorithms including social spider optimization
(SSO) and the bat algorithm (BA). )ey selected features
using genetic algorithm (GA) like a heuristic technique. )e
standard artificial neural network was compared to a hybrid
metaheuristic-based ANN. In comparison with earlier ap-
proaches, SSO and BA had least errors, indicating that they
could better forecast stock prices. However, when error is
used as a metric of superior, the social spider algorithm
outperformed the others. )e ANNs outperformed ARIMA-
based time series models in predicting stock prices. )eir
experimental results demonstrated that the hybrid models
achieved a high degree of accurately explaining the model
[74].

A new intuitionistic fuzzy time series (IFTS) forecasting
method based on LSTM is proposed by Kocak et al. [75].)e
model named as DIFTS-LSTM is applied to the Giresun
temperature data and the Nikkei 225 stock exchange time
series forecasting. Experimental results of the proposed
model demonstrated better forecasting performance than
some alternative methods, namely, fundamental fuzzy time
series models and the classical models of time series [75].

Table 3: A summary of published articles that used deep sequential models in environment and pollution predictions.

Ref. Method Application Results obtained Metrics used Data unit

[61] Hybrid
ANN+CSA

Environment
pollution

)e model was consistently outperforming
control models. Error� 24.1% Monthly

[62]
Hybrid

CEEMDAN-deep-
TCNN

Environment
pollution

)emodel shown to perform the best compared
to time series models, ANN, and popular deep

learning models.
MAPE, RMSE, MAE Hourly

[63] LSTM Environment
pollution

LSTM outperformed back-propagation in terms
of prediction accuracy. RMSE� 0.08 Air pressure

parameters

[64] LSTM Environment
pollution

)ere is no “one-size-fits-all” approach that is
effective in any city under any circumstance. RMS� 30–40 ppm Hourly

[65] LSTM Environment
pollution

)e LSTM model’s root mean square error is
5.58

Average error was 5.58
by RMSE Monthly

[66] LSTM-BP Environment
pollution

)e time series predicted by LSTM-BP was
found to be more accurate

RMSE� 1.03.
MAE� 0.68
MAPE� 3.37

Daily

[67] ANN River flow )emodel significantly increases when the lag 1
river flow is included as an input. R2, MIA, RMSE, MNSE Daily and

monthly

[68] Hybrid ICEEWT-
IGWO-GRU Streamflow )e proposed model outperformed the single

GRU MAE, RMSE Monthly
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Table 4 summarizes the abovementioned studies that applied
deep sequential models in finance and stock predictions.

3.5. Weather Forecasting. Meteorological forecasting is the
process of predicting the condition of the atmosphere at a
particular area using a variety of weather characteristics.
Weather predictions are created by collecting data on the
status of the atmosphere at any given time.

Farmers often rely on further precise short- to medium-
range predicted from regional forecasting models with
greater accuracy. For this purpose, Hewage et al. [76] in-
vestigated current state-of-the-art models (TCN and LSTM),
with the goal of designing and testing a lightweight and
innovative weather forecasting systems. According to the
findings, the suggested model that uses TCN delivered su-
perior prediction than the LSTM and other conventional
machine learning techniques [76].

In another work, an ANN model was created by Yadav
and Malik [77] to forecast wind speed at 10, 20, 30 minutes,
and 1 hour ahead of time, in the mountainous region of
India. )ey proposed a graph to depict wind speed data that
have been averaged over a 10-minute period. )e study
concluded that their experiment can be used to track wind
power over the Internet [77].

)e application of ANN, a computational intelligence
approach, was proposed by Rahul et al. [78] as a significant
step forward in the creation of an intuitive framework ca-
pable of comprehending and predicting nonlinear weather
phenomena. )e suggested research focused on creating a
user-friendly framework that can accurately forecast the
weather with the least amount of mistake and a more ap-
propriate design [78].

In another study by Bou-Rabee et al. [79], a hybrid ANN
technique was suggested for wind power capacity and
electricity generation at coastal sites, based on wind-related
dependent variable’s properties. Data from three Kuwaiti
coastal sites were used to confirm the suggested approach.
For the computation of wind speed, the hybridmodel, whose
integrated ANN and particle swarm optimization (PSO),
forecasted wind direction one month ahead of time. Before

finding the best ANN architecture, the NN started by
assessing its output using a variable neuron in the hidden
layer. With RMSE and MSE, the hybrid ANN-PSO
framework outperformed marginal systems based on ANN
[79].

