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False Data Injection Attacks in Smart Grids
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Abstract— False data injection attacks (FDIAs) represent
a major class of attacks that aim to break the integrity of
measurements by injecting false data into the smart metering
devices in power grids. To the best of authors’ knowledge, no
study has attempted to design a detector that automatically
models the underlying graph topology and spatially correlated
measurement data of the smart grids to better detect cyber
attacks. The contributions of this paper to detect and miti-
gate FDIAs are twofold. First, we present a generic, localized,
and stealth (unobservable) attack generation methodology and
publicly accessible datasets for researchers to develop and test
their algorithms. Second, we propose a Graph Neural Network
(GNN) based, scalable and real-time detector of FDIAs that
efficiently combines model-driven and data-driven approaches
by incorporating the inherent physical connections of modern
AC power grids and exploiting the spatial correlations of the
measurement. It is experimentally verified by comparing the
proposed GNN based detector with the currently available FDIA
detectors in the literature that our algorithm outperforms the best
available solutions by 3.14%, 4.25%, and 4.41% in F1 score for
standard IEEE testbeds with 14, 118, and 300 buses, respectively.

Index Terms—False data injection attacks, graph neural net-
works, machine learning, smart grid, power system security

NOMENCLATURE

Pi + jQi Complex power injection at bus i.
Pij + jQij Complex power flow between bus i and j.
Vi, θi Voltage magnitude and phase angle of bus i.
θij θi − θj .
Gij + jBij ijth elements of bus admittance matrix.
gij + jbij Series branch admittance between bus i - j.
gsi + jbsi Shunt branch admittance at bus i.
Ωi Set of buses connected to bus i.
zo, za ∈ Rm Original, attacked measurement vector.
x̂, x̌ ∈ Rn Original, attacked state vector.
h(x) Nonlinear measurement function at x.
H ∈ Rm×n Jacobian matrix.
G ∈ Rn×n Gain matrix.
R,S ∈ Rm×mError covariance, residual sensitivity matrix.
T Attacker’s target area to perform FDIA.
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I. INTRODUCTION

As a highly complex cyber-physical system, a smart grid
consists of a physical power system infrastructure and a cyber
communication network. Physical measurement data are first
acquired by the Remote Terminal Units (RTUs) or Phasor
Measurement Units (PMUs) and are delivered to the Supervi-
sory Control and Data Acquisition Systems (SCADAs). Then,
the communication network transfers the measurement data
to the application level where are processed and evaluated by
the power applications [1]. Thus, reliability of power system
depends on the security of the cyber-physical pipeline [2].

Power system state estimation (PSSE) is a highly critical
component of this pipeline since its outcome is directly fed
into numerous Energy Management System (EMS) blocks
such as load and price forecasting, contingency and reliability
analysis, and economic dispatch processes [3], [4]. Thus,
integrity and trustworthiness of the measurement data play a
critical role in ensuring proper operation of smart grids [5].
By breaking this integrity, cyber-physical attacks target smart
metering devices to harm the underlying physical systems.

False data injection attacks (FDIAs) represent a significant
class of cyber threats that modify PSSE by maliciously altering
the measurement data. In FDIAs, an attacker changes sensor
data in such a way that a valid and misleading operating
point converge in PSSE and the attack becomes unobservable
[6]. Being unaware of the malicious data, the grid operator
takes actions according to the false operating point of grid
and consequently disrupts power system operation.

Traditional PSSE is performed using the weighted least
squares estimation (WLSE) technique, and the presence of bad
data is detected by employing the largest normalized residual
test (LNRT) [4]. Stealth (unobservable) FDIA can easily
bypass the bad data detection (BDD) systems. Therefore,
FDIAs are one of the most critical attacks for today’s smart
power systems. FDIAs in power grids were first introduced a
decade ago by [7], which showed that an attacker with enough
knowledge of the grid topology can design an unobservable
attack that satisfies the power flow equations and bypasses the
BDD module. Influential reference [7] prompted an increased
interest in detection of FDIAs [8]–[21].

Most of the works that deal with detection of FDIAs assume
a linearized DC model [7]–[10], [12], [13], [15], [17], [20].
In the DC state estimation model, bus voltage magnitudes
are assumed to be known as 1 p.u. and branch resistances
and shunt elements are neglected. Hence, estimation of bus
voltage angles is reduced to linear matrix operations, and in
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general it helps to analyze the grid at some extent. Although
the linearized DC model is fast and simple, ignoring voltage
magnitudes and reactive power components does not reflect
the actual physical operation of the grid [4]. Therefore, the
DC models can not validate that the FDIAs being tested are
stealthy because PSSE and BDD tools employing AC power
flow modeling can easily detect these attacks without using
extra detectors. In addition, only a few works exploit grid
topology information into their detection model [11], [22],
[23] together with graph signal processing (GSP) techniques
to detect FDIAs. Although innovative and powerful, these
methods manually design spectral filters, an operation which
is not scalable since it requires manual and custom filter
design steps. Scalability is an essential feature that has to
be considered when designing detectors. Except a few highly
scalable designs [24], [25], the majority of the proposed
detectors for FDIAs are designed for small scale systems such
as IEEE 14 [12], [13], [15], [16] or IEEE 30 [18], [20]. There-
fore, extensibility issues may arise when deploying small-
scall detectors at large-scale networks. Employing spatial-
temporal correlations of the state variables and trust-based
voting mechanisms, reference [8] defines a consistency region
and detection threshold to differentiate honest from malicious
samples. Nevertheless, DC approximation and resolution of the
time series data highly limit the applicability of the proposed
design to realistic large-scale power grids.

Survey [26] classifies the FDIA detection algorithms into
two categories: model-based methods [12]–[16] and data-
driven methods [17]–[21]. In general, model-based algorithms
require first to build a system model and estimate its pa-
rameters to detect FDIAs. Since there is no independent
system to be trained, model-based methods do not need
historical datasets; nevertheless, threshold finding, detection
delays and scalability aspects restrict applicability of model-
based methods [26]. On the contrary, data-driven models do
not interfere with the system and its parameters, yet they
necessitate historical data and a training process in order to
reduce the detection time and increase scalability.

Due to the superiority of machine learning (ML) methods
along with the increasing volume of collected historical data
samples, ML-based detectors have been proposed to identify
FDIAs in smart grids. For example, Decision Tree (DT)
[21], Support Vector Machine (SVM) [17], [18] Multi Layer
Perceptron (MLP) [18], Recurrent Neural Network (RNN)
[20], Convolutional Neural Network (CNN) [19] models were
proposed to detect FDIAs. Despite their effectiveness, ML-
based methods may overfit and fail to detect FDIAs especially
in situations when the ML architecture does not capture
the underlying physical system generating the data [26]. To
illustrate, CNNs are well-suited to image and video processing
since locality of pixels is well modeled by the sliding kernels.
Conversely, an RNN architecture might be more applicable
to recurrent relations such as sequence to sequence language
modeling and machine translation applications [27].

