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Power grid data faces challenges like high dimensionality, heterogeneity, and strong coupling, leading to
redundancy and weak discriminative power in feature selection. To address this, a novel feature selection
method based on the Learning Iterative Soft Thresholding Algorithm (LISTA) is proposed. Unlike traditional
ISTA, LISTA introduces a secant line linear search to dynamically optimize step sizes, improving convergence.
By integrating sparse regression and manifold learning, the method captures complex feature relationships.
Experimental results show significant improvements, reducing selected features by 51.4% and achieving better
clustering. The method enhances real-world power grid decision-making by enabling faster, more accurate fault
detection and grid management.
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1. Introduction

Smart grid technology produces high-dimensional data,
which leads to complexity and overfitting problems [1–4].
Selection of features can reduce dimensionality and en-
hance efficiency [5, 6]. The Copeland-ranking method, but
it is not adaptable in dynamic power gird environment [7].
The multi-view consensus clustering to enhance the feature
selection for the high-dimensional power grid data [8]. The
Differential Evolution algorithm, but it suffers from over-
searching and lacks robust adaptability across different
power grid scenarios [9]. The Iterative Soft Thresholding
Learning Algorithm (LISTA), based on ISTA, addresses
these limitations [10]. Multiscale soft-thresholding is the
key to enhance nonlinear anomaly detection and feature
selection [11]. Powerful grid data are high-dimensional,
heterogeneous, dynamic, and nonlinearly coupled, which
makes valid feature selection a nontrivial problem.

2. Materials and methods

2.1. Feature Selection for High-Dimensional Power Grid
Data

2.1.1. A Feature Selection Model for High-Dimensional Power
Grid Data

The dataset as X = {x1, x2, . . . , xn} ∈ Rd×n represents grid
samples [12], with features f1, f2, . . . , fd corresponding to
measurements like node voltages and line currents.

argmin
W

∥X − XW∥2
F + γR(W) (1)

Where W = {w1, w2, . . . , wd} ∈ Rd×m is the feature
weight matrix, assigning weights to grid features (e.g., high
for fault-sensitive currents [13].

X = XZ (2)

Where Z = {z1, z2, . . . , zn} ∈ Rn×n is the similarity
matrix, with each zi representing a linear combination of
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xi.Z is obtained by minimizing the following least-squares
optimization problem.

arg min
Z

∥X − XZ∥2
F + αR(Z)

s.t. Z(i, i) = 0
(3)

The constraint Z(i, i) = 0 ensures that each grid data
point xi is represented by other points xj (where j ̸= i ),
not itself. Solving the optimization problem provides the
linear representation zi for each point, forming the similar-
ity matrix Z for the dataset X. Feature manifolds, derived
from the geometric structure of grid data, are weighted by
W. If features fi and f j are adjacent, their weighted val-
ues WT xi and WT xj should also be adjacent, leading to the
construction of a feature map regularization term.

1
2

n

∑
i=1

n

∑
j=1

∥∥∥WT xi − WT xj

∥∥∥2

2
Zij

=
n

∑
i=1

WT xixT
i WDZii −

n

∑
i=1

n

∑
j=1

WT xixT
j WZij

= Tr
(

WT X (DZ − Z) XTW
)

= Tr
(

WT XLZXTW
)

(4)

Where Z is the similarity matrix of X; DZ is the diagonal
matrix with DZii = ∑n

j=1 Zij; and LZ = DZ − |Z|+|Z|T
2 is the

Laplacian operator [14]. The unsupervised feature selection
objective for power grid data is:

argmin
Z,W

∥X − XZ∥2
F + α Tr

(
WT XLZXTW

)
+ βR(W)

s.t. Z(i, i) = 0, WTW = I
(5)

Where α adjusts the regularization term weight of the
feature map, controlling feature manifold structure reten-
tion [15].