In another study on forecasting Indian summer mon-
soon rainfall (ISMR), Johny et al. [80] examined an adaptive
hybrid modeling framework called the adaptive ensemble
empirical mode decomposition-artificial neural network
(AEEMD-ANN) for forecasting ISMR. )e AEEMD-ANN
method performed reasonably well in capturing hydrologic
extremes when compared to the EEMD-ANN forecasting
model, with a high degree of precision when trying to
capture dry seasons [80].

Unnikrishnan and Jothiprakash [81] developed an in-
tegrated SSA-ARIMA-ANN model for daily rainfall fore-
casting. Singular spectrum analysis (SSA) was used to
preprocess the data before combining it with ARIMA and
ANN models. )e statistical performance of the proposed
model revealed that the hybrid SSA-ARIMA-ANN model
was capable of forecasting daily rainfall in the catchment
with a high degree of confidence [81].

Niu et al. [82] introduced a new sequence-to-sequence
model based on the attention-based gated recurrent unit
(AGRU) that significantly enhances the quality of wind
power forecasting (WPF) systems. AGRU model was
assessed using National Renewable Energy Laboratory
(NREL) data. )e model successfully handles the error
accumulation issue associated with a recursive approach.
)e authors concluded that the GRU model can be used
instead of the LSTM in multi-step-ahead WPF problems
because the GRU can predict the same results as the LSTM
while taking less time to compute [82]. Table 5 summarizes
the abovementioned studies that applied deep sequential
models in weather predictions.

3.6. Traffic Flow. Traffic flow forecasting is a critical activity
that predicts the amount of time required to flow the traffic
in advance. Numerous intriguing studies using deep
learning have been conducted in this field. For traffic flow

Table 4: A summary of published articles that used deep sequential models in finance and stock predictions.

Ref. Method Application Results obtained Metrics used Data units

[69] ANN Finance (energy
cost building) Used models showed an increase in accuracy. SMAPE� 22.35% Monthly

[70] FLFLSTM, LSTM Finance (forex
price)

Considerable improvements in forex price
forecasting are obtained. Four hours

[71] Hybrid
(ARIMA+LSTM) Finance )e model has the lowest error metric compared to

all models examined.
MAPE� 7.38%

RMSE� 1.66×1013 Monthly

[72] ARIMA_ANN Finance MSE calculations on the hybrid model
demonstrated high accuracy. MSE� 1.58 Yearly

[73] CNN-LSTM Gold price Combining LSTM with extra convolutional layers
has significantly improved predicting accuracy

MAE, RMSE, ACC,
AUC, SEN, SPE Daily

[74] ANN-metaheuristic Stock price Experiments reveal that hybrid models correctly
describe the model to a high degree. MSE Close-open

stock price

[75] DIFTS-LSTM Stock exchange
)e model has better forecasting performance.

IFTS forecastingmodels consider bothmembership
and nonmembership values in solving a time series

RMSE and MAE Daily
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forecasting at isolated sites, Lu et al. [83] developed a novel
LSTM network supplemented with temporal-aware con-
volutional context (TCC) blocks and a novel loss-switch
mechanism (LSM). Extensive trials on two widely used
benchmark traffic flow datasets from California’s metro-
politan regions demonstrated that the suggested approaches
are effective and reliable when compared to state-of-the-art
traffic flow forecasting methods [83].

To improve the accuracy of short-term traffic flow
forecasting, a model based on traffic flow time series analysis
was presented by Ma et al. [84], with an upgraded LSTM. To
begin, time series analysis was done on traffic flow data to
produce a reliable time series. )en, an enhanced LSTM
model was created using LSTM and bidirectional LSTM
networks. )e bidirectional long-term memory network
(BILSTM) was incorporated into the prediction model by
combining the benefits of sequential data and the long-term
reliance of forwarding and reversing LSTM. Finally, the
suggested method’s performance was assessed by comparing
anticipated results to real traffic data. With respect to pre-
cision and stability, the suggested strategy outperformed
both examined methods [84].

