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ABSTRACT The widespread adoption of Internet-of-Things (IoT) devices has resulted in a comprehensive
transformation of human life. However, the network security challenges posed by the IoT devices have
become increasingly severe, necessitating the implementation of effective security mechanisms. Network
security situational awareness enables an effective network state prediction for better formulation of network
security defense strategies. Existing network security situational predictionmethods are typically constrained
by situational sequence data, especially those sequences with a high degree of non-stationarity, leading
to unstable predictions and low performance. Moreover, in real-world application scenarios, the network
security situational sequences are often highly non-stationary. To address these challenges, we introduce
a novel hybrid prediction model named Variational Mode Decomposition (VMD) - Dynamic Whale
Optimization Algorithm (DWOA) - Bidirectional Gated Recurrent Unit (BiGRU) - Attention Mechanism
(ATTN). The proposed model integrates VMD, BiGRU, ATTN, and DWOA. Initially, network security
situational awareness sequences are processed using VMD to decompose them into a series of subsequences,
thus reducing the non-stationarity of the original sequences. Subsequently, an enhanced DWOAoptimization
algorithm is introduced for tuning the hyperparameters of the BiGRU-ATTN network. Ultimately, BiGRU-
ATTN is employed to predict each of these subsequences, which are then aggregated to yield the final
network security situational prediction value. When compared with several existing methods on public net-
work security datasets, the proposed VMD-DWOA-BiGRU-ATTN method demonstrated an improvement
in the R^2 values ranging from 6.34% to 52.61%. These results substantiate that the model significantly
enhances predictive performance.

INDEX TERMS Attention mechanism, bi-directional gated recurrent unit, dynamic whale optimization
algorithm, network security situation prediction, variational mode decomposition.

I. INTRODUCTION
A. BACKGROUND
The Internet-of-Things (IoT) network is an interconnected
framework that amalgamates physical entities, including
sensors, the internet, and electronic devices, using a soft-
ware to facilitate seamless data collection and exchange.
Although the IoT paradigm promises substantial advantages
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and conveniences [1], it concurrently poses formidable secu-
rity challenges. Intruders can exploit vulnerabilities arising
from weak passwords, software flaws, or default config-
urations to control the IoT devices. Moreover, they can
engender service unavailability by inundating IoT devices
or network resources by transmitting voluminous requests
or malicious codes. In practical scenarios, adversaries can
manipulate the operating parameters of cardiac pacemakers,
resulting in fatal consequences for patients. Similarly, they
can remotely manipulate the braking system of automobiles
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and surreptitiously alter instructions, thereby precipitating
accidents. They may also contrive ransomware to unlawfully
amass profits. The adversities imposed by attacks on the IoT
extend beyond substantial economic losses, encompassing
potential threats to user safety and well-being. Consequently,
ensuring the security of interconnected devices and data has
emerged as a critical concern for individuals, organizations,
and society. Although existing defensive measures include
lateral isolation systems, vertical encryption authentication
systems, firewalls, antivirus systems, intrusion detection, and
protection systems [2], these technologies offer a passive
defense. They cannot accurately discern the current security
status of the IoT environment or actively defend against
potential threats within the network. In pursuit of network
security enhancement, researchers have proposed the net-
work security situational awareness concept. In network
security, situational awareness represents an emerging task
of monitoring, analyzing, and predicting security threats and
malicious activities within the network.

The cybersecurity landscape is characterized by high
volatility, making it challenging to predict the cybersecurity
situation [3]. This instability is often caused by emerging
threats, evolving attack methods, and an increasingly com-
plex network environment [4], [5]. All of these not only
affect the reliable operation of network systems, increasing
the risks faced by enterprises and individuals, but they may
also lead to data breaches, financial losses, and even legal lia-
bilities [6], [7]. It’s crucial to note that cybersecurity incidents
can significantly increase the operational costs of network
systems [6]. On one hand, enterprises need to invest more
resources in security measures, such as purchasing advanced
security equipment and software or hiring specialized cyber-
security teams. On the other hand, once an attack occurs, the
subsequent efforts for data recovery, system reconstruction,
and legal consultation will also consume substantial financial
and human resources. Therefore, accurate prediction of the
cybersecurity landscape is particularly important. This not
only enhances the reliable operation of network systems and
reduces operational costs but also helps enterprises and indi-
viduals deploy targeted security measures more effectively,
minimizing unnecessary losses [8].

B. RELATED WORKS
The importance of NSSA (Network Security Situation
Awareness) is steadily rising, primarily because it allows for
the assessment of the overall health and safety of the network
environment. This not only includes evaluating the effective-
ness of existing security measures but also involves real-time
identification and tracking of abnormal behaviors and poten-
tial issues within the network, enabling timely adjustments
and responses [9], such as the online cyber attack situational
awareness method for power grid systems [10]. As a crucial
component within the NSSA framework, network security
situation prediction has become a focal point of research. The
main goal of the research is to more accurately identify signs
of network attacks in advance and take preventative measures

promptly. This not only helps in early detection and mitiga-
tion or prevention of potential attacks but also significantly
improves the accuracy and operational efficiency of Intrusion
Detection Systems [11], [12]. Notably, our focus is not lim-
ited to predicting and preventing specific types of network
attacks. More broadly, we are concerned with comprehen-
sively analyzing the network environment, including but not
limited to hardware security, software vulnerabilities, data
integrity, and user behavior. By understanding the network’s
operational status from multiple angles, we can better grasp
its security situation, allowing for more comprehensive and
accurate predictions, thus enhancing the overall security and
reliability of the entire network system.

Prediction operates on a temporal scale, so network secu-
rity situation prediction is essentially about using historical
sequences of network security situations for time series fore-
casting [13]. In the field of natural sciences, a time series is a
set of variables or measured data points arranged in chrono-
logical order, recorded at specific time intervals. By applying
time seriesmodels, we canmathematically reveal the inherent
laws or trends governing the development of phenomena.
These models are based on the interrelationships of data at
different times and aim to explore their patterns of change.
Utilizing historical observational data, these models can
effectively make predictions and inferences [14]. Therefore,
knowing only the historical data of network security posture
allows us to build a time-series model to estimate future
network security conditions.

Twomethodological approaches are predominantly used to
predict network security situations. These are mathematical
statistical and machine learning methods.

Mathematical statistical methods comprehensively con-
sider the factors that may affect the network security. This is
followed by mapping these various factors into the space of
network security situations using mathematical expressions.
Mathematical methods commonly include the analytic hier-
archy process (AHP) and the time series analysis. Li et al.
used the time series analysis to predict the time series by
organizing data into a time series [15], analyzing the inherent
data change patterns over time, and subsequently applying
these patterns to the next unobserved time series to fore-
cast future data. Wang and Hu used the time series analysis
algorithm to predict the network security situation [16], [17].
They analyzed numerous historical situation values derived
from a situation assessment algorithm over a period of time
to predict future network security situations. The time series
analysis is a widely used mathematical statistical method
with classic algorithms, such as the autoregressive model and
the autoregressive integrated moving average model. How-
ever, these methods have stringent input data requirements,
thereby necessitating a high degree of input sequence stabil-
ity, and may not guarantee a high prediction accuracy in most
scenarios. The stationarity of sequence data has an impact
on predictive performance [18], [19]. Generally speaking,
the more stationary the sequence, the better the predictive
performance.
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To address the challenges posed by the non-stationarity of
sequences, some sequence prediction models employ signal
decomposition algorithms to handle the sequences, including
Wavelet Transform (WT), Empirical Mode Decomposition
(EMD), Ensemble Empirical Mode Decomposition (EEMD),
and Complementary Ensemble Empirical Mode Decompo-
sition (CEEMD). Liu and his team [20] found that relying
solely on a single model is often insufficient for accurately
predicting time series with high volatility and autocorrelation.
As a result, they used a combination of WT, Genetic Algo-
rithms (GA), and Support Vector Machines (SVM) to create
a hybrid prediction model. Through WT, they decomposed
the original data sequence into multiple sub-signals, and then
used GA to optimize the parameters of SVM, achieving
quite satisfactory prediction results. Compared to WT, the
EMD method can decompose a complex dataset into mul-
tiple sub-sequences of varying levels of complexity. Liu et
al. [21] used an EMD-ANN hybrid model for wind speed
prediction. They utilized EMD to remove noise from wind
signals. Experimental results of the model demonstrated the
robustness of EMD-ANN in predicting highly volatile wind
signals. Yang and Wang [22] established a prediction model
based on CEEMD. The experimental results of the model
confirmed the effectiveness of CEEMD in improving predic-
tion performance. Although EMD and some of its modified
versions still suffer from mode mixing issues, Variational
Mode Decomposition (VMD) can effectively resolve this
problem. By iteratively finding the optimal solution, VMD
can precisely identify the center frequency and bandwidth
of each component in each round of decomposition, thus
avoiding the two major shortcomings of the EMD method:
end-point effects and mode mixing [23]. Abdoos [23] con-
structed a hybrid predictionmodel based onVMD. Themodel
uses VMD to reduce data noise, employs GSO (Gravitational
Search Optimization) for feature selection to eliminate data
redundancy, and uses ELM (Extreme Learning Machine)
as the prediction model. Experimental results on different
sequence data indicated that this model has high predictive
performance.