LISTA enhances ISTA with learnable parameters yet
the integration over the manifold continues to be hard
established as:

argmin
Z,W

∥X − XZ∥2
F + α Tr

(
WT XLZXTW

)
+ β∥W∥2,1

s.t. Z(i, i) = 0, WTW = I
(6)

2.2. Solving the Grid High-Dimensional Data Feature Se-
lection Model Based on Iterative Soft Thresholding
Learning Algorithm

For the high-dimensional power grid data feature selec-
tion model in Section 2.1, the Iterative Soft Thresholding
Algorithm (ISTA) is used to identify key features [16]. The

objective is to solve for the feature weight vector w ∈ Rd,
quantifying feature importance. The dataset matrix X in-
tegrates similarity matrices Z and Laplace operators LZ,
capturing correlations and manifold structures [17].

w∗ = argmin
w∈Rd

∥∥∥(X(X − XZ) + αXLZXT
)

w − y
∥∥∥2

2
+ β∥w∥2,1 (7)

Where, ∥w∥2,1 = ∑d
i=1 ∥wi∥2 is the sparse regularization

term, promoting feature sparsity, and β controls sparsity
for tasks like fault diagnosis and load forecasting [18].

wk+1 = wk − tk∇G (wk) (8)

Here, tk > 0 is the iteration step size, and G(w) =∥∥(X(X − XZ) + αXLZXT) w − y
∥∥2

2 given by:

wk+1 = argmin
w

{
G(wk) + ⟨w − wk,∇G(wk)⟩

+
1

2tk
∥w − wk∥2

2 + β∥w∥2,1
} (9)

Neglecting constant terms yields:

wk+1 = argmin
w

{
1

2tk
∥w − (wk − tk∇G (wk))∥2

2 + β∥w∥2,1

}
(10)

Due to the separability of the l2,1 norm, the final iterative
form can be expressed using a soft thresholding function:

wk+1 = hβtk (wk − tk∇G (wk)) (11)

Here, hθ(x) = sign(x)max(|x| − θ, 0) is the soft thresh-
olding function with θ as parameters. Substituting G(w) =∥∥(X(X − XZ) + αXLZXT) w − y

∥∥2
2 problem:

wk+1 = hβ/L

(
wk +

1
L

(
X(X − XZ) + αXLZXT

)T

×
(

y −
(

X(X − XZ) + αXLZXT
)

wk

) ) (12)

Where, wk denotes the estimated feature weight at
iteration k. Typically, L is set to the maximum eigenvalue
of

(
X(X − XZ) + αXLZXT)T (

X(X − XZ) + αXLZXT)
for iteration stability.

ISTA fixed steps are inefficient; secant line search adap-
tively optimizes step size.

tk+1 = tk −
f (tk) · (tk − tk−1)

f (tk)− f (tk−1)
(13)

Where tk and tk−1 represent the iteration steps for the
k-th and (k − 1)-th iterations, respectively; f (tk) =∥∥(X(X − XZ) + αXLZXT) wk − y

∥∥2
2 + β ∥wk∥2,1 The ob-

jective function from historical iterations is used to guide
the dynamic updates of step size [19]. The secant line search
steps are:
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Table 1. Parameter Settings and Convergence Configuration of the Proposed Improved LISTA Algorithm

Parameter Value Purpose

λ 0.01 Sparse regularization coefficient
α 0.1 Manifold regularization parameter
Initial step size 1.00E − 03 ISTA learning step size
Maximum iterations 200 Total iteration count
LISTA layers 10 Number of network layers
Convergence threshold ( ε ) 1.00E − 05 Stopping criterion
Feature selection range 20-300 Selected feature subset range
KNN parameter (k) 5 Number of nearest neighbors
Cross-validation folds 10 Model validation setting

Table 2. Detailed Information of Four Types of High-dimensional Power Grid Datasets

Dataset name Sample
size

Number of
features Data category

PMU synchronous
phasor dataset 15200 312 Electrical

measurement
SCADA monitoring

dataset 9560 298 Equipment status
and power

Meteorological
auxiliary dataset 8760 175 environmental

parameters
AMI User Electricity

Consumption Dataset 2120 500 User electricity
usage behavior

1. Initialization: Set t0 = 1/L, t1 − ι0, and ϵ = 10−4.

2. Objective Function: Calculate f (tk) and f (tk−1) for
the k-th and (k − 1)-th iterations.

3. Secant Solution: Solve for tk+1 using the secant equa-
tion.

4. Convergence: If |tk+1 − tk| < ϵ, output t∗ = tk+1;
otherwise, update and repeat.

Substitute t∗ into ISTA’s iteration formula (14) to update
weights:

wk+1 = h β
L

(
wk +

t∗

L

(
X(X − XZ) + αXLZXT

)T

×
(

y −
(

X(X − XZ) + αXLZXT
)

wk

) ) (14)

Optimized step sizes improve weight updates; LISTA
enables deep learning-based feature selection.

w(p) = hv(p)

(
w(p−1) + Φ(p)

A

(
y − Φ(p)

B w(p−1)
))

(15)

During initialization, the fully connected layer weights
are set based on ISTA parameters (Eq. (14)), aligning with
power grid data patterns. Parameters Φ(p)

A , Φ(p)
B , and v(p)

are optimized via backpropagation, yielding stable fea-
ture weights w(P). This method enhances feature selection

efficiency compared to ISTA, meeting real-time decision-
making needs [20]. The key feature subset is identified by
sorting w(P) based on the 2 -norm ∥wi∥2.