Wang et al. [85] analyzed the road section’s traffic flow
data and weather circumstances in details, and produced a
model for short-term traffic flow prediction based on the
attention mechanism and the 1DCNN-LSTM network. )e
proposed model combined the temporal expansion capa-
bilities of the CNN with the long-term memory benefits of
the LSTM. )e experimental findings indicated that the
1DCNN-LSTM-attention model’s prediction effect was su-
perior to that obtained without incorporating the weather
element. )e suggested model’s prediction effect indicated a
quicker convergence rate and greater forecast accuracy [85].

Bohan and Yun [86] proposed a model to predict traffic
flow data. A database was collected using GPS data from K5,
32, and 73 buses received from the Hohhot Bus Corporation.
)eir data were collected from 6 : 00 to 20 : 00 on weekdays
between May and October 2017. )ey chose a bidirectional

recurrent neural network (BRNN) model inside a recurrent
neural network (RNN) and compared it to the LSTM model
and a gated recurrent unit (GRU) model. )eir results
showed that BRNN outperforms the other two models in
terms of prediction accuracy and model performance [86].

George and Santra [87] proposed a new hybrid model
based on agglomerated hierarchical K-means (AHK) clus-
tering and fuzzy optimum long short-term memory
(FOLSTM) called AHK-FOLSTM. In the LSTM model, the
whale optimization algorithm (WOA) was used to better
manage the fuzzy rule parameters and calculated the best
weight value. Experimental results demonstrated that their
proposed method outperforms other state-of-the-art ap-
proaches on different evaluation metrics used [87]. Table 6
summarizes the abovementioned studies that applied deep
sequential models in traffic flow predictions.

3.7. Other Fields. Deep sequential models are applied in
different other fields for forecasting time series data. For
instance, a new hybrid method based on biased random key
genetic algorithms was suggested by Cicek and Ozturk [88]
to identify the optimal network design and parameter
combinations. )e BRKGA-NN method estimated the
number of hidden neurons, their bias values, and the weights
of ties among nodes. )e proposed BRKGA-NN model was
assessed on some of the most well-known time series
datasets.)e performance of the BRKGA-NNwas compared
against genetic algorithm-based ANNs, ANNs with back-
propagation, support vector regression, and autoregressive
integrated moving average. Forecasting findings indicated
that the BRKGA-NN algorithm delivered more accurate
predictions than the other approaches [88].

A deepmodel structure was created by Hong et al. [31] to
improve the prediction accuracy of the turbofan engine’s
remaining useful life (RUL). )e proposed model improved
performance by sequentially stacking one-dimensional
convolutional neural network (1D-CNN), LSTM, and

Table 5: A summary of published articles that used deep sequential models in weather predictions.

Ref. Method Application Results obtained Metrics used Data unit

[76] MINO-TCNN,
MISO-TCNN

Weather
forecasting

TCNN produced better forecasting. It can be applied as
an effective method localized climate forecasting tool. It

is executed on a stand-alone personal computer.
MSE Every 15

minutes

[77] ANN Weather )e error in guessing 10 minutes in advance is the
smallest statistically.

MSE, MAE,
RMSE, and ME

10, 20, 30
minutes and 1

hour

[78] ANN Weather System is capable of forecasting weather with a low
error rate and a more acceptable structure

MSE ranges from
0.9325 to 3.5321

Hourly and
daily

[79] Hybrid
ANN+PSO

Weather (wind
speed) )e model was quite accurate. MAPE (3–6%) Daily

[80] AEEMD-ANN Rain fall )e model was shown to be effective in capturing very
low SWM rainfall.

R, MAE, NRMSE,
IA Monthly

[81] SSA-ARIMA-
ANN Rain fall )e hybrid model was capable of forecasting the

catchment with a high degree of confidence.
R2, RMSE, MAE,

MPE, MNE Daily

[82] AGRU
Wind power
forecasting
(WPF)

)e AGRU model proposed provides competitive
capabilities in power system WPF. )e attention
method increases computing time every learning
epoch, and hyperparameter tuning takes time

NRMSE and
MAPE Every 5minutes
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bidirectional LSTM algorithms. Additionally, it integrated a
residual network and a dropout strategy to enhance the
proposed model’s learning ability and minimizes model
complexity via correlation analysis. When compared to
former studies, the outcomes indicated that the model
performed better at predicting RUL [31]. In another study by
Fu et al. [89], to predict RUL, they created a deep residual
LSTM featuring domain-invariance (DIDR-LSTM) to op-
timize RUL estimation’s prognostic efficacy among domains.
Experimental results showed that the DIDR-LSTM achieved
a superior cross-domain RUL prediction accuracy [89].