Undirected graphs can be used to capture the smart grid
topology; buses and branches of the grid can be represented
by nodes and edges of the undirected graph, respectively.
The Graph Neural Network (GNN) architecture, in particular,

immensely benefits from this architectural matching promise
[28], [29]. Besides, the prediction of the filter weights in
GNNs instead of being performed manually (e.g., [11], [22],
[23]) can be executed automatically via GSP techniques which
makes GNNs more attractive to smart grid applications. For
example, in [30], GNNs are utilized for optimal power flow
applications in power grids. Due to GNN’s highly efficient
modeling capability in non-Euclidean data structure, they are
adopted in numerous areas such as social networks, physical
systems, traffic networks, and molecule interaction networks
[29]. Despite their potential, to the best of our knowledge, no
study has explored GNNs to detect FDIAs.

In this paper, we propose a GNN-based stealth FDIA
detection model for smart power grids. To fully model the
underlying complex AC power system and dynamism of the
measurements data, we decided to use a hybrid model; while
system topology is integrated into our model by the help of
GNN graph adjacency matrix, historical measurement data are
modeled by the GNN spatial layers. These features enable to
take advantage of the benefits of both model-driven and data-
driven approaches and hence better detect and mitigate FDIAs.

The contributions of this paper are summarized as follows:
(1) We properly model the inherent cyber system: due to the
topology and distribution of the smart measurement devices,
meter readings are correlated in the measurement space of
the smart grid; hence, ignoring the location of the meter data
and assuming independent and identical distribution (iid) of
meter readings may not be accurate for a data-driven model.
Therefore, we use GNN to match the cyber and physical layers
of the grid. (2) We design a stealth FDIA attack methodology
to test our detector: the main goal of any FDIA detector is to
be able to detect stealth attacks since observable attacks can
be easily detected by BDD systems. In other words, unproven
random attacks do not require any extra detector other than
traditional BDDs so the proposed detectors should be tested
under stealth attacks to fully evaluate their performances.
Therefore, we develop a Stochastic Gradient Descent (SGD)
based stealth FDIA detection algorithm to exploit the possible
weak points of the grid and assess the performance in realistic
conditions. It is experimentally verified that the designed
attacks can easily bypass classical BDD algorithms; however,
they are detected by the proposed GNN detectors. (3) We
propose a scalable and real-time FDIA detector as an early
warning/prediction system prior to the PSSE: since PSSE
outcome is directly used by various EMS, the integrity of the
measurements should be preserved. Thus, a detector system
indicating the false data injection to the measurements prior
to the PSSE is crucial. In addition, custom methods developed
for small case systems may not be applicable to larger cases;
therefore, detection models should be efficiently extensible
to larger networks. Moreover, depending on the system scale
and topology, detection delays can be very critical for power
grids, therefore possible attacks should be detected as quickly
as possible. Employing the standard test cases such as IEEE
14, 118, and 300 bus systems, it is demonstrated that the
proposed method is linearly scalable both in parameter size
and detection time.

The remainder of this paper is divided into five sections.
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Section II is devoted to preliminaries such as power system
state estimation, false data injection attacks and bad data de-
tection mechanisms in smart grids. While Section III explains
the proposed detection method and its mathematical modeling,
Section IV describes the experimental results. Finally, Section
V concludes the paper.

II. POWER SYSTEM PRELIMINARIES

A. Power System State Estimation

PSSE module aims to estimate the system state x (Vi, θi
at each bus) in the steady state by using the complex power
measurements z collected by noisy RTUs or PMUs via:

x̂ = min
x

(z − h(x))TR−1(z − h(x)), (1)

where R denotes the error covariance matrix of measurements
and z consists of active and reactive power injections at buses
(Pi, Qi) and active and reactive power flows on branches
(Pij , Qij). In polar form, these can be expressed as [4]:

Pi =
∑
j∈Ωi

ViVj(Gij cos θij +Bij sin θij) = PGi − PLi

Qi =
∑
j∈Ωi

ViVj(Gij sin θij −Bij cos θij) = QGi −QLi

Pij = V 2
i (gsi + gij)− ViVj(gij cos θij + bij sin θij)

Qij = −V 2
i (bsi + bij)− ViVj(gij sin θij − bij cos θij).

(2)
Since (2) are nonlinear and non-convex, (1) is carried out via
iterative weighted least squares estimation (WLSE) [31].

B. False Data Injection Attacks

The goal of FDIA is to find a new measurement vector za in
the measurement space of the grid such that PSSE converges
to another point in the state space of variables. Formally,

zo = h(x̂), za = a+ zo = h(x̌), (3)

where a represents the attack vector, x̂ and x̌ denote the
estimated (original) state vector and false data injected state
vector, and zo and za stand for the original and attacked
measurements, respectively.

C. Bad Data Detection

Traditional power systems use the largest normalized resid-
ual test (LNRT) to detect bad samples using below eqs. [4]:

r = z − h(x̂), G = HTR−1H,

S = I −H(G−1HTR−1), rNi =
|zi − h(x̂)i|
RiiSii

.
(4)

After estimating the current state vector using eq. (1), residues
r are calculated as the difference between observed (z) and
calculated (h(x̂)) measurements. Then, using the Jacobian
matrix H and the diagonal error covariance matrix of the
measurements R, gain matrix G is computed. Sensitivity of
the residues for each measurement represented by the residual
sensitivity matrix S are computed right after G. Finally,
residues are normalized by dividing each one of them with

the product of corresponding diagonal elements of R and S,
and normalized residue vector rN is obtained. Since rN is
assumed to have a standard normal distribution, a large rNi
can be classified as bad data, if rNi exceeds a predetermined
threshold τbdd specified by the grid operator according to the
desired level of sensitivity [4]. If an attacker wants to be
considered stealthy, the maximum normalized residual value
max(rN ) should be less than the threshold τbdd.

III. GNN BASED DETECTION OF FDIA

A. False data injection attack scenario

The main architecture and signal flow of the proposed
design is illustrated in Fig. 1. First, active and reactive power

Attacker

local
state

estimation

false
data

injection OperatorPSSE BDD

Defender
GNN based
detection

zo zo

x̂

za za

x̌

Fig. 1. Architectural overview and signal flow graph of the proposed design.
While blue boxes represent smart grids and their operations run by operator,
red and green boxes denote functional blocks of attacker and defender,
respectively. Note that operator gets attacked measurements za instead of
original ones zo due to the FDIA. Defender, on the contrary, tries to detect
possible attacks by using za.

injections Pi, Qi at buses and active and reactive power flows
Pij , Qij on branches are read by RTUs. Next, as a man in
the middle, an attacker attempts to inject false data to the
original measurements zo = [Pi, Pij , Qi, Qij ] before the grid
operator receives them. Then, using za, the operator estimates
the state variables and runs the BDD block to indicate a
possible attack. In parallel, the defender runs the GNN-based
detector when it receives the measurements and hence predicts
the probability of attack to warn the operator. In order not to
raise suspicion from the operator, the attacker needs to design a
stealth za that can bypass the BDD mechanism incorporated in
eq. (4). At the same time, the attack strength should be strong
enough to cause intended consequences or damages to the
grid. In this regard, s/he initially estimates the state variables
of grid in the target area T , where security of the meters is
compromised. Then, s/he searches a set of measurements za
in the measurement space that serves the intended aim.