Machine learning techniques have demonstrated their effi-
cacy in predicting the network security situation, gaining
extensive utilization within this domain. The fundamental
process for using machine learning methods to predict net-
work security situations involves the usage of historical
network data and related security events for model train-
ing and the input of real-time network data into the trained
model to predict future network security trends. The machine
learning methods commonly used to predict network security
situations include support vector machines, random forests,
clustering algorithms, and neural networks. Hu et al. com-
bined MapReduce and SVM to predict the online security
status. Their experimental analysis revealed that this method
was more accurate and efficient than traditional methods in
predicting the online security status [17]. Zhang et al. used the
bootstrap method to train multiple SVMs and employed the
negative correlation learning theory to increase the diversity

between SVMs [24]. They then optimized the SVM using
GeesePSO to relatively accurately predict network security
situations.

With their rapid evolution, machine learning methods have
emerged as one of the most effective techniques for time
series prediction. Deep learning methods in machine learning
have gainedwidespread adoption in various fields. A growing
number of scholars have begun employing them in the realm
of forecasting network security situations.

Deep learning models are better at predicting network
security situations than traditional machine learning models
[25], [26], [27]. One reason for this is that these models can
infer intricate patterns from data, which traditional models
cannot [28], [29], [30]. In addition, deep learning models
employ end-to-end learning, consequently reducing the influ-
ence of human intervention during the calculation process
because researchers only should provide raw data. Zhang et
al. used a decision tree algorithm and long short-term mem-
ory (LSTM) to predict network security situations, yielding
realistic predictions [31]. Shang et al. proposed a prediction
method for network security situations based on the LSTM
and XGBoost, which enhanced prediction accuracy [32]. Zhu
et al. addressed the inefficiency of traditional neural net-
works by optimizing the LSTM using an improved Nadam
algorithm, which resulted in increased training speed and
prediction accuracy [33]. Yao et al. proposed a temporal
convolutional network (TCN) and bidirectional (BILSTM)
combination model to predict network security situations
[34]. The TCN was used to extract the time series fea-
tures. The BILSTM was then implemented for the situation
prediction, which resulted in more precise and stable pre-
dictions. Zhao et al. proposed a novel prediction model to
mitigate the impact of data noise on the prediction per-
formance [35]. Empirical mode decomposition (EMD) was
employed to denoise the data before using the LSTM to pre-
dict future situation values. The trained model significantly
enhanced the prediction performance. Yin et al. used a TCN
and a transformer combination model to predict network
security situations [25]. The TCN was applied to extract
short-term features from the sequence. This was followed
by the implementation of the transformer for capturing long-
term correlations, which effectively improved the prediction
accuracy. RNN (Recurrent Neural Network) has been widely
applied to sequence prediction models. A new improved
RNN network—GRU (Gated Recurrent Unit)—has demon-
strated strong nonlinear fitting capabilities in the field of
prediction [36]. Moreover, the GRU network has a simpler
structure and faster operation speed compared to the LSTM
model. Zhu and colleagues used a VMD-BiGRU model to
forecast rubber futures time series and found that BiGRU,
a bidirectional neural network, has significant advantages
in terms of fitting performance and trend prediction [37].
Zhao and others designed an attention-based Long Short-
Term Network for cybersecurity situation prediction, using
the attention mechanism to optimize the prediction model
and improve its accuracy. Experimental results proved that
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this method has significantly higher prediction accuracy [38].
Kong and colleagues proposed a sequence prediction model
based on EMD decomposition and optimized through the
attention mechanism for GRU. Since GRU treats input vari-
ables equally but different variables have different impacts on
the outcome, the attention mechanism is used to compensate
for this limitation in GRU, payingmore attention to important
features and further improving prediction accuracy [39]. The
relationship between the performance of neural networks and
the settings of hyperparameters is very close. They have a
significant impact on the model’s learning ability, speed, and
performance [40].

To address the issue of finding the optimal combina-
tion of hyperparameters, an increasing number of sequence
prediction models are starting to apply swarm intelligence
optimization algorithms to search for the best set of hyper-
parameters. Li and others proposed a long-time series
prediction model that uses PSO (Particle Swarm Optimiza-
tion) to optimize the hyperparameters of Informer, thereby
improving the accuracy of predictions. Experimental results
show that the predictive performance of Informer, when
enhanced with optimization algorithms, outperforms that of
a standalone Informer [41]. In recent years, with the devel-
opment of swarm intelligence optimization algorithms, many
algorithms with excellent optimization performance have
emerged. Among them, WOA has outstanding optimization
capabilities. Its strong local and global search abilities have
led many researchers to apply it in their respective fields
[42], [43], [44], [45], [46], [47]. With the rapid development
of neural networks, WOA has also been used to optimize
neural network parameters [48], [49]. In the prediction field,
WOA has also found many applications. Peng and others
proposed the HWOA-ELM model for load prediction, uti-
lizing HWOA to optimize the parameters of ELM (Extreme
LearningMachine). The predictive results show that the ELM
model optimized with HWOA has superior predictive perfor-
mance [50].

C. MOTIVATION AND CONTRIBUTION
Herein, we suggest a new integrated prediction model that
uses variational mode decomposition (VMD) and a dynamic
whale optimization algorithm (DWOA) optimization tech-
nique for the bidirectional gated recurrent unit-attention
(BiGRU–ATTN) neural network to improve the prediction
precision. The model employs multi features data as the basis
and decomposes the network security situation data sequence
into subsequences through VMD, thereby effectively remov-
ing noise from the original data. The BiGRU model is then
used for the prediction, capturing correlations in the situa-
tion sequence. The attention mechanism dynamically assigns
different weights to input data to highlight the most impor-
tant parts of the sequence, thereby improving the prediction
accuracy of the GRU model. Subsequently, the DWOA
algorithm is employed to optimize the network’s hyperpa-
rameters and improve the model’s prediction performance.

The experimental results illustrate the superior performance
of the proposed model over commonly used prediction mod-
els, substantiating its efficacy. The proposed model also
produces a prediction curve that fits the true value curve of
the network security situation well and performs better than
several existing prediction models.

The study contributions are as follows:
The role of the VMD decomposition algorithm in network

security situation prediction is explored. To the best of our
knowledge, this is the first application of the VMD decom-
position algorithm in network security situation prediction.
The results indicate that, in cases where the network secu-
rity situation sequence exhibits a high nonstationarity and is
difficult to accurately predict, VMD decomposes the original
sequence into multiple subsequences, effectively improving
the sequence stationarity and significantly enhancing the pre-
diction accuracy.

A new optimization algorithm, called the DWOA, is pro-
posed. The DWOA is an improved version of the original
whale optimization algorithm that incorporates three opti-
mization strategies. Compared to traditional optimization
algorithms, the DWOA exhibits a higher optimization accu-
racy, a faster convergence speed, and most importantly,
an excellent ability to escape the local optima.

A novel network security situation predictionmodel, called
VMD–DWOA–BiGRU–ATTN, is proposed. This model
combines VMD, DWOA, and a BiGRU model with a
self-attention mechanism to effectively improve the network
security situation prediction performance.

Compared to other prediction models, this model exhibits
smaller errors and a higher fitting degree between the pre-
dicted and true network security situation curves, suggesting
that it outperforms others in terms of the network security
situation prediction performance.

D. ORGANIZATION
The remainder of this paper is structured as follows: Section II
provides an overview of the relevant models and VMD
algorithm; Section III presents the proposed whale optimiza-
tion algorithm based on the opposite learning and differential
evolution strategy and collaborative improvement of nonlin-
ear convergence factors; Section IV discusses in detail the
VMD–BiGRU–ATTN network security situation prediction
model based on the DWOA; Part V elaborates on the sim-
ulation experiments conducted on the DWOA and proposed
model and analyzes the experimental results; and Section VI
summarizes the work performed herein, alongwith a perspec-
tive on future research.