Chen et al. [90] provided a probabilistic forecasting
framework for multiple linked time series forecasting using
TCNN model. )e proposed approach was applied to es-
timate both parametric and nonparametric estimations of
probability density. In estimating both point and probabi-
listic forecasting, the framework outperformed existing
state-of-the-art approaches [90].

In another study by Pandey and Wang [91], a CNN
model with an encoder-decoder architecture was suggested
with an extra temporal convolutional module (TCM) placed
among the encoder and decoder for real-time domain voice
enhancement, termed TCNN. )e suggested model was
trained independently of speaker and noise. )e suggested
model consistently outperformed the state-of-the-art real-
time convolutional recurrent model in terms of enhanced
outcomes [91].

Another technique was developed by Golshani and
Ashtiani [92] to improve forecasting and decision-making
accuracy in comparison with the existing literature using
TCNN and RNN for cloud service workload prediction and
usage prediction. )e suggested approach’s decisions set up
a degree of compromise between the choice criteria. )e
order of preference by similarity to ideal solution technique
was used, which is one of the most well-knownmulti-criteria
decision-making procedures. It was offered as a technique
for deciding on scalability [92].

In the work of Smyl [93], the M4 forecasting competi-
tion’s winning entry model was proposed. )e proposed
model employed a dynamic computational graph neural

network architecture that provides a hybrid and hierarchical
forecasting technique by combining traditional exponential
smoothing with an LSTM model [93].

In the work of Li et al. [94], a unique multi-objective
speech enhancement algorithm called a stacked and tem-
poral convolutional neural network (STCNN) was devel-
oped. )e STCNN architecture outperformed other neural
networkmodels in terms of feature extraction and sequential
modeling. )e proposed STCNN also outperformed LSTM,
TCNN, and CRNN in all noise types [94].

Fan et al. [95] devised another novel hybrid model for
efficient and precise well production forecast, which is
critical for prolonging the life of a well and optimizing
reservoir recovery. )is approach combined ARIMA and
LSTM models. )ree well real production time series were
evaluated to compare the efficiency of the suggested models
ARIMA-LSTM-DP (daily production time series) and
ARIMA-LSTM with the LSTM, ARIMA, and LSTM-DP
models. In comparison with other models, the hybrid
ARIMA-LSTM-DEEP model outperformed and its results
were more reliable.

He et al. [96] used a SARIMA-CNN-LSTM model to
predict daily visitor demand, which is critical for the tourism
industry’s functioning in 6 countries, including China, Hong
Kong, Singapore, Korea, Philippine, and Taiwan. )e
SARIMA-CNN-LSTMmodel beats other models in terms of
prediction accuracy and was capable of extracting more
information from high-frequency data throughout the
forecasting process.

A novel fuzzy time series approach based on an ARMA-
type recurrent pi-sigma artificial neural network was pre-
sented by Kocak et al. [97], and particle swarm optimization
(PSO) was used to execute the optimization. )e experi-
mental results of using proposed model (FTS-ARMATPS-
ANN) with a recurrent structure based on both ARMA-type
and PSO algorithms revealed improvement in predicting
performance for numerous real-life time series [97].

To develop a novel forecasting model, Egrioglu et al. [98]
developed new fuzzy time series and intuitionistic fuzzy time
series definitions. )e data were fuzzified with an

Table 6: A summary of published articles that used deep sequential models in traffic flow predictions.