As indicated by [1], [7], FDIAs require that an adversary
know the parameters and topology of the targeted portion of
the system and is able to tamper the measurement data before
the operator uses them in PSSE. Since accessing information
and hardware all over the grid is neither easy nor realistic,
we use a realistic ‘local’ attack model to test our system.
Due to the lack of open source, AC power flow based stealth
FDIA generation algorithms to fully test the detection system,
we propose a generic, localized AC stealth FDIA generation
method using the stochastic gradient descent algorithm. Herein
scenario, the attacker focuses on a target area of the grid
where the measurements s/he wants to inject the false data
are located. To specify this area, it is assumed that s/he found
an entry point p in the cyber layer and can manipulate the
measurements up to the r−neighbor of p. Since generation
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buses and zero-injection buses would be too risky to change,
s/he skips those buses even if they are in their active target
region [32]–[35]. Moreover, s/he avoids to attack the power
flow measurements if this alternation leads to violate the KCL
at the bus that the line is connected to [36].

An example IEEE 14 case system is demonstrated in Fig. 2,
where an attacker’s entry point p is bus 10 and his radius r
is 2, so s/he can change the measurements of buses 10 (entry
point), 9 and 11 (1−degree neighbors), and 4, 7, 14 (2−degree
neighbors) designated with red stars. It is presumed that s/he
can alter the measurements of the power flows in the active
area represented by red dashed lines. Note that s/he skips bus
6 since it is a generator node designated by a green square.
In addition, s/he also skips the line between 6 and 11 since,
for this scenario, it is the only attackable meter connected to
bus 6 and any change in this line violates the KCL equation
at 6. All the other measurements outside the target region T
represented by red surface are presumed to be still secure to
the attacker. To find a stealth attack vector in T , the attacker
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generator

insecure

Fig. 2. Visualization of an example IEEE 14 bus system where an attacker
enters the system from bus 10 (entry point) and affects the 1−degree
neighbors: bus 9 and 11, and 2−degree neighbors: bus 4, 7, 14 depicted
with red stars. Besides, it is assumed that s/he can change the power flows
measurements depicted with red dashed lines in the target area T represented
by the red surface. Note that since bus 6 is a generator node illustrated by a
green square s/he skips it. Moreover, she avoids changing the line between
bus 6 and 11 in order to not violate the KCL equation at 6.

tries to minimize the objective function:

min
x̌

λz||h(x̌)i − h(x̂)i||2 − λx||x̌j − x̂j ||,∀i ∈ Tz,∀j ∈ Tx
s.t. h(x̌)k = h(x̂)k, x̌l = x̂l, ∀k 6∈ Tz, ∀l 6∈ Tx

τminm < ||x̌|| < τmaxm , τmina < ∠(x̌) < τmaxa ,
(5)

where x̂ denotes the honest state vector, x̌ stands for false
data injected state vector, λz and λx are weighting factors
associated with loss terms, Tz and Tx denote the targeted
measurements and state variables, τminm and τmaxm denote the
minimum and maximum values of the magnitude of x̌, and
τminm and τmaxm represent minimum and maximum values of
the angle of x̌, respectively. In essence, s/he searches a vector
x̌ in the state space of the grid X by only targeting some
x ∈ Tx so that the corresponding measurements za = h(x̌)
resemble the original measurements zo in the measurement
space of the grid Z restricted by Tz . Note that the objective
function in (5) consists of two competing losses. While the
first part ||h(x̌)i−h(x̂)i||2 aims to minimize the measurement
differences in Tz , the second part ||x̌j − x̂j || maximizes the

attack power injected into the state variables in Tx. The trade-
off between these objectives is directly related to detection
risk and attack power since deviation from the original state
variables increases the probability of being detected. Con-
sequently, an attacker can increase the attack power at the
expense of higher risk of being detected.

The attacker aims to maximize the assault power by mini-
mizing the detection risk. To do that, s/he first defines a free
complex variable x̌j ∈ X in the vicinity of original estimated
values by probing them with a small Gaussian noise. Then,
by the help of SGD algorithm, s/he calculates the gradient
of the state variables with respect to the joint loss defined in
(5) and updates them iteratively at each step until there is no
improvement in the loss. Recall that s/he only updates a state
variable if it is in the active insecure area. Eventually, s/he
decides whether to inject this obtained false data to the related
measurements in the cyber layer of the grid, according to the
final loss value obtained during the iterations. In a sense, this
individual latent vector search can be interpreted as ‘training’
in the machine learning terminology [37]; however, it is very
specific to the corresponding time slot and should be repeated
for each case in order to minimize the detection risks. Note
that this generic algorithm can be tailored according to the
modeled electric grid and capabilities of the attacker.

B. Graph Neural Network Modeling of Smart Grids

Smart power grids can be modeled by a connected, undi-
rected, weighted graph G = (V, E ,W ) that consists of a
finite set of vertices V with |V| = n, a finite set of edges
E and a weighted adjacency matrix W ∈ Rn×n [38]. Buses
are represented by vertices V , branches and transformers are
represented by edges E and line admittances are represented
by W in this mapping. If the buses i and j are connected,
the corresponding weight of the edge e = (i, j) connecting
vertices i and j is assigned to Wij . A signal or a function
f : V → R in G can be represented by a vector f ∈ Rn,
where ith component of the vector f corresponds to scalar
value at the vertex i ∈ V .

A fundamental operator defined in spectral graph theory
[38] is the graph Laplacian operator L ∈ Rn×n. Its normalized
definition is represented as L = In −D−1/2WD−1/2 where
In is the identity matrix, and D ∈ Rn×n is the diagonal
degree matrix with Dii =

∑
jWij . Since L is a real sym-

metric positive semi-definite matrix, all eigenvalues λi of
it are real valued and non-negative, and it has a complete
set of orthonormal eigenvectors ui [38]. Thus, L can be
diagonalized as L = UΛUT where U = [u0,u1, . . . ,un−1] ∈
Rn×n represent the n orthonormal eigenvectors, and Λ =
diag([λ0, λ1, . . . , λn−1]) ∈ Rn×n denotes the diagonal matrix
of n eigenvalues 0 = λ0 < λ1 < . . . < λn−1 < 2 due to the
normalization [38]. In fact, vectors ui form the graph Fourier
basis and λi values represent frequencies in the graph spectral
domain [38].