II. CORRELATION MODEL AND DECOMPOSITION
ALGORITHM
A. VARIATIONAL MODE DECOMPOSITION
VMD is an adaptive and nonrecursive signal-processing
technique that allows the estimation of the number of
mode decompositions for a given sequence based on the
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prevailing conditions [51]. In the subsequent search and
solving process, it can match the best center frequency
and limited bandwidth of each mode, thereby realizing an
effective separation of the intrinsic mode components and
frequency domain partitioning. Compared to empirical mode
and wavelet decomposition, VMD exhibits a superior perfor-
mance in restoring the original signal and possesses greater
noise robustness. This method enables signal decomposition
into K different frequency bands and relatively stationary
subsignals, as required. The central idea of the algorithm is to
establish an optimal solution to the variational problem with
the following specific steps:

First, a variational problem is formulated with the assump-
tion that the original signal S is decomposed into K com-
ponents µ, guaranteeing that the decomposition sequence
comprises mode components with finite bandwidth and cen-
ter frequency. The goal is to keep the sum of all estimated
bandwidths equal to the original signal while minimizing
the sum of the estimated bandwidths for each mode. This
is accomplished by constructing a constrained variational
expression, as (1) depicts below:

min
{uk },{ωk }

{∑K

k=1

∥∥∥∥∂t [(δ (t)+
j

π t

)
· uk (t)

]
e−jωk

t
∥∥∥∥2
2

}
s.t.

∑K

k=1
uk = S

(1)

where uk represents the kth mode component; ωk represents
the frequency center of the kth mode component; and δ(t)
represents the Dirac distribution.

Next, the constrained variational expression is solved by
incorporating a penalty parameter α and a Lagrange multi-
plier operator λ. This transformation converts the constrained
variational problem into an unconstrained one, resulting in an
augmented Lagrange expression (2):

L [{uk (t)} , {ωk} , λ (t)]

= α
∑

k=1

∥∥∥∥∂t [(δ (t)+
j

π t

)
· ut (t)

]
e−jωk t

∥∥∥∥2
2

+

∥∥∥∥S (t)−
∑K

k=1
uk (t)

∥∥∥∥2
2
+

〈
λ (t) , S (t)−

∑K

k=1
uk (t)

〉
(2)

Parameters u1, ω2, λ1, and n are initialized to obtain the
optimal solution. n is set to an initial value of 0. A loop
process is then established, where n is incremented by 1. The
u1, ω2, and λ1 values are updated as follows:

ûn+1k (ω) =
f̂ (ω)−

∑
i̸=k ûi (ω)+ λ̂ (ω) /2

1+ 2α (ω − ωk)
2 (3)

ωn+1
k =

∫
∞

0 ω
∣∣ûk (ω)

∣∣2∫
∞

0

∣∣ûk (ω)
∣∣2 (4)

λ̂n+1 (ω) = λ̂n (ω)+ τ

(
f̂ (ω)−

∑K

k=1
ûn+1k (ω)

)
(5)

FIGURE 1. GRU structure.

B. GRU
The GRU network is a type of recurrent neural network
(RNN) and an LSTM variant employed for processing the
time series data and natural language processing tasks [52].
Compared to the standard RNN, the GRU network exhibits
stronger modeling capabilities and a higher efficiency. It reg-
ulates the flow of the input, output, and hidden states through
gate mechanisms to better capture the long-term sequence
dependencies. The GRU structure is simpler than the LSTM
structure, facilitating its implementation. FIGURE 1 illus-
trates the detailed architecture of the GRU.

The input-output architecture of the GRU network is anal-
ogous to that of a conventional RNN. Specifically, the input
comprises the input at time t, denoted by xt , and the hidden
state at time t-1, represented by ht−1, which incorporates
pertinent information from earlier nodes. The output is the
hidden node output at time t, denoted by ht . The GRU net-
work acquires two gating states by exploiting the previous
state ht−1 passed down from the previous time step and the
current input xt . The GRU network employs an update gate to
regulate the amount of historical information that the current
state should retain from the past state and the quantity of new
information it should incorporate from the candidate state,
as expressed by (6).

ht = (1− zt)⊙ ht−1 + zt ⊙ h̃t (6)

where zt represents the update gate, and its operation is shown
in the equation (7). The candidate hidden state h̃t is calculated
using (8).

zt = σ (Wz · [ht−1, xt ]) (7)

h̃t = tanh (xtWhx + (rt ⊙ ht−1)Whh + bh) (8)

One of the components in the GRU is the reset gate,
denoted as rt . The computation process of the reset gate is
described by (9).

rt = σ (Wr · [ht−1, xt ]) (9)

The reset gate in GRU is employed to control the weighting
between the current input and the previous hidden state at
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FIGURE 2. BIGRU structure.

the current time step. It combines the previous hidden state
and the current input through a sigmoid function, outputting
a value between 0 and 1 that indicates how much information
from the previous time step should be retained. If the output
value of the reset gate is close to 0, the previous hidden
state will be ignored, and the current input will be processed
independently. If the output value of the reset gate is close
to 1, all the information from the previous time step will
be retained. This mechanism enables GRU to handle long
sequences more effectively and reduces the occurrence of
gradient vanishing problems.

C. BIGRU
The bidirectional GRU network comprises two GRU layers
that share the same input, but propagate information in oppo-
site directions (i.e., forward and backward GRU layers).

Assume that the first layer of the bidirectional GRU net-
work propagates information in the chronological order of
time, while the second layer propagates information in the
reverse order of time. The hidden layer state of BiGRU at
time t is expressed in (10) to (12):

h(1)t = f
(
W (1)
hh h

(1)
t−1 +W

(1)
hx xt + b

(1)
h

)
(10)

h(2)t = f
(
W (2)
hh h

(2)
t−1 +W

(2)
hx xt + b

(2)
h

)
(11)

ht = h(1)
t ⊕ h

(2)
t (12)

where ⊕ is the vector concatenation operation.
FIGURE 2 depicts the bidirectional GRU structure

expanded by time.

D. SELF-ATTENTION MECHANISM
The self-attention mechanism can weight and combine infor-
mation from different input sequence positions based on their
relationships, making it highly flexible in processing sequen-
tial data [53]. In time series prediction, attention mechanisms
can improve the model’s prediction accuracy by learning the
relationships between different time points in the sequence.
Attention mechanisms can introduce weights or attention
distributions in the model to emphasize or diminish the con-
tribution of certain time points to the prediction, thereby
improving the model accuracy in predicting critical time
points.

FIGURE 3. The computational process of self-attention mechanism.

The self-attention model often adopts the query–key–value
(QKV) mode. FIGURE 3 illustrates its calculation process.

The specific calculation process of the self-attention model
is described below assuming an input sequence X =

[x1, · · · , xN ] ∈ RDx×N and an output sequence H =

[h1, · · · , hN ] ∈ RDv×N .
We first linearly map each input xi to three distinct spaces

to obtain the query vector qi ∈ RDk , key vector ki ∈ RDk , and
value vector vi ∈ RDv .

For the entire input sequenceX , the linear mapping process
is abbreviated as follows:

Q = WqX ∈ ℜDk×N (13)

Q = WqX ∈ ℜDk×N (14)

Q = WqX ∈ ℜDk×N (15)

(1) Matrices Wq ∈ RDk×Dx , Wk ∈ RDk×Dx , and Wv ∈

RDv×Dx correspond to the parameter matrices used for lin-
ear mapping, while matrices Q = [q1, · · · , qN ], K =

[k1, · · · , kN ], and V = [v1, · · · , vN ] represent those com-
posed of the query, key, and value vectors, respectively.

(2) The output vector hn for each query vector qn ∈ Q can
be obtained using (16).

hn = att ((K ,V ) , qn) =
N∑
j=1

αnjvj

=

∑N

j=1
softmax

(
s(kj, qn)

)
vj (16)

Variable αnj represents the weight of the nth output vec-
tor attending to the jth input vector in the sequence, where
n, j ∈ [1,N ] denotes the output and input vector positions,
respectively.

III. DYNAMIC WHALE OPTIMIZATION ALGORITHM
A. WHALE OPTIMIZATION ALGORITHM
The WOA is a heuristic optimization algorithm that is based
on the behavior patterns of whales. The algorithm was pro-
posed by Mirjalili et al. in 2016 [54]. The inspiration for
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FIGURE 4. Whale optimization algorithm process.

the algorithm design comes from the collective behavior of
whales, in which superior individual whales can lead others
in the direction of better food sources. The basic idea of the
algorithm is to treat the search space as an ocean, where
each individual represents a whale. The algorithm aims to
find an optimal global solution by continuously adjusting the
position and velocity of the whales. The WOA is divided into
three parts: 1) prey searching through a random movement;
2) surrounding the target by shrinking the search space; and
3) capturing the target through a spiral approach.

The algorithm begins by defining its relevant parameters.
The iteration number is specifically represented by t , while
p and l are random numbers between 0 and 1 and −1 and 1,
respectively. tmax is the maximum iteration number. r⃗1 and r⃗2
are random vectors drawn from the interval [0,1]. a⃗ is a vector
whose value linearly decreases from 2 to 0. (17) to (19) are
used to calculate each parameter.