2.3. Iterative Soft Threshold Learning Algorithm Net-
work Structure and Parameter Optimization

LISTA has enhanced ISTA, but it is confronted with (1) the
challenge of dynamic data, (2) the risk of overfitting, and
(3) unstable parameter updates.

To optimize LISTA, we examine model-parameter rela-
tionships, ensuring sparsity in w(p) as it converges to w∗,
satisfying a specific distribution under noise-free condi-
tions.

w∗ ∈ ξ(G, s) ≜ {w∗||w∗
i |≤ G, ∀i, ∥w∗∥0 ≤ s} (16)∥∥∥w(p) − w∗

∥∥∥
2
≤ sBe−cp (17)

This error allows rapid identification of key features,
even with noise. As the number of layers increases,
the error converges linearly. The parameter set Θ ={(

Φ(p)
A , Φ(p)

B , v(p)
)}∞

p=0
satisfies:

Φ(p)
A −

(
I − Φ(p)

B L
)
→ 0, p → ∞ (18)

v(p) → 0, p → ∞ (19)

Where, I is the identity matrix, ensuring dimensional
consistency and numerical validity in matrix operations.
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Table 3. Comparison Results of Feature Selection Quantity for Different Algorithms

Dataset name

Actual
number

of
features

Traditional
ISTA

algorithm

Optimization of
Linear Search

Strategy with Cut
Line ISTA

LISTA
algorithm

Improve
LISTA

algorithm

PMU synchronous
phasor dataset 312 85 62 58 45

SCADA monitoring
dataset 298 78 55 52 38

Meteorological
auxiliary dataset 175 52 38 32 25

AMI User Electricity
Consumption Dataset 500 135 98 85 62

average 321.25 87.50 63.25 56.75 42.50

Table 4. Comparison of Brier Scores for KNN classifiers

Dataset name Raw
data

Traditional
ISTA

algorithm

Optimization of
Linear Search

Strategy with Cut
Line ISTA

LISTA
algorithm

Improve
LISTA

algorithm

PMU synchronous
phasor dataset 0.221 0.158 0.125 0.102 0.085

SCADA monitoring
dataset 0.205 0.142 0.110 0.095 0.072

Meteorological
auxiliary dataset 0.188 0.126 0.098 0.080 0.063

AMI User Electricity
Consumption Dataset 0.233 0.165 0.132 0.110 0.088

At this point, the parameter Φ(p)
B is bounded, i.e.:

∥∥∥Φ(p)
B

∥∥∥
2
≤ C, p → ∞ (20)

Based on these relationships, Φ(p)
A approximates Φ(p)

B ,
transforming the structure of Eq. (15).

I − Φ(p)
A A → Φ(p)

B (21)

Setting wp = Φ(p)T
A , the LISTA network model simpli-

fies to:

w(p+1) = ηv(p)
(

w(p) + (wp)T
(

X − Lw(p)
))

(22)

Where the training error for each layer is:

Zp = X − Lw(p) (23)

In summary, optimized LISTA reduces complexity and
improves feature selection for power grid decision-making.

3. Results and discussion

3.1. Experimental Analysis

Intel i7 CPU w/16 GB RAM used MATLAB 2023a and
Python 3.10. KNN classifier ( k = 5 ) with 10 -fold cross
validation. λ = 0.01, α = 0.1, ISTA step size 1.00E − 03, 200
iterations, LISTA 10 layers, ε = 1.00E − 05, selecting 20-300
features range.

Table 1 presents the hyperparameter assignments, itera-
tion settings, and convergence configurations used for the
proposed Improved LISTA algorithm. Details on sample
size and feature count are in Table 2.

Ablation compares ISTA variants using KNN and Brier
score. The Brier Score was calculated as:

Brier Score =
1
N

N

∑
i=1

C

∑
c=1

(
yi,c − pi,c

)2 (24)

The comparison results for feature selection are in Ta-
ble 3, and the Brier Scores for the KNN classifier are in
Table 4.