The Fourier Transform and its inverse can be defined in
the graph spectral domain analogously to the classical Fourier
Transform. Namely, the Graph Fourier Transform (GFT) and
Inverse Graph Fourier Transformation (IGFT) are defined as
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s̃ = UT s and s = Us̃ where s and s̃ denote vertex and spectral
domain signals, respectively.

Unlike classical signal processing, a meaningful translation
operator does not exist in the vertex domain [39]. Therefore,
to apply a convolution operation to graph signals, they are
first transformed into the spectral domain using GFT, then
convolved (Hadamard product) in the spectral domain and
finally the result transformed back to the vertex domain using
IGFT [39]. Formally, x ∗G y = U((UTx)� (UT y)).

Similarly, a graph signal x ∈ Rn is filtered by a kernel gθ:

y = gθ ∗G x = gθ(UΛUT )x = Ugθ(Λ)UTx ∈ Rn, (6)

where gθ(Λ) = diag(θ) is a non-parametric kernel, and
θ ∈ Rn is a vector of Fourier coefficients [38]. To put it
differently, gθ filters the signal x in the spectral domain by
multiplying its spectral components with the free θ coefficients
in a similar way with the classical signal processing in the
Fourier domain. Eventually, the filtered signal is transformed
back to the vertex domain by IGFT [38]. Nevertheless, those
non-parametric filters are not spatially localized and hence
computational complexity of eq. (6) is O(n2) due to the matrix
multiplication with U . To thwart this problem, [39] proposed
to parameterize gθ(L) as a Cheybyshev polynomial function
which can be computed recursively from L.

The K order Chebyshev polynomial of the first kind Tk(x)
is computed recursively as follows [40]:

Tk(x) = 2xTk−1(x)− Tk−2(x), (7)

where T0(x) = 1 and T1(x) = x. Therefore, a filter gθ can
be approximated by Chebyshev polynomials, Tk, up to order
K − 1 and a signal x can be filtered by gθ:

y = gθ ∗G x = gθ(L)x =

K−1∑
k=0

θkTk(L̃)x, (8)

where the parameter θ ∈ RK is a vector of Chebyshev
coefficients, and Tk(L̃) ∈ Rn×n is the Chebyshev polynomial
of order k evaluated at the scaled Laplacian L̃ given by
L̃ = 2L/λmax−In. Finally, filtered signal y can be calculated
by the help of (7) and (8) as:

y =

K−1∑
k=0

θkx̄k, (9)

where x̄0 = x, x̄1 = L̃x, and x̄k is computed recursively:

x̄k = 2L̃x̄k−1 − x̄k−2. (10)

Note that convolution in eq. (9) is K-localized, and its
computational complexity is reduced to O(K|E|). Thus, it can
efficiently be utilized in the intermediate layers of the GNN
to model the non-Euclidean measurement data of power grids.
For detailed analysis, please refer to [38], [39].

C. Detection of Attacks Using Graph Neural Network

The architecture of the proposed GNN-based detector is
depicted in Fig. 3. It contains one input layer to represent
bus power injection measurements, L hidden Chebyshev graph
convolution layers to extract spatial features and one output

dense layer to predict the probability of the input sample being
attacked. In this layered structure, X0 denotes two channel
input tensor [Pi, Qi] ∈ Rn×2, X l represents the output tensor
of hidden layer l ∈ Rn×cl , y ∈ R designates the scalar output
of the neural network, 1 ≤ l ≤ L, and cl stands for the number
of channels in layer l. Particularly, a GNN hidden layer l
takes X l−1 ∈ Rn×cl−1 as input and produces X l ∈ Rn×cl
as output. Different from the hidden graph layers, dense layer
outputs y in classical feed-forward neural networks by feeding
with the inputs XL ∈ Rn×cL . In this multi-layer architecture,

...

input
GNN GNN GNN Dense

0/1

output
...

...

...

P

Q ŷ

Fig. 3. Architecture of the proposed GNN based detector.

each Chebyshev layer l for 1 ≤ l ≤ L transforms its input
X l−1 by first applying graph convolution operation using eqs.
(9) and (10), then adding a bias term and finally employing
a nonlinear rectified linear unit function (ReLU) defined as
ReLU(x) = max(0, x) to generate X l. Namely,

X l = ReLU(θl ∗G X l−1 + bl), (11)

where θl ∈ RK×cl−1×cl denotes free Chebyshev coefficients
and bl ∈ Rcl represents bias term of the layer l . Recall that
each Chebyshev layer gets extra scaled Laplacian L̃ values. In
a similar fashion, output of the dense layer is computed by y =
σ(WLXL + bL), where WL ∈ Rn×cL denotes the weights of
each feature, bL ∈ R represents the bias term and σ designates
the nonlinear sigmoid operation: σ(x) = 1/(1 + e−x).

IV. EXPERIMENTAL RESULTS

A. Data Generation

Generating reliable data is the first step in building a
successful defense mechanism since all the future blocks
depend on it. Since it is not possible to find publicly avail-
able power grid data due to privacy issues, synthetic data
are generated using Pandapower [41] for several test cases
including IEEE 14, 118, and 300. Data generation steps are
summarized in Algorithm 1. To make the data as realistic as
possible, we first downloaded ERCOT’s 15 minutes interval
backcasted actual load profiles [42]. Next, we arbitrarily
selected the ‘BUSHILF SCENT’ profile which corresponds
to south-central Texas having a high load factor. Then, we
normalized the time series data to zero mean and unit variance
‘scaler’ vector S so that it can be easily adapted to each test
system. Having obtained S, we run the Main function of the
Algorithm 1 where a smart grid object sg is created for each
test system having n bus and Generate function is called for
each timesteps t. In Generate function, the scaling parameters
of generator and load buses are assigned to a sample drawn
from a normal distribution with 1 + 0.1 × St mean and
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Algorithm 1: Data generation
Input : normalized scaler S // µ = 0, σ = 1

Output: Zn,Xn for each test system n
1 N ← [14, 118, 300] // IEEE bus systems

2 T ← [1 to 9600] // timestep index

3 k, σs ← 0.1, 0.03 // scaling coefficients

4 σn ← 0.01 // noise coefficient

5 Function Generate(sg, t):
6 foreach bus ∈ sg.genbus ∪ sg.loadbus do
7 bus.scale← N (1 + k × St, σs)
8 zo = sg.PF () // run AC power flow

9 zo ← N (zo, zo × σn), // 1% additive noise

10 x̂← sg.PSSE(zo) // estimate state

11 return zo, x̂
12 Function Main:
13 foreach n ∈ N do
14 Zn, Xn ← [ ], [ ] // empty vectors

15 sg ← SG(n) // smart grid obj.