A⃗ = 2a⃗ · r⃗1 − a⃗ (17)

C⃗ = 2 · r⃗2 (18)

C⃗ = 2 · r⃗2 (19)

In the WOA, whales hunt for prey using two methods.
When p < 0.5, the whale population selects the method of
contracting and surrounding the target. When p ≥ 0.5, the
whale population selects the mode of spiral hunting for prey.

1) SHRINK AND SURROUND PREY
In the encircling prey stage, the whale pod chooses either
a random individual or the best individual as a reference
for updating positions based on the parameter |A| value.
If |A| ≥ 1, the algorithm randomly selects an individual as
the reference and updates the positions using (20). If |A| < 1,
the algorithm selects the current best individual for position
updating, as illustrated in (21). The foregoing describes the
encircling prey stage of the whale optimization algorithm:

X t+1 = X trand − A ·
∣∣C · X trand − X t ∣∣ (20)

VOLUME 11, 2023 129513



S. Zhang et al.: Network Security Situation Prediction Model

X t+1 = X tbest − A ·
∣∣C · X tbest − X t ∣∣ (21)

X trand and X tbest are the positions of the random and best
whale individuals in the population of generation t, respec-
tively.

2) SPIRAL PREY
In addition to using the encircling prey technique, whales
employ a spiral movement pattern to create a bubble net for
hunting. The spiral hunting technique is described as follows
(22):

X t+1 = X tbest +
∣∣C · X tbest − X t ∣∣ · ebl · cos (2π l) (22)

where b is a constant controlling the helix shape.
FIGURE 4 illustrates the WOA flow.

B. OPPOSITION-BASED LEARNING
The initial population in swarm intelligence optimization
algorithms is usually randomly generated. The optimal
solution is unknown; hence, the population’s random ini-
tialization increases the search space for feasible solutions.
The larger search space results in longer search times and
may cause the algorithm to converge to the local optima.
Therefore, the algorithm performance is greatly affected by
the population initialization.

The idea of the opposition-based learning method is to
search for the opposing individual of each member of the
population within the search space. The opposing solution
replaces the original one if it performs better [55]. This
approach increases the probability of getting closer to the
optimal global solution by 50% compared to the initial solu-
tion and effectively improves the algorithm’s optimization
efficiency. The calculation process is described as follows
(23):

x∗ = a+ b− x (23)

where a is the upper boundary of the search space; b is the
lower boundary; and x∗ is the opposite solution. Likewise,
inverse learning can be extended to higher dimensions with
(24):

x∗i = ai + bi − xi (24)

Assuming that fitness (x) is the fitness function, Xi is the ith
individual in the current population, and X∗i is the reverse
individual generated after reverse learning. If fitness

(
X∗i
)

<

fitness (Xi), Xi is replaced by X∗i and proceeds to the next
population generation.

C. NONLINEAR CONVERGENCE FACTOR
Swarm intelligence optimization algorithms typically go
through two stages during the optimization process: global
and local search stages. Failure to coordinate these two steps
may result in a slow convergence or a premature stabilization
of the algorithm. The global search stage primarily aims to
expand the search area, maintain the population diversity,
and reduce the probability of the algorithm getting stuck in a

local optimal solution. The local search stage mainly aims to
perform precise searches in the search space of the population
individuals, which can accelerate the convergence efficiency
while improving the convergence accuracy. As a swarm intel-
ligence optimization algorithm, the WOA undergoes these
two stages, as well, thus requiring a balance between these
stages. Based on its optimization principle, the WOA is
known to use parameter A to balance its global and local
search abilities. As shown in (17), the value of parameter
A changes with the variation of the convergence factor a.
Therefore, the convergence factor a value plays a crucial role
in balancing the global and local search abilities.
Existing studies have demonstrated a strong correlation

between the performances of the global and local search
abilities of theWOA and the convergence factor denoted by a.
In the classical WOA, a linearly decreases from 2 to 0 as the
population evolves, consequently failing to accurately reflect
the actual optimization process. A novel method for com-
puting a to achieve a better balance between the algorithm’s
global and local search capabilities has been proposed and
shown in (25).

a = 2×

(
tmax
tmax

1
8

)
(25)

where tmax is the maximum number of iterations, and t is the
current iteration number. The original convergence factor a
linearly decreases during the iteration process. The improved
convergence factor a nonlinearly decreases at a slower rate in
the early iteration stage, maintaining a relatively large value
for parameter A in the early algorithm iteration stage and
improving the global search performance. In the later itera-
tion stage, a nonlinearly decreases at a faster rate, enabling
parameter A to maintain a small value in the later iteration
stage and effectively improving the local search performance.
In summary, the improved convergence factor a effectively
balances the global and local search stages, fully unleashing
their respective abilities.

D. DIFFERENTIAL EVOLUTION STRATEGY
Differential evolution (DE) is a population-based evolution-
ary algorithm that simulates the cooperative and competitive
processes among individuals in a population [56]. In the DE
context, the gene of each individual corresponds to a potential
solution for the given problem. A mutation operation is first
performed at each iteration to select the genes of one or
more individuals as a basis. The results of the differential
operation of different individuals are then selected to form
differential genes. Finally, the base and differential genes are
added to generate a new individual.With a certain probability,
the mutation and original vectors for each individual are
crossed to generate a new individual vector. The newly gener-
ated individual is then compared to its corresponding parent
individual, and the superior one is selected and retained for
the subsequent generation. The gene of the top-performing

129514 VOLUME 11, 2023



S. Zhang et al.: Network Security Situation Prediction Model

individual within the selected population is designated as the
solution upon the completion of the iterations.

1) INITIALIZATION OPERATION
The D-dimensional parameter vector X ti with NP randomly
initialized values is expressed mathematically as follows.

X ti =
(
x ti,1, x

t
i,2, · · · , x

t
i,D
)
i = 1, 2, · · · ,NP j = 1, 2, · · · ,D

(26)

2) MUTATION OPERATION
For each solution vector X ti , when a mutation operation is
performed, the algorithm randomly selects three other vectors
from the population and uses the difference between two of
them added to one of the vectors to obtain a new solution
vector as a result of the mutation operation. The specific
mutation operation process is depicted in (27).

U t
i = X tr1 + F ·

(
X tr2 − X

t
r3
)

(27)

3) CROSS OPERATION
In the crossover operation, the algorithm transforms themuta-
tion vector U t

i =

(
uti,1, u

t
i,2, · · · , u

t
i,D

)
into a new vector

V t
i =

(
vti,1, v

t
i,2, · · · , v

t
i,D

)
according to (28).

vi,d =

{
ui,d , rand (0, 1) < CR or d = drand
xi,d , rand (0, 1) ≥ CR or d = drand

(28)

where the crossover probability is denoted as CR, and drand
represents a random integer uniformly distributed between
1 and D. This integer guarantees the involvement of at least
one dimension of the mutated vector in the crossover oper-
ation. The crossover operation involves the selection of at
least one dimension of the mutated vector to replace the
corresponding dimension of the original vector and obtain the
final crossover vector.

4) SELECTION OPERATION
The relative fitness values of the crossover V t

i and original
X ti vectors are compared to determine the crossover vector
selection. The selection process is governed by (29).

X t+1i =

{
V t
i , f

(
V t
i
)

< f
(
X ti
)

X ti , f
(
V t
i
)
≥ f

(
X ti
) (29)

where X t+1i is an individual in the next generation population.
FIGURE 5 demonstrates the flow of the DE strategy.

E. DWOA ALGORITHM PROCESS
An ideal WOA should ensure optimum efficiency and accu-
racy while avoiding falling into the local optima. A single
improvement strategy cannot achieve this goal. Therefore, the
DWOA employs a mixture of various improvement strate-
gies to solve complex optimization problems. A modified
initialization strategy is proposed to overcome the diminished
optimization efficiency resulting from a randomly generated

initial population. Furthermore, an opposition-based learning
strategy is introduced to increase the population diversity,
generate an initial population closer to the optimal solution,
and improve the optimization efficiency. The risk of falling
into the local optima is an important factor affecting the
algorithm performance. The DE strategy is introduced to
tackle this problem by applying mutation, crossover, and
selection operations to the population in each iteration pro-
cess, effectively improving the population diversity, and
increasing the algorithm’s probability of escaping from the
local optima. The original convergence factor is improved
to a nonlinear convergence factor, which fits well with the
optimization process of the WOA, to better coordinate the
global and local search performances. The control parame-
ter A is dynamically adjusted by incorporating a nonlinear
convergence factor to maintain higher and lower values dur-
ing the early and later stages of the optimization process,
respectively. This adaptive adjustment optimizes the balance
between the global and local search capabilities, enhancing
the likelihood of escaping the local optima and improving the
overall optimization efficiency. The specific DWOA process
is as follows:

Step 1: Initialize the population and the parameters: The
population size, number of iterations, vector dimensions,
upper and lower bounds of the search space, and various
vector parameters are set during initialization.