Enhanced LISTA promotes sparsity, reduces the num-
ber of features to 48.6%, adopts learnable structure, and
is superior to ISTA in dynamic feature selection of power
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grid.
LISTA, for instance, achieves the lowest Brier Score (

0.063 − 0.088 ), performing better than ISTA ( 0.126 − 0.165
), secant ISTA ( 0.098 − 0.132 ), and LISTA ( 0.080 − 0.110 ).
It removes 66.5% of the features and outperforms Copeland
ranking [7], consensus clustering [8], adaptive DE [9], and
memetic algorithm [10]. Normalized Mutual Information
(NMI) was used as the evaluation metric:

NMI(P, Q) =
I(P, Q)√

H(P)H(Q)
(25)

Figs. 1 and 2 show the comparative analysis of optimal
results.

Fig. 1. NMI with Different Feature Numbers Selected on
PMU

Fig. 2. NMI with Different Feature Numbers Selected on
AMI User Electricity Dataset

Fig. 1 shows baseline K-means NMI of 0.72 , while pro-
posed method reaches 0.78 , outperforming [7, 10] via better
feature selection and noise reduction.

Baseline NMI is shown in Fig. 2 to be around 0.83 , while
the proposed method achieves 0.945 with 200 features, i.e.
a 14% improvement over the best of [7–10] by applying
adaptive LISTA feature weighting and redundancy reduc-
tion.

Fig. 3. Convergence Comparison of Optimization
Algorithms

Demonstrated in Fig. 3 is the convergence of ISTA, Lin-
ear Search ISTA, LISTA, and Enhanced LISTA through the
objective function for every iteration.

Table 5 shows improved LISTA outperforms existing
feature selection methods. Using the SCADA monitoring
dataset, transformer fault diagnosis was performed with
the proposed feature selection method. Transformer wind-
ing temperature with real-time display is 120◦C, oil temper-
ature is 95◦C, Rate of Change (ROC) of oil temperature is
5◦C/min, Rate of Change (ROC) of winding temperature is
12◦C/min, loading rate is 68%, active power is 500 kW , re-
active power is 200 kvar , voltage deviation in unbalanced
three-phase is 2.5%.

3.2. Validation on Standard Benchmark Test System

Experimental evaluations verify the approach by compar-
ing the ISTA variants, demonstrating superior feature com-
pactness and accuracy, as well as its faster convergence
and good stability over a wide range of operating points,
which implies robustness in the sense of the power system
applications.

Table 6 demonstrates that our enhanced LISTA method
attains the best performance with less selected features,
higher accuracy on classification, faster convergence and
also the smallest Brier score.

4. Conclusion

The paper presents a novel feature selection method for
high-dimensional power grid data based on the Learning
Iterative Soft Thresholding Algorithm (LISTA). By integrat-
ing sparse regression and feature manifold learning, the
method effectively captures intrinsic feature relationships
and structures. To overcome the limitations of traditional
ISTA, such as slow convergence and fixed parameters, a
tangent line linear search strategy is introduced to optimize
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Table 5. Comparative Performance with Existing Feature Selection Methods

Method Feature Selection
Strategy Adaptivity Sparsity

Level

Classification
Accuracy (Brier

Score ↓)

Copeland Ranking
[7]

Wrapper + RF ranking
fusion Static Medium 0.098-0.135

Consensus
Clustering [8]

Multi-view
unsupervised feature
selection (consensus-

based)

Static Medium-
high 0.100-0.138

A-HMDE [9] Evolutionary search Semi-
adaptive

Low-
Medium 0.110-0.150

Memetic Order
Theory [10] Filtering + wrapper Static Medium 0.102-0.138

Proposed Improved
LISTA

Sparse regression +
manifold learning +

learnable optimization

Fully
Adaptive High 0.063-0.088

Table 6. Performance Comparison on Standard Benchmark Test System

Method Selected
Features

Classification
Accuracy (%)

Convergence
Iterations

Brier
Score

Traditional ISTA 84 90.2 185 0.138
Line Search

Optimized ISTA 63 92.1 145 0.115

LISTA 56 93.5 100 0.094
Proposed Improved

LISTA 43 95.9 72 0.069

iteration steps. The proposed model demonstrates supe-
rior performance, achieving reduced feature subsets and
optimal classification results. Experimental validations on
PMU, AMI, and SCADA datasets show its practical value,
particularly in fault diagnosis and realtime power grid anal-
ysis. Future work will extend this method to time-series
prediction and edge computing applications.
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