16 foreach t ∈ T do
17 z, x← Generate(sg, t)
18 Zn[t], Xn[t]← z, x // append

19 Zn.save(), Xn.save()

0.032 variance, where St denotes the value of S at time-
step t. Due to the properties of normal distribution, the scaling
operation provides practically more than ±20% dynamic range
on average with respect to the static case. We limit the scaling
range between 0.7 and 1.3 for the convergence of power
flow solutions. As a next step, AC power flow solutions are
calculated, and the measurements considered to have 1% noise
are read. Finally, PSSE is conducted, and estimated state
variables are returned along with original meter values to the
Main function. In Fig. 4, the scaling process formulated with
line 7 in Algorithm 1 is demonstrated for one week period
(7 × 96 samples). Please note that S depicted in Fig. 4b is
just a normalized version of the load profile given in Fig. 4a.
Next, the load and generation values of buses are multiplied
with a value sampled from a distribution N (1 + k × St, σs)
which has 1 + k×St mean and σs standard deviation at time
t. Namely, they follow the patterns in S by deviating around
their static values defined in their test systems.

B. Attack Generation

After generating honest data samples, we focus on malicious
data samples in this subsection, where the attack generation
steps are summarized in Algorithm 2. The algorithm gets
original measurements matrix Zn ∈ RT×m and estimated
state variable matrix Xn ∈ RT×n and produces their attacked
version as well as corresponding sample vector Yn ∈ RT ,
where 0 and 1 in Yn represent honest and malicious samples,
respectively. As can be seen from Algorithm 2, Main function
simply creates the smart grid and attacker objects, fetches the
current sample and calls Generate function for each system
having n buses at each time-step t.

Generate function, in contrast, simulates a ‘smart’ intruder
capable of entering the cyber layer of the grid, computing an
unobservable attack vector and deciding to insert the false data
into the measurement devices according to the ‘quality’ of the
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Fig. 4. An example scaling process for bus 2 in the IEEE-14 bus test system.
First, load profile of south-central Texas region (Fig. 4a) is normalized and the
scalar S is obtained (Fig. 4b). Then, load (Fig. 4c) and generation (Fig. 4d)
values of buses are multiplied with a scalar value sampled from the distribution
N (1 + k × St, σs) having 1 + k × St mean and σs standard deviation at
time t. For this example, the static values of load and generation at bus 2 in
the IEEE-14 bus system are 21.7 MW and 40 MW, respectively. Please note
that while S has relatively smooth transition between the time-steps, load and
generation values have some spikes due to deviation of multiplier around St
which increases the variety of samples in the data-set.

attack. In this regard, since it is not realistic to assume that an
attacker can inject false data at every time step due to practical
reasons, Generate function first models the attack frequency
by a r.v. f ∼ N (0, 1) where f > τfreq means the attacker
has successfully entered the system. To attack roughly 15%
of total time-steps on average, τfreq is selected as 1. Second,
it models the target area of the attacker T similar to the red
area given with Fig. 2 by help of a r.v. p ∼ U(1, n) and
a predefined attack radius r. To this end, it calls a breadth
first search (BFS) method of the attacker object to model the
target area defined by a set of measurements captured by the
attacker denoted by Tz and a set of state variables T intended
to inject the false data. In fact, all the measurements and state
variables located up to r-distance neighbor of the bus p are
assumed to be in Tz and Tx except the generator buses and
zero-injection buses. Then, it calls the attack method of the
attacker to compute and insert za if the method returns a loss
value smaller than threshold τloss.

The attacker’s assault method solves the nonlinear and non-
convex minimization (5) in the Tensorflow [43] library. As a
first step, it defines a free trainable vector tuple to represent
the new complex state variables x̌ which constitutes the ‘fake’
operating point at the end of attack: voltage magnitude V is
limited to 0.9 < V < 1.1 p.u. and voltage angle θ is limited
to −π < θ < π. Next, it initializes the jth elements of this
tuple in the vicinity of their original variables by adding a
small Gaussian white noise N (0, σ2

n) if j ∈ Tx to ignite
the optimization. This small proximity could play a vital role
because SGD may fail to reduce the objective function if
the initial point is not balanced [37]. A x̌ too close to x̂
might result to no update at all in optimization variables V
and θ, whereas a x̌ too distant to x̂ might get stuck in a
secluded region of X and produce a highly suspicious za.
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Algorithm 2: Attack generation
Input : Zn, Xn for each test system n
Output: Zn, Xn, Yn for each test system n

1 N ← [14, 118, 300] // IEEE bus systems

2 T ← [1 to 9600] // timestep index

3 σn ← 0.005 // initial disturbance

4 λz, λx ← 1, 1 // loss weights

5 η, E ← 0.001, 1000 // learning rate and epochs

6 τfreq, τloss ← 1, 0.1 // attackers thresholds

7 Rmin ← {14 : 2, 118 : 3, 300 : 6} // min radius

8 Rmax ← {14 : 3, 118 : 4, 300 : 8} // max radius

9 Function attacker.attack(zo, x̂, Tz, Tx):
10 trainable V : 0.9 < V < 1.1
11 trainable θ : −π < θ < +π
12 V , θ ← abs(x̂), angle(x̂)
13 foreach j ∈ Tx do
14 Vj ← Vj +N (0, σ2

n)
15 θj ← θj +N (0, σ2

n)

16 foreach epoch ∈ E do
17 x̌← V ejθ // complex state vars.

18 za ← h(x̌) // real measurements

19 Lz ←
∑
i ||zai − zoi||2, ∀i 6∈ Tz

20 Lx ←
∑
j ||x̌j − x̂j ||, ∀j 6∈ Tx

21 L← λzLz − λxLx
22 foreach j ∈ Tx do
23 Vj ← Vj − η ∂L

∂Vj

24 θj ← θj − η ∂L∂θj

25 x̌← V ejθ // complex state vars.

26 za ← h(x̌) // real measurements

27 return za, L
28 Function Generate(attacker, zo, x̂):
29 y, z ← 0, zo // no attack yet

30 f ∼ N (0, 1) // attack frequency

31 if f > τfreq then
32 p ∼ U(1, n) // entry point

33 r ← U(Rmin[n], Rmax[n]) // attack radius

/* determine attack surface by BFS */

34 Tz, Tx ← attacker.BFS(p, r)
za, loss← attacker.attack(zo, x̂, Tz, Tx)

35 if loss < τloss then
36 y, z ← 1, za // attack injected

37 x̌← sg.PSSE(z)
38 return z, x̌, y
39 Function Main:
40 foreach n ∈ N do
41 Yn ← [ ] // empty label vector

42 sg ← SG(n) // smart grid obj.

43 attacker ← Attacker(n) // attacker obj.