Step 2: Update individual positions: When p is less than
0.5, and |A| is less than 1, the algorithm updates the positions
of each individual in the population by selecting the optimal
individual using (21). If p is less than 0.5, and |A| is greater
than or equal to 1, the algorithm updates the positions of each
individual in the population by selecting a random individual
using (20). If p is greater than or equal to 0.5, the algorithm
employs a bubble net selection strategy based on (22) to
update the positions of the individuals in the population.

Step 3: Implement the DE strategy for the individuals
generated in the current iteration.

Step 4: Repeat steps 2 and 3 until the termination condition
is met.

Step 5: Satisfy the termination condition (reach the maxi-
mum number of iterations) and output the optimal individual
to end the algorithm.

FIGURE 6 illustrates the DWOA flow. Algorithm 1 is the
pseudo code of the DWOA.

IV. THE NETWORK SECURITY SITUATION PREDICTION
MODEL BASED ON DWOA OPTIMIZATION FOR
VMD-BIGRU-ATT
A. DWOA BASED HYPERPARAMETER OPTIMIZATION OF
BIGRU-ATTN MODEL
Different hyperparameters may significantly affect the
model’s performance during the training period. The number
of neurons in the network, batch size of the training data,
number of training iterations, and learning rate are all critical
hyperparameters. The number of neurons directly influences
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FIGURE 5. The flow of the differential evolution strategy.

the network’s capacity to fit complex patterns and capture
intricate relationships. The batch size and the number of
training iterations play crucial roles in shaping the model’s
training performance. In this study, we employed the DWOA
to optimize the hyperparameters and improve the model’s
predictive performance. The specific optimization steps are
as follows:

Step 1: Initialize the population parameters and determine
the number of algorithm iterations, population size, conver-
gence factor, crossover probability, and other parameters.

Step 2: Randomly generate a four-dimensional vec-
tor. Each vector dimension is the hyperparameter for
optimization.

Step 3: Use the mean square error (MSE) as the fitness
function. The smaller the fitness function, the better the whale
individual, that is, the parameter combination.

Step 4: Update the positions of the whale individuals and
generate new ones using the DE strategy. Compare the fitness
functions of the newly generated individuals and the original
ones. If the fitness of the new individual is lower, it replaces
the original individual in the next iteration.

Step 5: The optimization process stops when the max-
imum iteration limit is reached. The whale at this stage’s

optimum global position represents the optimal parameter
combination.

B. NETWORK SECURITY SITUATION PREDICTION MODEL
This study presents a combined model that employs VMD
and an improved whale optimization algorithm, called
DWOA, to optimize the BiGRU–ATTN neural network.
VMD decomposes the network security situation sequence
into multiple modal components, thereby effectively miti-
gating the noise, enhancing the sequence stationarity, and
reducing its complexity. The BiGRU model exhibits a robust
nonlinear predictive ability and can capture long-term cor-
relations within the sequence. The attention mechanism can
weigh the significance of each time step in the sequence,
enabling the model to focus more on relevant input infor-
mation for prediction and reducing the interference from
irrelevant information, thereby enhancing the sequence pre-
diction accuracy. The model’s prediction performance is
further improved by optimizing the network hyperparameters
using the DWOA.

The overall structure of VMD—DWOA–BiGRU–ATTN is
shown in the FIGURE 7. The model prediction steps are as
follows:
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Algorithm 1 The Pseudo of DWOA
Input: fitness (x)-Fitness function, N -population number, max_iterations-maximum number of iterations, dim-dimension of
search space, ub-upper bound of search space, lb-lower bound of search space
Output: Optimal individual
1. Initialize Whale Population xi (i = 1, 2, · · · , n)
2. x∗i = ub+ lb− xi (i = 1, 2, . . ., n)
3. xi ∪ x∗i = xnewj (i = 1, 2, . . . , nj = 1, 2, . . . , 2n)

4. fitnessj = fitness
(
xnewj

)
5. Sort xnewj base on fitnessj
6. xi← select top n of xnew

7. While (t < max_iterations)
8. for i in xi
9. Updated a, A, C , l, p
10. if (p < 0.5 |A| < 1)
11. Find the optimal individual xbest
12. Update the current individual’s position based on the xbest
13. X t+1 = X tbest − A ·

∣∣C · X tbest − X t ∣∣
14. else if (p < 0.5 |A| ≥ 1)
15. Randomly select an individual xrand
16. Update the current individual’s position based on xrand
17. X t+1 = X trand − A ·

∣∣C · X trand − X t ∣∣
18. else if (p ≥ 0.5)
19. X t+1 = X tbest +

∣∣C · X tbest − X t ∣∣ · ebl · cos (2π l)
20. end if
21. end for
22. Correcting individuals beyond the search scope
23. x ′i←xi (i = 1, 2, . . . , n) base on differential evolution strategy
24. xi ∪ x ′i = xj (j = 1, 2, . . . , 2n)
25. fitnessj = fitness

(
xj
)

26. Sort xj base on fitnessj
27. xi← select top n of xj
28. t = t + 1
29. end while
30. return Optimal individual

Step 1: Use VMD to decompose the network security
situation sequence into multiple modal components.

Step 2: Feed each modal component individually into
DWOA–BiGRU–ATTN for the prediction.

Step 3: Derive the actual predicted network security situ-
ation value by overlaying the predicted values of individual
modal components.

FIGURE 8 illustrates the model prediction process.

V. EXPERIMENT AND DISCUSSION
This section describes our experiments and discusses the
obtained results. The experiments were conducted on a sys-
tem with 32 GB memory and an Intel Xeon CPU E5-2609
processor.

A. PERFORMANCE EVALUATION OF DWOA ALGORITHM
We conducted a comparative analysis with five other opti-
mization algorithms, namely PSO, GA, SSA, WOA, and
GWO, on eight benchmark test functions to validate the

efficacy of the DWOA. In the experiment, we set the pop-
ulation size to 30, the dimensionality to 30, and the iterations
to 1000. Each algorithm was independently run for 30 times.
TABLE 1 lists the calculation formulas and constraints of the
eight benchmark test functions.

In these test functions, the specific forms of parameters aij,
ai, and bi in the last two fixed-dimensional test functions are
shown in (30) to (32).

aij =
[
−32 −16 0 16 32 −32 · · · 0 16 32
−32 −32 −32−32 −32 −16 · · · 32 32 32

]
(30)

ai =
[
0.1957 0.1947 0.1735 0.1600 0.0844 0.0627

0.0456 0.0342 0.0323 0.0235 0.0246
]

(31)

bi =
[
0.25 0.5 1 2 4 6 8 10 12 14 16

]
(32)

1) ANALYSIS OF OPTIMIZATION RESULTS
In TABLE 2, the DWOA achieved significantly higher values
for both the maximum and average convergence accuracies
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FIGURE 6. The algorithm flow of DWOA.

on unimodal test functions F1 and F2 when compared
with the other five optimization algorithms with far smaller
standard deviations. Although its performance on unimodal
function F3 was comparable to that of GWO and PSO,
the DWOA still achieved the theoretical optimal value. Its
excellent performance on the unimodal functions indicated
its excellent local development ability. The DWOA achieved
the best values for multimodal functions F4 to F6, suggesting
that it has an excellent global search ability and a strong
capability of escaping local optimal solutions. Although the
convergence results of the DWOA on fixed-dimension func-
tion F7 were equal to those of GWO, PSO, SSA, and WOA,
its standard deviation was far smaller than that of the other
algorithms, indicating good stability. On function F8, the
DWOA achieved optimal optimization results. Overall, the
enhanced algorithm can significantly improve its optimiza-
tion capability.

2) OPTIMIZATION EFFICIENCY ANALYSIS
We used iteration data to generate comparative graphs for the
iteration curves of the six algorithms and comprehensively
analyze the DWOA performance, facilitating a more nuanced
analysis of its optimization efficiency. FIGURE 9 reveals that
the DWOA exhibits a superior convergence rate across all
functions. While most optimization algorithms demonstrated
comparable convergence rates on function F2, the DWOA
excelled for its superior convergence accuracy relative to the
other algorithms. It also depicted markedly superior conver-
gence rates on other unimodal and multimodal functions.
All algorithms exhibited relatively good convergence perfor-
mances for fixed-dimension functions, which were easier to
converge. However, FIGURE 9 and TABLE 2 demonstrate
that the convergence performance of the DWOA continued to
outperform the other algorithms. In other words, the DWOA
is a highly effective optimization algorithm.
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FIGURE 7. The overall structure of VMD-DWOA-BIGRU-ATTN.