Ref. Method Application Results obtained Metrics used Data unit

[83] LSTM (TCC+LSM) Traffic flow Showed the efficacy and robustness of the
proposed methods MSE Every 5 and

10 minutes

[84]
Bidirectional LSTM,

LSTM, and
LSTM_BILSTM hybrid

Traffic (traffic
flow prediction)

)e suggested strategy outperformed both
examined methods for accuracy and stability

RMSE� 16.7,
MSE� 12.6, R2 � 0.86,

MAPE� 6.3

Every 5
minutes

[85] 1DCNN-LSTM Traffic flow
)e prediction impact of the proposed model
demonstrated a faster convergence rate and

increased forecast accuracy.
MAE, MSE, RMSE Daily

[86] BRNN, LSTM, GRU Traffic flow

)e BRNN model forecasted velocity at three,
six, and twelve time steps, BRNN the most
advanced option, and provides with the lowest

MAE and RMSE

MAE, RMSE Every 20
minutes

[87] AHK-FOLSTM Traffic speed
prediction

FOLSTM determines the exact traffic speed
from anomalous traffic data in order to

overcome nonlinear features.

MSE, MAPE, MAE,
and RMSE 5 minutes
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intuitionistic fuzzy c-means approach, and the fuzzy rela-
tions were created with pi-sigma ANNs, which were trained
with an artificial bee colony approach. )e temperature
dataset and stock exchange were used to predict future data
in the suggested technique. Among all the competitor
methods, the proposed method produced the best forecasts
for all test sets of investigated data [98]. Table 7 summarizes
the abovementioned studies that applied deep sequential
models in different applications.

4. Discussion

In this section, we will go over the reviewed articles, discuss
paper’s implementation settings, compare each model’s
application, and focus on the significant differences.

4.1. Models. We looked at 60 papers from the last three
years, in which most of them are from 2021, as shown in
Figure 4. )e models we reviewed in this study were LSTM,
ANN, and TCNN, with LSTM (26 articles) being the most
popular, followed by ANNs (15 articles) and TCNN (9 ar-
ticles), as illustrated in Figure 5. )e LSTM network offers
considerable benefits for processing long-term sequences,
which is why it is used in the majority of the examined
publications. )is is owing to its ability to independently

correlate information on the time axis, as well as its high
memory learning capacity [99].

Using the TCNN model, on the other hand, is un-
common because data storage during the assessment of the
TCNNs models must store the raw sequence up to the
duration of the effective history, which may necessitate

Table 7: A summary of published articles that used deep sequential models in different applications.

Ref. Method Application Results obtained Metrics used Data unit

[88] BRKGA-NN Computer science Generated more accurate predictions. A lot
of parameters. Bad running times.

MAE� 6.47
RMSE� 6.51
MAPE� 0.01

Various
public
datasets

[31] Bi-LSTM, LSTM
Forecasting the
turbofan engine’s

remaining service life

)e model performs better at predicting
RUL

RMSE, MSE, MAE,
MAPE Sensor data

[89] DIDR-LSTM RUL prediction DIDR-LSTM allows more precise cross-
domain RUL prediction RMSE Sensor data

[90] Deep-TCNN
Electricity, traffic, and
spare parts of cars

demand

)e framework outperformed existing state-
of-the-art approaches.

NRMSE, SMAPE,
MASE

Hourly and
monthly

[91] TCNN Speech enhancement Significantly outperforms existing real-time
systems in the frequency domain. STOI and PESQ scores Hourly

[92] TCNN Computer science It was suggested that a technique for
deciding on scalability be developed. MSE -

[93] Hybrid ES-LSTM M4 competition

)e ES retains key elements like seasonality.
)e prediction of forex price LSTM

networks allows for nonlinear trends and
cross-learning from various related series.

MAPE� 0.45–0.49 Monthly and
hourly

[94] STCNN Speech enhancement STCNN architecture outperformed
comparable neural network models - Hourly

[95] ARIMA-LSTM,
ARIMA-LSTM-DP Well production Hybrid ARIMA-LSTM-DEEP model is

more reliable.
RMSE, MAE, MAPE,

Sim Daily

[96] SARIMA-
CNN_LSTM Tourism demand SARIMA-CNN-LSTM model beats other

individual models. RMSE, MAPE Daily

[97] Pi-sigma ANN Computer science

)e FTS-ARMA TPS-ANN, which is based
on both ARMA and PSO algorithms,
considerably improves prediction

performance.