44 foreach t ∈ T do
45 Zn[t], Xn[t], Yn[t]←

Generate(attacker, Zn[t], Xn[t])

46 Xn.save(), Zn.save(), Yn.save()

Thus, σn = 0.005 is found to be accurate according to the
minimization loss. Then, for each epoch, it obtains za using
h(x) and consequently calculates loss term Lz as a root mean
squared error between za and zo, and Lx as a mean absolute
error between x̌ and x̂. Eventually, it calculates gradients of
total loss L = λzLz − λxLx with respect to optimization
variables Vj and θj ∈ Tx and updates corresponding terms
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(c) Minimization loss
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(e) max ∆|V | [p.u.]
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Fig. 5. Distributions of attacker’s entry point (5a), ratio of seized meters in
percentage (5b), minimization loss values by solving eq. (5) (5c), maximum
absolute difference of attack to measurements (Fig. 5d) and maximum absolute
difference of state variables due to attacks in terms of voltage magnitude
(5e) and angle (5f) obtained by Algorithm 2. Roughly speaking, the attacker
initiates the assault arbitrarily and uniformly from any node (Fig. 5a) by
capturing up to 30% of the available meters (Fig. 5b) and succeeding 83.4%
of the attempts (Fig. 5c). Adding maximum 30 MW or 30 MVAR of attack to
measurement devices (Fig. 5d) creates maximum 2% deviation in magnitudes
(Fig. 5e) and maximum of 1.2 degree in angles (Fig. 5f) of state variables.
Attack frequency and attack power might be strengthened by increasing τfreq
and τloss parameters in Algorithm 2 at risk of high detection by operator.

in the reverse direction of gradients by scaling the gradients
with learning rate η before starting the next epoch. Lastly, it
returns za and final loss L to Generate function and halts.
Distributions of some important values of IEEE 300 test
system are given in Fig. 5 after running Algorithm 2.

C. Attack Detection

In order to immediately predict the attack probability in
our models instead of waiting for PSSE result, we only
use measurement values in our detectors. Moreover, since
Pi + jQi =

∑
k∈Ωi

Pik + jQik, node values can represent
branch values as summation in their corresponding Ωi and the
proposed GNN-based detector accepts features in its nodes, we
decide to use only Pi and Qi as input to our models. PSSE
and BDD modules, on the contrary, continue to receive every
available measurement to operate as depicted in Fig. 1.

Having decided to input features [Pi, Qi]n ∈ R9600×n×2

and output labels Yn ∈ R9600 for n ∈ {14, 118, 300} bus
test systems where 0 denotes honest and 1 denotes malicious
samples of Yn, we partition the first 60% of the samples for
training the proposed detectors, the next 20% for validating
and tuning the hyper-parameter of the models, and the last
20% for evaluating the performances of the detectors. Then,
we standardize each split separately, with a zero mean and a
standard deviation of one, to have a faster and more stable
learning process [44].

As a next step, we implement the GNN-based FDIA detector
having a multi-layer Chebyshev graph convolution layer in its
hidden layer and one dense layer on top of that as depicted in
Fig. 3. We add a bias term and ReLU activation functions
between graph convolutional layers and sigmoid activation
functions at the last dense layer to increase the detector’s
nonlinear modeling ability [44]. As for weighted adjacency
matrix W , we use the magnitude of complex sparse Ybus
matrix of the corresponding grid, which models the relation
between nodes, determine the graph Laplacian L and scale it
to obtain L̃.
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All free unknown parameters defined in the model are
computed by a supervised training using cross-entropy loss:

L(ŷ,Wθ) =
−1

N

N∑
n=1

yi log(ŷi) + (1− yi) log(1− ŷi), (12)

over the training set where N denotes the number of samples
in the training set, Wθ represents all trainable parameters θl
and bl for 1 ≤ l ≤ L along with WL and bL in the model,
and yi and ŷi stand for true and predicted class probability for
sample i, respectively. Training samples are fed into the model
as mini batches having 64 samples with 128 maximum number
of epochs in addition to the early stopping where 16 epochs
are tolerated without any improvement in the cross entropy
loss of validation set. All the implementation was carried
out in Python 3.8 using Pandapower [41], Sklearn [45], and
Tensorflow [43] libraries on Intel i9-8950 HK CPU 2.90GHz
with NVIDIA GeForce RTX 2070 GPU.

To evaluate the performance of proposed model in the
binary classification task, we use true positive rate or detec-
tion rate (DR) DR = TP/(TP + FN) as probability of
attack detection, false positive rate or false alarm rate (FA)
FA = FP/(FP +TN) as probability of falsely alarming the
system even though there is no attack, and the F-measure or
F1 score F1 = 2 ∗ TP/(2TP + FP + FN) as the harmonic
mean of the precision and sensitivity of classifier [44], where
TP, FP, TN, and FN stand for true positives, false positives,
true negatives and false negatives, respectively.

1 3 5
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1 3 5

(b) rN for IEEE 118

1 3 5

(c) rN for IEEE 300
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(d) ŷ for IEEE 14
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(f) ŷ for IEEE 300

Fig. 6. Distributions of normalized residues rN and predicted class probabil-
ities ŷ for each IEEE test system having 14, 118, and 300 buses, respectively,
computed on test dataset where black and red bars denote honest and malicious
samples, respectively. GNN based detector transforms the class distributions
so that they can be easily separated. In traditional BDD, in contrast, it is not
possible to isolate the bad samples due to stealthy FDIA.

Predicted class probabilities ŷ obtained by GNN-based
detector along with rN values computed by the LNRT-based
BDD system are given side-by-side for each test system in
Fig. 6. Note that while it is almost impossible to separate
honest and malicious samples by rN due to intricate class
distributions on the left side, the proposed GNN-based detector
efficiently ‘filters’ malicious samples in its hidden layers and
provides easily separable ŷ distributions. Please refer to Table I
for detailed classification results.

D. Model Scalability

Model scalability in terms of total number of parameters and
prediction time is examined herein subsection. We first assess
the total number of free trainable parameters in the proposed

models. While each K-localized Chebyshev layer l having cl
channels for 1 ≤ l ≤ L consists of K × cl−1 × cl Chebyshev
coefficients and cl bias terms, the final dense layer assumes
n× cL dense weights and a bias term. Thus, the total number
of parameters in the model is given by:

K

l=L∑
l=1

((cl−1 + 1)× cl) + n× cL + 1. (13)

It can be seen from (13) that except for the last dense layer,
the number of parameters in a GNN is free from bus size n
and it linearly and independently scales with the neighborhood
order K, previous layer’s filter size cl−1 and its own filter
size cl. Second, we measure and save the prediction delays of
each system. To fairly analyze how prediction time t and total
number of parameters p change with the increasing bus size
n, we fix the other variables at K = 3, L = 3, and cl = 32
for each layer l. Fig. 7 demonstrates that models are linearly
scalable in terms of n.

Fig. 7. Linear scalability of the proposed models in terms of prediction time
t [ms] and total number of parameters p.