B. SIMULATION ANALYSIS OF NETWORK SECURITY
SITUATION PREDICTION
1) DATASET
The foundational dataset used herein was the UNSW-NB15
dataset [57] released by the University of New South Wales
in Australia and the CIC-IDS2017 dataset [58] published by
the Canadian Institute for Cybersecurity. The UNSW-NB15
dataset comprises both normal network traffic and various
malicious traffic types and contains nine types of attacks
and 49 network traffic features. TABLE 3 lists the specific
attack types of the UNSW-NB15 dataset. TABLE 4 details the
specific network traffic features of the UNSW-NB15 dataset.
The CIC-IDS2017 dataset includes 8 types of attacks and
79 network traffic features. TABLE 5 presents the specific
attack types of the CIC-IDS2017 dataset, while TABLE 6

enumerates the primary network traffic features of the CIC-
IDS2017 dataset.

2) DATA PREPROCESSING
We divided the network security status into the five follow-
ing levels to evaluate the cybersecurity situation in a more
scientific manner: safety, low-risk, medium-risk, high-risk,
and super-risk. TABLE 7 shows the specific information for
each level. We referred herein to the Common Vulnerability
Scoring System (CVSS) rating standard and a constructed
index system to achieve our purpose. We propose the follow-
ing indicators and their corresponding calculation formulas
based on the existing quantification methods in this field:

(1) Threat level: This refers to the various risks and
harms from external sources that a network system may face.
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FIGURE 8. The process of model prediction.

In general, the most destructive cybersecurity issues are often
triggered by external threats, which could lead to service dis-
ruptions or data loss. These threats primarily involve different
types of network attacks and corresponding cybersecurity
incidents. Therefore, in this study, we primarily focused on

the severity of the selected attack types, alert frequency, and
likelihood of security events occurring as secondary indica-
tors under the primary indicator of the threat level. Taking
the features of the UNSW-NB15 dataset as an example. The
primary features involved in the metric are ‘attack_cat’ and
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TABLE 1. Benchmark test functions.

‘dstip’ within the dataset. The total number of hosts has
already been determined, as well as the importance level of
each host. Furthermore, the threat level corresponding to each
type of attack can be established based on existing literature
[25]. The quantification formula is presented below.

T =
∑n

i=1

∑k

j=1

10DijQiCij
M

(33)

where T represents the threat score; n is the total number of
hosts in the network system; k is the number of attack types;
M is the number of attacks detected during a certain period;
Dij represents the harm level corresponding to the attack type
received by host i for attack type j; Qi is the importance level
of host i; and Cij is the number of times host i is attacked by
attack j.

(2) Vulnerability: This mainly focuses on the security
weaknesses existing within the network system, which are
typically manifested as network topology vulnerabilities.
These vulnerabilities often serve as entry points for network
attacks. We can gain a deeper understanding of the network’s
security flaws by collecting information on vulnerabilities,
including different types of known vulnerabilities, poten-
tial attack vectors, and possible risk levels. The importance
of hosts also indicates the extent to which each network
host may affect the overall system, that is, the potential
level of impact on the entire network system if a particular
host is attacked or exploited due to a vulnerability. We can
more accurately assess the network vulnerability and identify
which vulnerabilities and hosts pose a greater threat to the
network security by synthesizing these two factors. In other

words, the vulnerability information and the importance of
hosts are the secondary indicators under the primary indi-
cator of vulnerability that accurately describe the security
vulnerabilities of the network system. Taking the features
of the UNSW-NB15 dataset as an example. The primary
feature involved in the metric within the dataset is ‘Attack
Reference’, and the severity level of the vulnerabilities can
be referenced from the CVSS vulnerability scoring system.
The quantitative formula is as follows:

V =
∑n

i=1

∑m

j=1
DjQiSij (34)

where V represents the vulnerability score; n is the total
number of hosts in the network system; m is the number of
vulnerability types;Dij represents the harm level correspond-
ing to the attack type received by host i for vulnerability j; Qi
is the importance level of host i; and Sij is the score of vul-
nerability j on host i, which refers to the CVSS vulnerability
rating.

(3) Reliability: In a network environment, the reliability is
mainly influenced by the network system architecture and the
potential issues with network devices. First, a well-designed
network topology can reduce the likelihood of network inter-
ruptions, thereby enhancing the network stability. In addition,
a robust network topology helps in load balancing and capac-
ity planning, ensuring that network resources are efficiently
used to further boost the network reliability. Second, the num-
ber of open ports on devices is another key factor affecting
the network reliability. Open ports serve as communication
channels between network devices and the external world

VOLUME 11, 2023 129521



S. Zhang et al.: Network Security Situation Prediction Model

TABLE 2. The effectiveness of various optimization algorithms on benchmark testing functions.
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FIGURE 9. Convergence curves of six optimization algorithms on benchmark functions F1-F8.

and are potential points of security vulnerability. The network
faces increased risks, including potential malicious attacks or
unauthorized access, if there are too many open ports that
are not properly secured and configured. This leads to data
leaks, service outages, or system failures, which diminish
the network reliability. In summary, optimizing the network
topology and properlymanaging open device ports are critical
for enhancing the network reliability. We mainly evaluated
the network reliability by examining the network topology
scores and the number of open device ports. Taking the
features of the UNSW-NB15 dataset as an example. The
primary features involved in the metric within the dataset
are ‘dsport’ and ‘dstip’. Additionally, the network topology
structure has already been determined in the dataset. The
calculation formula of R is as follows:

R = WTP × TP+WPR × PR (35)

whereWTP andWPR are the weights of the evaluation factors
obtained through the AHP.

Network topology score: This indicator reflects the stabil-
ity of the network topology structure. The higher the score,
the poorer the network system stability. The quantitative for-
mula is as follows:

tpi =


1.0, 0 ≤ br < 3
0.5, 3 ≤ br ≤ 5
0.1, br > 5

(36)

TP =
∑n

i=1
tpi (37)

where TP is the network topology score; br represents the
number of branch nodes corresponding to each node in the
network system; tpi is the topology score corresponding to
the ith node; and n represents the number of nodes. A larger
number of branch nodes is generally more vulnerable to
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TABLE 3. Types of attacks and their introduction (UNSW-NB15).

attacks, and a lower topology score indicates greater attack
susceptibility.

Number of open ports: This metric reflects the number
of open ports on all network devices, with a higher score
indicating a greater number of open ports and a lower network
reliability. The quantitative formula is as follows:

PR =
∑n

i=1
pri (38)

where PR represents the score for the number of open ports;
pr i represents the number of open ports for the ith host; and
n represents the total number of hosts within the network.

(4) Availability: Availability pertains to the capacity of the
network system to function normally and provide essential
services during a specific period. We primarily used the
traffic fluctuation rate, data packet distribution pattern, and
security event frequency as the indicators of network avail-
ability. First, the traffic fluctuation rate describes the speed
at which the network data traffic changes. A low and stable
traffic change rate usually indicates a relatively light network
load, which helps in fully using the network resources and
enhances the network availability. Conversely, highly fluc-
tuating or sharply increasing traffic could trigger network
congestion, increase latency, and degrade the service quality,
thereby weakening the network availability. Second, packet
distribution variations can imply whether or not the network
is under attack network because attacks are often executed
through data packets. A large amount of network traffic from
abnormal sources observed in a short period likely signifies
a network attack. Lastly, the security event frequency reveals
the security risks the network system faces. These events may
include service outages, data leaks, or malicious attacks, any
of which would affect the network availability. Overall, the
traffic change rate, packet distribution, and security event

frequency collectively reflect the current level of the network
system availability. Taking the features of the UNSW-NB15
dataset as an example. The primary features involved in
the metric within the dataset are ‘sbytes’, ‘dbytes’, ‘dstip’,
‘proto’, and ‘attack_cat’.

The quantification formula is as follows:

U = Wfr × FR+Wdp × DP+Wsr × SR (39)

where Wfr , Wdp, and Wsr are the weights of the evaluation
factors calculated by the AHP.

The quantification formula for the change flow rate is as
follows:

FR =
ft
ft−1

(40)

where ft is the traffic size in the current t time period, and ft−1
is the traffic size in the previous t time period.

The quantification formula for the packet distribution is as
follows:

DP = ip× dtp (41)

where DP is the data packet distribution; ip is the number
of different IP addresses; and dtp is the number of types of
different protocols.

The quantification formula for the security incident fre-
quency is as follows:

SR =
se
e

(42)

where SR is the security event frequency; se is the number of
security events; and e is the number of all events.