MAPE, RMSE Various time
series data

[98]
Pi-sigma

ANNs + fuzzy c-
means

Temperature and stock
exchange forecasting

)e best forecasts were generated by our
suggested technique for all test data of each

dataset
RMSE, MAE Daily

18%

52%

30%

TCNN
LSTM
ANN

Figure 4: Published papers by year.
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additional memory during the assessment. )is includes the
possibility of parameter modification in the event of a do-
main transfer, and different domains may have different
requirements for the amount of history required for pre-
diction. )us, TCNN may underperform when transferring
a model from a domain where just a limited amount of
memory is required (i.e., small filter sizes (k) and dilation
factors (d)) to a domain where considerably more memory is
required (i.e., much bigger k and d) [39].

It is also worth noticing that ANN models are not as
often used as LSTM models for sequential data prediction.
)is is due to the ANNs disadvantages, which depends on
how weight values are initialized, local minima, and over-
fitting problems, as well as the difficulty of generalizability
[100].

4.2. Implementation. Deep sequential (DS) models are
difficult to implement and require a high level of technical
understanding as well as a significant amount of time.
Several firms have focused their efforts on developing
frameworks for implementing, training, and using DS
models in order to make them more accessible. )e basic
purpose of DS frameworks is to provide an interface that
allows models to be implemented regardless of their
mathematical complexity [101]. )e most often utilized
frameworks in the literature are listed in Table 8. It refers to
ANN, TCNN, and LSTM models, demonstrating that Py-
thon and the Keras package are the most popular pro-
gramming languages for building deep learning models.
ANN was primarily implemented in MATLAB, whereas
TCNN was implemented in PyTorch. Only one paper used
the R programming language.

4.3. Application Comparison. An ultramodern study was
undertaken to demonstrate the problem’s importance,
categorizing deep learning research works by application
domain (such as finance and stocks, energy, healthcare,
weather, environment, traffic flow, and others), and the most

often utilized network architectures are LSTM, TCNN, and
ANN. )e LSTM was frequently used for sequential data in
most fields, as shown in Figure 6. For weather prediction, the
ANN model was preferred compared to other models, and
the same result was obtained by another survey prepared by
Jaseena and Kovoor [102]. According to the publications we
evaluated, the ANN models were not used to predict traffic
or healthcare, and the TCNN models were not used for
weather forecasting. We could not come up with any points
that proved the differences in other fields.

4.4. Optimization Methods. Deep learning models require
optimization method as a fundamental component. We
believe that optimization for neural networks is an im-
portant topic for theoretical study because, despite its
nonconvexity, it is tractable and can considerably improve
our understanding of tractable problems. Furthermore,
traditional optimization theory is insufficient to account for
a wide range of events [103]. Table 9 shows several opti-
mization approaches based on deep sequential models that
have been examined, with Adam and stochastic gradient
descent being the most commonly utilized optimizers
(SGD). We may conclude from this review that a variety of
optimization algorithms are used, including Adam, SGD,
global optimizer, cooperation search algorithm (CSA), PSO,
cross-entropy, BRKGA, and NADAM. )e Adam optimizer
was employed in practically all deep sequential models, most
notably in LSTM, then TCNN, and only infrequently in
ANN. In LSTMmodel optimization, the SGD optimizer was
utilized, and an ANN was optimized using several types of
optimizers.

)e Adam optimizer has a number of advantages over
other optimizers that make it more useful. )e magnitudes
of parameter updates are invariant to gradient rescaling, its
step sizes are roughly bound by the step size hyperparameter,
it does not require a stationary objective, it works with
limited gradients, and it generally conducts a type of step size
annealing. After that, SGD established itself as an effective
and dependable optimization strategy that was crucial in the
success of various machine learning initiatives [104]. We
noticed that Adam proved to be dependable and well suited
to a wide range of nonconvex optimization problems in deep
learning models.

4.5. Activation Function. )e activation functions are the
fundamental decision-making units of any neural network.
)ey also assess the output of the network’s neural nodes,
making them critical for the network’s overall performance.
As a result, while computing neural networks, it is critical to
select the most appropriate activation function [105].