E. Visualization of how information spreads through layers

In this subsection, to explain and visualize how the proposed
GNN-based detector distinguishes a malicious sample from an
honest one, we examine the output of the filters from each
layer of a trained network. To this end, first we arbitrarily
select a node from the center region of the grid, for instance,
bus 68 of the IEEE 118 bus system. Second, we randomly
choose an honest sample s from the training data set and create
a malicious sample ś by adding a point-wise attack to the bus
68 with a magnitude one to easily follow the spreading of
this anomalous information through the hidden layers of the
network. To focus on the anomaly, we calculate the difference
of the Chebyshev filter outputs δl = śl − sl at each layer
l for 0 ≤ l ≤ 4 including the input layer l = 0. Starting
from δ0, the example filter output differences from each of
the Chebyshev layers are depicted in Fig. 8. It can be clearly
seen from Fig. 8 that each node transmits this anomalous data
to its K-neighbors, where K is chosen as 3 for this network,
and the information advances in K-locality through each of
the Chebyshev layers. The dense layer at the end of the model,
in contrast, uses the anomalous features and decides its outputs
by a sigmoid function. As expected, s4 = 0 and ś4 = 1 at
the output of the model. In essence, K-localized Chebyshev
filters of the proposed detector extract this spatial information
through its GNN and dense layers to predict the probability
of attacks for the input sample.
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(a) Input layer difference δ0 (b) A layer 1 filter difference δ1

(c) A layer 2 filter difference δ2 (d) A layer 3 filter difference δ3

Fig. 8. Visualization of anomaly propagation through the layers of the
proposed network. To better follow how the anomaly spreads, we plotted the
signal differences at each layer. It can be clearly seen that each node sends
information up to its K-neighbor in each filter and the message advances K
nodes through each layer. Note that K is chosen 3 for this network in the
training phase. For clarity, only affected area of the grid is depicted.

F. Comparison with Other Methods

To compare our GNN-based models with the available
detectors, we also implement Decision Tree (DTC) [21], Sup-
port Vector (SVC) [17], Multi Layer Perceptron (MLP) [18],
Recurrent Neural Network (RNN) [20], and Convolutional
Neural Network (CNN) [19] based FDIA detectors. Since we
do not have access to the data set of corresponding works, we
train, validate and test these models similar to our proposed
detector using our dataset.

DTC is a member of the non-parametric and supervised ma-
chine learning algorithms family aiming to create a multitude
of decision rules on the input features to predict the class labels
[46]. SVC, in contrast, tries to predict the hyperplane fitting the
target variable by maximizing the margin and keeping the error
within a threshold [47]. Therefore, only the support vectors
residing in the margin contribute to the decision boundary
and determine the error tolerance of the fitted hyperplane.
MLP is a feed-forward type NN consisting of one input
layer, one or more hidden layers, and one output layer. It is
trained by using a backpropagation algorithm which iterates
backwards the errors from the output layer to the lower layers,
and feed-forwards the weight updates from the input layer
to the higher layers [48]. Different from MLP, RNN is a
NN that utilizes an internal memory component to remember
its previous outputs to be used as next inputs which enables
it to appropriately model sequential data [49]. CNN, on the
contrary, is a regularized form of MLP where fully connected
relations are replaced with shift invariant and weight shared
convolution filters which allows it to better model the spatial
and temporal correlations of the data [50].

The detection rate (DR), false alarm rate (FA), and F1 score
of each model for each test system are given as percentages
in Table I. Clearly, the LNR-based BDD system falls behind
every other model due to non-separable class distributions
of rN values, as depicted in Fig. 6. It simply predicts each
sample as malicious, and this results in 100% FA rate for
each test system. Non-NN based approaches such as DTC
and SVM, in contrast, enhance the FA and perform better
than BDD by an F1 score range between 67.91% - 85.97%

due to their nonlinear modeling capabilities. The NN-based
family surpasses the non-NN based models in general, except
the MLP where it achieves comparable results with SVC and
DTC. The RNN-based detector yields 86.33%, 83.87%, and
71.08% F1 score for IEEE 14, 118, and 300 bus systems,
respectively. Only CNN and GNN based detectors reach the
90% F1 range. Nevertheless, GNN outperforms CNN models
by 3.14%, 4.25% and 4.41% in F1 for IEEE test cases with
14, 118, and 300 buses, respectively.

TABLE I
COMPARISON OF DETECTOR PERFORMANCES (BEST IN BOLD, WORST IN
ITALIC) IN TERMS OF DETECTION RATE (DR), FALSE ALARM (FA), AND
F-MEASURE (F1) CLASSIFICATION METRICS FOR EACH IEEE TEST CASE

SYSTEM WITH 14-, 118-, AND 300-BUS TEST SYSTEMS WHERE.

IEEE 14 IEEE 118 IEEE 300
model DR FA F1 DR FA F1 DR FA F1
BDD 100.0 100. 27.35 100.0 100. 26.32 100. 100. 23.26
DTC 68.64 29.0 67.91 75.63 22.4 77.06 74.19 9.69 78.79
SVC 75.49 0.13 85.97 67.21 11.2 74.53 64.84 11.6 71.08
MLP 79.42 2.95 87.17 79.65 8.86 83.89 60.83 7.51 70.54
RNN 78.38 3.31 86.33 74.73 3.05 83.87 64.49 9.73 71.08
CNN 79.30 3.25 87.00 86.33 4.88 89.82 92.11 3.33 93.26
GNN 83.97 2.43 90.14 90.61 1.18 94.07 96.51 0.72 97.67

Our experiments point out that architectural differences in
the NN family play a vital role in terms of detection perfor-
mance. MLP-based detectors tend to overfit the training data
and fail to generalize due to its fully connected relationship
between its units. RNNs, in contrast, can not achieve desired
results since node values do not form a sequence type of data.
Performance of CNN-based models comes after GNN due to
their ability to model the temporal and spatial relations of the
input data in the Euclidean space, where the locality of the
input features can be represented by regular linear grids such
as in image or video data. Nevertheless, the inherent graph
structure of power grid measurements can not be modeled in
the Euclidean space except in trivial cases. As a matter of fact,
graph data requires topology-aware models such as GNN to
better reflect the adjacency relations of the measurement data.

G. Impact of Different Weights in the Attack Generation

To assess the impact of different weights in eq. (5) on
detection performance of the proposed approach, we generate
two extra datasets for each test system having 14-, 118-,
and 300-bus test systems. In this connection, the Algorithm
2 is executed two more times for each test system with
λz = 10, λx = 1 for dataset-c (DSc) and λz = 1, λx = 10
for dataset-a DSa as specified in line 4 of Algorithm 2 where
DSc and DSa indicates cautious and aggressive intruder,
respectively. In DSc, the intruder becomes more cautious
and avoids potential detection by decreasing λx

λz
ratio which

corresponds to the attack power. In contrast, the intruder
becomes more aggressive and increases the attack power by
increasing this ratio at the expense of high detection risk in
DSa. S/he keeps weighting factors balanced in previously
generated dataset-b (DSb) by assigning λz = 1, λx = 1.
Fig. 9 illustrates the dataset distributions corresponds to DSc

and DSa with blue and red colors, respectively. It can be
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seen from Fig. 9 that the ratio of weighting factors λx and
λz defined in (5) directly affect the attack power on the state
variables.