After quantifying the values of various indicators, the
weight values W = {WT ,WV ,WR,WU } of each indicator
are calculated using the AHP [59], [60], [61], [62] and the
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TABLE 4. Dataset features and their introduction (UNSW-NB15).
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TABLE 5. Types of attacks and their introduction (CIC-IDS2017).

TABLE 6. Dataset features and their introduction (CIC-IDS2017).
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TABLE 7. Details regarding each level.

importance of various factors in the calculation process of the
Analytic Hierarchy Process was compared with reference to
existing safety standard [63], [64]. The situational value is
then calculated as follows:

SV = WT × T +WV × V +WR × R+WU × U (43)

3) EVALUATING INDICATOR
We selected the four following indicators to evaluate the
model performance:

Mean squared error (MSE): The MSE is the squared dif-
ference between the actual and predicted values calculated as
follows:

MSE =
1
m

∑m

i=1
(yi − ŷi)2 (44)

Root mean squared error (RMSE): The RMSE is the square
root of the ratio of the square of the deviation between the
predicted and true values to the number of observations n
calculated as follows:

RMSE =

√∑N
i=1

(
ŷi − yi

)2
N

(45)

Mean absolute percentage error (MAPE): The MAPE is
the mean absolute percentage error between the predicted and
observed values calculated as follows:

MAPE =
100%
n

∑n

i=1

∣∣∣∣ ŷi − yiyi

∣∣∣∣ (46)

R-squared (R^2) score: R^2 is a statistical measure used to
determine the goodness of fit of a regression model. It repre-
sents the proportion of variance in the dependent variable that
can be explained by the independent variables in the model.

R2 = 1−

∑m
i=1

(
yi − ŷi

)2∑m
i=1 (yi − ȳ)2

(47)

R-squared (R^2) score: R^2 is a statistical measure for
determining the goodness of fit of a regression model. It rep-
resents the proportion of variance in the dependent variable
that can be explained by the independent variables in the
model.

4) COMPARISON OF CLASSICAL MACHINE LEARNING
ALGORITHMS
We validated the efficacy of the employed neural network
model in forecasting network security situations by compar-
ing it with four other machine learning models. As shown
in the TABLE 8, BiGRU–ATTN achieved the best perfor-
mance. The models’ prediction accuracy slightly improved
with the addition of the attention mechanism. On the UNSW-
NB15 dataset, the predictive performance of BiGRU-ATTN
showed significant enhancement compared to the BP neural
network and SVR methods. The prediction performance of
BiGRU–ATTN exhibited a significant enhancement com-
pared to both the BP neural network and SVR methods.
Compared to the LSTM, BiGRU–ATTN showed increases
of 21.25%, 11.26%, 11.41%, and 9.60% in the MSE,
RMSE, MAPE, and R^2, respectively. Compared to GRU,
BiGRU–ATTN demonstrated increases of 21.53%, 11.42%,
10.25%, and 9.78% in the MSE, RMSE, MAPE, and R^2,
respectively. Compared to the BP neural network, it displayed
increases of 34.92%, 19.33%, 19.46%, and 21.08% in the
MSE, RMSE, MAPE, and R^2, respectively. Finally, com-
pared to SVR, BiGRU–ATTN exhibited increases of 38.66%,
21.68%, 21.81%, and 25.70% in the MSE, RMSE, MAPE,
and R^2, respectively. In summary, BiGRU–ATTN outper-
formed the other models in predicting the network security
situation. On the CIC-IDS2017 dataset, the BiGRU model
showed improvements ranging from 14.84% to 37.32% in
MSE, from 7.72% to 20.83% in RMSE, from 5.00% to
18.27% in MAPE, and from 4.60% to 17.68% in R^2 com-
pared to other models. FIGURE 10 shows the results of the
machine learning model comparison.
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FIGURE 10. The comparison results of the machine learning model comparison.

TABLE 8. The effectiveness of various machine learning algorithms.

FIGURE 11. The comparison results of the effectiveness of the optimization algorithm.

5) THE EFFECTIVENESS OF OPTIMIZATION ALGORITHMS
The model performance was influenced by its parameters.
An excellent parameter combination can be determined for
an enhanced performance by employing an optimization
algorithm to fine tune the hyperparameters. In this section,
we aim to prove through experiments the effectiveness of

the optimization algorithm in improving the performance.
TABLE 9 shows the test results on the UNSW-NB15 dataset,
indicating that compared to the unoptimized LSTM, the
LSTM optimized by WOA improved the values of MSE,
RMSE, MAPE, and R^2 by 15.68%, 8.17%, 7.63%, and
7.08%, respectively. Similarly, the WOA-optimized GRU
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TABLE 9. The effectiveness of various optimization algorithms.

FIGURE 12. The comparison results of the effectiveness of the decomposition algorithm.

TABLE 10. The effectiveness of various decomposition algorithms.

increased the MSE, RMSE, MAPE, and R^2 values by
17.34%, 9.08%, 7.73%, and 7.87%, respectively, compared
to the unoptimized GRU. The DWOA-optimized LSTM also
increased the MSE, RMSE, MAPE, and R^2 values by
11.92%, 6.15%, 11.10%, and 4.26%, respectively, compared
to theWOA-optimized LSTM. Finally, theDWOA-optimized

GRU increased the MSE, RMSE, MAPE, and R^2 values
by 15.96%, 8.33%, 9.28%, and 5.55%, respectively, com-
pared to the WOA-optimized GRU. TABLE 9 also shows
the test results on the CIC-IDS2017 dataset, indicating that
the model optimized by the optimization algorithm improved
the values of MSE, RMSE, MAPE, and R^2 by an average
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FIGURE 13. The comparison results of the effectiveness of various network security situation prediction methods.

FIGURE 14. Comparison of situation prediction of different prediction models.

of 16.59%, 8.68%, 8.92%, and 5.54%, respectively. The
enhanced optimization algorithm outperforms the traditional
optimization algorithms, showing average improvements of
15.63%, 8.27%, 9.39%, and 4.17% in MSE, RMSE, MAPE,
and R^2 values compared to the results of the conventional
optimization algorithms. FIGURE 11 presents the compari-
son results of the effectiveness of the optimization algorithms.

The experimental results showed that the optimization
algorithms can effectively improve the model prediction
accuracy. The improved DWOA demonstrated a slight
improvement over the original WOA in network model
optimization.

6) THE EFFECTIVENESS OF DECOMPOSITION ALGORITHMS
We validated the efficacy of the VMD algorithm in enhanc-
ing the trend prediction accuracy by conducting experi-
ments comparing the VMD-based ensemble model, complete
ensemble EMD with adaptive noise (CEEMD)-based ensem-
ble model, and standard model. TABLE 10 illustrates that
the model’s prediction accuracy was greatly improved after

the decomposition algorithm was applied. TABLE 10 shows
the test results on the UNSW-NB15 dataset, indicating that
the CEEMD-LSTM combined model outperforms the stan-
dalone LSTM model by 81.49%, 56.98%, 59.81%, and
36.80% across the four performance metrics, respectively.
The CEEMD–GRU combination model performed better
than the single GRU model, yielding increases of 82.35%,
57.98%, 59.58%, and 37.38% in the MSE, RMSE, MAPE,
and R^2 values, respectively. The VMD–LSTM combi-
nation model outperformed the single LSTM model with
increases of 92.41%, 72.46%, 72.03%, and 41.74% in the
MSE, RMSE, MAPE, and R^2 values, respectively. The
VMD–GRU combination model outperformed the single
GRU model with increases of 93.59%, 74.68%, 75.85%,
and 42.49% in the MSE, RMSE, MAPE, and R^2 val-
ues, respectively. Meanwhile, the VMD–LSTM combina-
tion model outperformed the CEEMD–LSTM combination
model, showing increases of 59.01%, 35.98%, 30.41%, and
3.61% in the MSE, RMSE, MAPE, and R^2 values, respec-
tively. The VMD–GRU combination model outperformed the
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TABLE 11. The effectiveness of various network security situation prediction methods.

FIGURE 15. The comparison results of the effectiveness of different network security situation prediction baselines.

CEEMD–GRU combinationmodel with increases of 63.69%,
39.74%, 40.25%, and 3.72% in the MSE, RMSE, MAPE,
and R^2 values, respectively. TABLE 10 also shows the test
results on the CIC-IDS2017 dataset. The model processed
by CEEMD showed average improvements in the values of
MSE, RMSE, MAPE, and R^2 by 58.36%, 35.54%, 41.15%,
and 19.43%, respectively, compared to the original model.
Furthermore, the model processed by VMD exhibited aver-
age enhancements of 39.03%, 21.93%, 7.42%, and 4.50% in
MSE, RMSE,MAPE, and R^2 values respectively, compared
to the model processed by CEEMD. FIGURE 12 shows the
comparison results of the effectiveness of the decomposition
algorithms. These results demonstrate the effectiveness of the
VMD algorithm in improving the trend prediction accuracy.