)e frequently utilized activation functions in the
reviewed studies are ReLU, sigmoid, Tanh, scaled expo-
nential linear unit (SeLU), and Softmax. ReLU is the most
commonly used function, as shown in Table 10, especially in
LSTM and TCNN models. )is could be due to the fact that
it is the most widely used function for hidden layers. Lee
[106] found that ReLU6 (a subtype of ReLU) outperforms
other activation functions [106]. Additionally, the sigmoid

15%

38%

47%

2019
2020
2021

Figure 5: Number of articles based on model.
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was commonly employed in ANN models. )is is due to the
fact that it is not zero-centered, and it is known to be prone
to the vanishing gradient function and zigzagging during
training [105]. Because each activation function is unique,
we cannot readily state which one is the best; the only option
we can do is pick an activation function that is appropriate
for our purposed network structure [107].

4.6. Model Evaluation. In this work, three prominent deep
sequential models (ANN, LSTM, and TCNN) were inves-
tigated along with other hybrid models that outperformed

standard models in forecasting accuracy. At least two deep
learning algorithms are combined in hybrid models. )ese
models are more resilient because they often increase
forecast accuracy by enhancing the benefits of the particular
methods applied [100]. )e widely used architectures are the
hybrid of LSTM models in energy applications, followed by
the LSTM model, as found in the results of Alkhayat and
Mehmood [108]. When compared to the LSTM model, the
TCNN model produced highly accurate predictions when
used to forecast solar power [51]. One of the initial pre-
processing steps necessary in the context of deep learning is
splitting the dataset into training and testing data. )e
evaluation of model performance is made possible by the
creation of different training and testing samples. Instead of

Finance and
costs

Energy Traffic Healthcare Weather Environment Others fields

ANN
TCNN
LSTM

0

2

4

6

8

Figure 6: Application according to models used.

Table 9: Optimization method used in each model in the reviewed
articles.

Optimization
Number of articles that used
model-based optimization

ANN LSTM TCNN
Adam 1 14 5
SGD 1 6 1
CSA 1 0 0
Global optimizer 1 0 0
BRKGA 1 0 0
PSO 3 0 0
NADAM 0 1 0
Cross-entropy loss function 0 0 1

Table 8: Implementation framework for the reviewed papers.

Models Language Framework References

ANN Python — [88]
MATLAB — [48, 57, 58, 67, 74, 78–80, 97, 98]

TCNN Python PyTorch [41, 51, 52, 90, 92]
Python Keras [76]

LSTM

Python Keras [40, 42–47, 56, 70, 73, 84, 85]
C++, DyNet — [93]
MATLAB — [54, 75]
Python — [53, 55, 64, 66, 71]
Python PyTorch [89]

R — [54]

Table 10: Activation function used in each model in the reviewed
articles.

Activation Function
)e number of articles that used

model based on activation function
ANN LSTM TCNN

ReLU 1 9 6
Sigmoid 6 1 1
Tanh 0 8 1
Softmax 0 2 0
SeLU 0 1 0
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segmenting data into training-testing set, best practices
advocated segmenting data into training, validation, and
testing sets. By splitting dataset, we can assess the model’s
generalization performance while also determining the
model’s hyperparameters. )e validation set is used to test
the model, whereas the training set is used to fit it [109].
Almost all of the evaluated articles in this review study have
used a significant portion of the data for training. About ten
studies, for example, used more than 80% of their data for
training and the rest for testing. Validation data, on the other
hand, are only employed in a few of the studies reviewed.

Evaluation metrics are used to assess and compare
performance models [110, 111]. )ere are four sorts of
evaluation measures for sequential models in general:
classification metrics, regression metrics, profit analysis, and
significance analysis [112]. Only one publication utilized a
classification measure, while the others used regression
measures, suggesting that these metrics are more efficient
than others.