λx

λz0.1 1 10

DSc DSb DSa
cautious intruder
• low deviation
in z and x

• low detection risk

aggressive intruder
• high deviation

in z and x
• high detection risk

(a) the impact of attack power λx
λz

on the generated datasets.

(b) max ∆|V | [p.u.]. (c) max ∆|θ| [degree].

Fig. 9. The impact of attack power on the datasets and distributions of
maximum absolute difference of state variables due to attacks in DSc (blue)
and DSa (red) in terms of voltage magnitude (9b) and angle (9c) obtained
by Algorithm 2. Note that while max ∆|V | and ∆|θ| values can reach 0.01
p.u. and 1.1 degrees in DSc, they are spread up to 0.04 p.u. and 2.5 degrees
in DSa, respectively.

After obtaining DSc and DSa for each test system, we
applied our detectors on DSc and DSa to compare model
performances similar to the previous comparisons conducted
on DSb. Namely, we split and scale the datasets and train
detector models on the training split, optimize the parameters
on the validation split and evaluate the final results on the test
split. Fig. 10 summarizes the classification results in terms
of F1 ratios. As expected, detection performances increase
from DSc to DSa for each model and test system due
to comparably more separable class distributions between
honest and malicious samples. However, the proposed GNN
outperforms the best available solutions in the literature for
14-, 118-, and 300-bus test systems by 4.31%, 3.46%, 4.48%
for the ‘cautious’, 3.14%, 4.25%, 4.41% for the ‘balanced’,
and 3.19%, 3.43%, 3.88% for the ‘aggressive’ intrusion,
respectively. In addition, it is observed from our experiments
that GNN performs better compared to other models in larger
cases because when the number of nodes increases, the spatial
correlation between adjacent measurements becomes more
dominant compared to the global correlations between all
measurements. Since GNN is specifically designed to exploit
this spatial information of the data, it performs a better job
for larger cases. In other words, the denser topology translates
into more spatial correlation which improves GNN’s accuracy.

H. Tuning Model Hyperparameters

Traditional hyper-parameter tuning algorithms such as ran-
dom search and grid search try to find the optimal parameters
by randomly or sequentially sampling the parameters from the
hyper-parameter space of the model and ignoring the results
of previous trials. For example, even though any combination
of a parameter set for a specific value of a parameter would
fail to perform well regardless of the other parameters, these
techniques might continue to run its trials with these specific
values. Thereupon, selecting the optimal hyper parameters
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(c) Effect of attack power and detec-
tion model for n = 300
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(d) Effect of attack power and number
of buses for GNN model

Fig. 10. The impact of attack power, detector model, and grid size on the F1
score of implemented detectors. For each model and test system, performance
of the detectors increase from ‘cautious’ (DSc) to ‘aggressive’ (DSa) attacks
in Figs. 10a, 10b, and 10c, for IEEE 14-, 118-, and 300-bus test systems,
respectively. In Fig. 10d, effect of attack power and grid side is visualized
for the proposed GNN based detector. Performance of the detector for the
proposed model increases with larger systems and more aggressive attacks.

using random or grid search could be highly stagnant par-
ticularly for large hyper-parameter spaces. On the contrary,
the Bayesian optimization technique considers performances
of the past trials to better explore the parameter space. By
focusing on more ‘promising’ regions of the parameters space
in the light of its past experiences, it tries to select parameter
combinations which give better validation performance. As
a consequence of this informed navigation and sampling, it
reduces the search time and offers a better set of parameters
which can lead to better model performance [44].

All model hyper-parameters are tuned using Bayesian opti-
mization techniques, Sklearn [45] and Keras-tuner [51] Python
libraries. Whereas the model fitting is performed on the train-
ing split of data, evaluation and optimal parameter selection
are carried out on the validation split. After choosing the best
hyper-parameters in 200 trials for each model, performances
of the models having optimal parameters are assessed on the
test splits, and results are saved. Please refer to Table II for
the hyper-parameters, their space, and optimal values for each
model and test system.

V. CONCLUSION

In this paper, we addressed the detection of stealth FDIA
in modern AC power grids. To that end, we first developed
a generic, locally applied, and stealth FDIA generation tech-
nique by solving a nonlinear non-convex optimization problem
using SGD algorithm and made available the labeled data
to the research community. Second, we proposed a scalable
and real-time detection mechanism for FDIAs by fusing the
underlying graph topology of the power grid and spatially
correlated measurement data in GNN layers. Finally, we tested
our algorithms on standard test beds such as IEEE 14-, 118-,
and 300-bus systems and demonstrated that the proposed GNN
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TABLE II
OPTIMIZED MODEL HYPER-PARAMETERS.

model param space IEEE-14 IEEE-118 IEEE-300
BDD threshold {0.01, 0.02, . . . , 5.0} 1.05 2.37 2.62

DTC

criterion {gini, entropy} entropy gini gini
depth {8, 9,. . . , 64} 64 64 64

features {0.1, 0.2, . . . , 0.9} 0.3 0.4 0.5
min. leaf {1, 2, . . . , 8} 4 1 2

SVC

C 10{−6,−5,...,2} 102 102 101

degree {1, 2, . . . , 5} 2 2 -
gamma 10{−6,−5,...,2} 10−1 10−3 10−3

kernel {linear, poly, rbf} poly poly rbf

MLP

layers {1, 2, 3, 4} 4 3 3
units {8, 16, 32, 64} 16 16 64

activation {relu, elu, tanh} elu elu elu
optimizer {adam, sgd, rmsprop} rmsprop adam rmsprop

RNN

layers {1, 2, 3, 4} 3 4 4
units {8, 16, 32, 64} 16 32 16

activation {relu, elu, tanh} relu relu relu
optimizer {adam, sgd, rmsprop} adam adam rmsprop

CNN

layers {1, 2, 3, 4} 3 2 3
units {8, 16, 32, 64} 16 16 32

K {2, 3, 4, 5} 5 5 5
activation {relu, elu, tanh} relu relu relu
optimizer {adam, sgd, rmsprop} rmsprop adam adam

GNN

layers {1, 2, 3, 4} 3 3 4
units {8, 16, 32, 64} 32 16 32

K {2, 3, 4, 5} 3 3 2
activation {relu, elu, tanh} relu relu relu
optimizer {adam, sgd, rmsprop} adam adam adam

detector surpasses the currently available methods in literature
by 3.14%, 4.25% and 4.41% in F1 score, respectively.
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