Comparing the CEEMD and VMD decomposition algo-
rithms, VMD exhibited a significantly greater improvement
in optimization effectiveness. This finding validated the effi-
cacy of the VMD algorithm used in this work in improving
the trend prediction accuracy.

7) SIMULATION EXPERIMENT ANALYSIS OF
VMD-DWOA-BIGRU-ATTN
TABLE 11 and FIGURE 13 lists the ablation test results on
our proposed VMD-DWOA-BiGRU-ATTN. Among them,
BiGRU-ATTN has previously been demonstrated to perform

well in prediction tasks and is used as the base network for the
proposed method. After integrating DWOA for optimization,
the optimized network model shows average improvements
of approximately 23.86%, 12.79%, 13.73%, and 6.70% in
terms of MSE, RMSE, MAPE, and R^2 values respectively,
compared to the base network model. However, as can
be observed from FIGURE 14, the prediction accuracy of
DWOA-BiGRU-ATTN is still not high in sections where the
sequence has high non-stationarity, which is as expected.
After incorporating the VMD method, compared to DWOA-
BiGRU-ATTN, the VMD-DWOA-BiGRU-ATTNmodel saw
average improvements of 92.81%, 73.46%, 69.20%, and
19.60% in MSE, RMSE, MAPE, and R^2 values respec-
tively. It’s evident that by introducing sequence processing
techniques, there’s a significant enhancement in prediction
outcomes. As shown in FIGURE 14, our proposed method
VMD-DWOA-BiGRU-ATTN not only maintains excellent
prediction accuracy in stable time series sections but also
retains good prediction accuracy in parts with high non-
stationarity.

8) COMPARISON WITH EXISTING BASELINES
We further validated the effectiveness of VMD–DWOA–
BiGRU–ATTN by comparing it with several other works
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TABLE 12. Compare the predictive performance of different baselines.

FIGURE 16. Comparison of situation prediction of different baselines.

related to the network security situation prediction. The base-
line methods used for comparison are as follows:

LSTM–XGBoost [32]: An improved LSTM neural net-
work model is established to predict the network security
data, followed by the usage of the XGBoost model to assess
the predicted data situation.

NAWL–ILSTM [33]: This utilizes an improved LSTM
neural network model to establish a situational time series
prediction model and the Look ahead method to enhance
Nadam during the training process.

ATCN–BiDLSTM [34]: A network security situational
prediction model is established, combining an atten-
tion mechanism-enhanced temporal convolutional network
(ATCN) with a bidirectional long short-term memory (BiDL-
STM) network.

TCN–Transformer [25]: It utilizes TCN combined with
transformer as the network security situational data prediction
model.

As shown in TABLE 12 and FIGURE 15. The test
results on the UNSW-NB15 dataset indicate that com-
pared to ATCN-BiDLSTM, the values of MSE, RMSE,
MAPE, and R^2 improved by 98.46%, 87.59%, 97.18%,
and 24.44%, respectively. When compared with those in
ATCN–BiDLSTM, the MSE, RMSE, MAPE, and R^2

values improved by 98.46%, 87.59%, 97.18%, and 24.44%,
respectively. Compared with those in NAWL–ILSTM, these
values improved by 97.00%, 82.69%, 85.48%, and 41.62%,
respectively. Compared with those in TCN–Transformer, the
improvements were 97.43%, 83.98%, 86.15%, and 52.61%,
respectively.When comparedwith those in LSTM–XGBoost,
the improvements were 95.46%, 78.68%, 96.97%, and
6.34%, respectively. The test results on the CIC-IDS2017
dataset indicate that VMD-DWOA-BiGRU-ATTN outper-
forms other baseline models with improvements ranging
from 18.44% to 96.41% in MSE, from 9.69% to 81.05%
in RMSE, from 10.16% to 77.88% in MAPE, and from
0.21% to 45.70% in R^2. FIGURE 16 more intuitively dis-
plays the fit degree of the situation value curves of various
baseline methods and the method proposed in this paper
to the actual value curves, better illustrating the superior
performance of our proposed method. In our experiments,
the VMD–DWOA–BiGRU–ATTN model significantly out-
performed the baseline models in terms of the situational
prediction performance. This performance improvement was
primarily be attributed to the synergistic operation of mul-
tiple components within the model. First, the model used
VMD for data preprocessing. The VMD algorithm effec-
tively reduced the data nonstationarity, which is crucial for
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enhancing the model’s predictive accuracy. Nonstationarity is
a major challenge for traditional models in situational predic-
tion; thus, preprocessing via VMD can significantly improve
the model’s predictive performance. Second, our model com-
bined the DWOA with the BiGRU network. The DWOA can
identify the optimal hyperparameter combinations, thereby
enhancing its predictive capabilities. The BiGRU inclusion
further strengthens the model’s ability to process time series
data, particularly when capturing long-term dependencies.
Lastly, themodel employs the ATTN to increase its sensitivity
to key information. This attention mechanism can automat-
ically identify and emphasize the time points or features
more important for prediction, further enhancing the model’s
predictive ability. The experimental results demonstrate a
significant performance advantage for this model compared
to the baseline models.

VI. CONCLUSION
Research on the network security situational prediction is
an important area of study in the network security field.
Improving the prediction accuracy of network security sit-
uational sequences is significantly important in formulating
security strategies and maintaining a stable network sys-
tem operation. Network security situational sequences often
exhibit nonstationary characteristics, making accurate predic-
tions challenging using a single model. Therefore, this study
developed a hybrid network security situational prediction
method, called VMD–DWOA–BiGRU–ATTN, to address
the low-accuracy issue of several existing network secu-
rity situational prediction methods. The implementation of
our approach started by decomposing the network secu-
rity sequences using VMD, which transformed the original
nonstationary time series into a set of relatively station-
ary subsequences. These subsequences were then predicted
using the BiGRU–ATTN model optimized by the DWOA.
Finally, the predicted results of each subsequence were aggre-
gated. We evaluated the optimization performance of the
DWOA on eight benchmark test functions. The experimen-
tal results demonstrated the significant superiority of the
DWOA optimization performance over traditional optimiza-
tion algorithms. The proposed prediction model was tested
to assess its performance on the publicly available network
security dataset, UNSW-NB15. The experimental results
indicated that the VMD–DWOA–BiGRU–ATTN model out-
performed several existing prediction models, achieving high
MSE, RMSE, MAPE, and R^2 values on UNSW-NB15
(i.e., 0.00024160, 0.01554345, 0.02700491, and 0.98969533,
respectively). The model significantly improved the predic-
tion accuracy.

In this method, VMD effectively addressed the high non-
stationarity issue in the network security situation sequences.
Employing VMD for data preprocessing led to an average
of ∼42% improvement in the R^2 value of the prediction
results. BiGRU can handle sequence data with long-term
dependencies and simultaneously extract features from past
and future data, enabling a better sequence data processing

that is difficult to handle using traditional methods. The
attention mechanism also allowed the model to focus more on
important time steps. By calculating the attention weights for
each time step, the model automatically learned which time
step’s information was more crucial for predicting the target,
thereby emphasizing these important time steps in the predic-
tion process. The combined neural network BiGRU–ATTN
outperformed the compared prediction models with approx-
imately 10%–25% improvement in the R^2 value of the
prediction results. The prediction method used the DWOA
to optimize the model’s hyperparameters, reducing the like-
lihood of the BiGRU–ATTN model getting stuck in local
optima and improving the model’s prediction ability and
generalization. In summary, incorporating the optimization
algorithm led to approximately 9%–11% improvement in the
R^2 value of the prediction results.

This study combined sequence-processing techniques with
optimization algorithms and deep learning techniques to
effectively improve the network security situation prediction
accuracy. Herein, we presented a new approach for predicting
the network security situation sequences, offering valuable
technical references for the network security professionals
engaged in the network security situation prediction.

We have established a hybrid network security situation
prediction model that accurately predicts security situations.
However, there are still areas for improvement in subsequent
research, mainly in two aspects. First, future research must
consider simplifying the indicator construction system. This
would allow testing of the proposed model on a broader range
of datasets and enable better validation of the model’s effec-
tiveness and generalizability. It is also necessary to facilitate
the application of the proposed prediction method to vari-
ous forecasting scenarios. Second, in this work, we mainly
focused on numerical prediction. However, the influencing
factors in the actual network environment are more com-
plex and variable. Therefore, the next step is to consider
expanding numerical prediction to probabilistic prediction,
that is, to predict the probability of each state of the network
security situation so that changes in future information and
uncertainties can be taken into account.
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