5. Conclusion

Deep sequential models are frequently employed in a variety
of real-world applications for forecasting time series data. In
this review paper, three deep sequential models for time
series data forecasting were extensively investigated in 60
research projects over the last three years. )is study pro-
vided an in-depth examination of the most effective and
widely utilized deep sequential models for forecasting. We
offered a comprehensive overview and comparison of cur-
rent state-of-the-art deep sequential models. )e LSTM
model was the most widely utilized in a number of indus-
tries, including healthcare, financial, weather, energy, en-
vironment, and other disciplines. Hybrid models, on the
other hand, were able to forecast extremely well. Further-
more, the use of time series forecasting methods like TCNN
and LSTM in conjunction with optimization techniques like
Adam worked quite well. Python and the Keras package
were the most commonly used programming languages for
the implementation of deep sequential models for real-world
problems. )e ReLU activation function was employed in
the majority of the publications we looked at, but we could
not say which one was the best. In addition, we explored a
variety of topics, including common deep model applica-
tions, in-depth feature discussions, and substantial research
gaps, before offering several possible future research path-
ways in this subject. We believe that this review article will
benefit researchers from a variety of fields and will serve as a
guideline for using time series data in deep learning-based
applications.
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Sharma, and K. Kanhaiya, “Study and analysis of SARIMA
and LSTM in forecasting time series data,” Sustainable
Energy Technologies and Assessments, vol. 47, Article ID
101474, 2021.

[57] R. F. Mustapa, N. Y. Dahlan, I. M. Yassin, A. HamizahMohd
Nordin, M. E. Mahadan, and S. Mohamad, “Particle swarm
optimization for NARX-ANN baseline energy modelling in
educational buildings,” in Proceedings of the 2019 IEEE In-
ternational Conference on Automatic Control and Intelligent
Systems (I2CACIS), pp. 19–24, Selangor, Malaysia, June 2019.

[58] Q. Dang, D. Wu, and B. Boulet, “EV charging management
with ANN-based electricity price forecasting,” in Proceedings
of the 2020 IEEE Transportation Electrification Conference &
Expo (ITEC), pp. 626–630, Chicago, IL, USA, June 2020.

[59] D. Wei, J. Wang, K. Ni, and G. Tang, “Research and ap-
plication of a novel hybrid model based on a deep neural
network combined with fuzzy time series for energy fore-
casting,” Energies, vol. 12, no. 18, p. 3588, 2019.

[60] Z. Wen, L. Xie, Q. Fan, and H. Feng, “Long term electric load
forecasting based on TS-type recurrent fuzzy neural network
model,” Electric Power Systems Research, vol. 179, Article ID
106106, 2020.

[61] Z.-K. Feng and W.-J. Niu, “Hybrid artificial neural network
and cooperation search algorithm for nonlinear river flow
time series forecasting in humid and semi-humid regions,”
Knowledge-Based Systems, vol. 211, Article ID 106580, 2021.

[62] F. Jiang, C. Zhang, S. Sun, and J. Sun, “A novel hybrid
framework for hourly PM2.5 concentration forecasting using
CEEMDAN and deep temporal convolutional neural net-
work,” 2020, https://arxiv.org/abs/2012.03781.

[63] P. S. Budi Cahyo Suryo, I. WayanMustika, O.Wahyunggoro,
and H. S. Wasisto, “Improved time series prediction using
LSTM neural network for smart agriculture application,” in
Proceedings of the 2019 5th International Conference on
Science and Technology (ICST), pp. 1–4, Yogyakarta, Indo-
nesia, July 2019.

[64] S. V. Belavadi, S. Rajagopal, R. Ranjani, and R. Mohan, “Air
quality forecasting using LSTM RNN and wireless sensor
networks,” Procedia Computer Science, vol. 170, pp. 241–248,
2020.

[65] F. Hamami and I. A. Dahlan, “Univariate time series data
forecasting of air pollution using LSTM neural network,” in
Proceedings of the 2020 International Conference on Ad-
vancement in Data Science, E-learning and Information

Systems (ICADEIS), pp. 1–5, Lombok, Indonesia, October
2020.

[66] H. Jia and X. Zhou, “Water quality prediction method based
on LSTM-BP,” in Proceedings of the 2020 12th International
Conference on Intelligent Human-Machine Systems and
Cybernetics (IHMSC), pp. 27–30, Hangzhou, China, 2020.

[67] P. Sharma, S. Singh, and S. D. Sharma, “Artificial neural
network approach for hydrologic river flow time series
forecasting,” Agricultural Research, 2021.

[68] X. Zhao, H. Lv, S. Lv, Y. Sang, Y. Wei, and X. Zhu, “En-
hancing robustness of monthly streamflow forecasting
model using gated recurrent unit based on improved grey
wolf optimizer,” Journal of Hydrology, vol. 601, Article ID
126607, 2021.
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