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Traditional power indicator benchmarking systems are unableto meet the multi-dimensional dynamic evaluation needs of new power systems. In
this paper, a dynamic benchmarking evaluation system is constructed based on multi-source data fusion. By establishing a multi-dimensional
indicator library of “source-grid-load-storage-carbon”, integrating data from several domains such as meteorology, geography, and policy, an integrated
methodological framework comprising dynamic weighting, comprehensive evaluation, and trend prediction is designed to achieve adaptive assessment
and the analysis of future system status. Empirical results show that this system can improve the coverage of traditional evaluation methods for
dimensions such as clean and low-carbon energy from 5 points to over 75 points, and effectively support risk warning and proactive dispatch by
means of ongoing prediction of key indicators such as the rate of utilization of renewable energy (RMSE=0.18%).
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1. INTRODUCTION

With the increasing development and construction of new
power systems, multiple factors have made the structure and
operation of power systems increasingly complex. These
factors include: the high proportion of renewable energy grid
connection, multi-dimensional interaction between power
generation, grid, load, and storage, and carbon emission
reduction targets[1–3]. Traditional power indicator bench-
marking systems rely mainly on historical operating data
and static weights. However, their evaluation isoften limited
to issues of safety and economy, making it difficult to
comprehensively depict the system’s overall performance in
terms of multiple objectives such as clean and low-carbon
development, flexible regulation, and high-quality service.
Furthermore, they cannot dynamically respond to the impact
of time-varying factors such as external policies and climate.
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This results in untimely and one-sided evaluation results
that cannot effectively support precise decision-making and
proactive optimization.

This paper focuses on the benchmarking evaluation of
the comprehensive operation level of provincial and above-
scale power grids. Power system benchmarking evaluation
is an important tool for measuring the quality of power
grid development, guiding optimal resource allocation, and
promoting lean management. Given the characteristics of
multi-objective collaboration, strong uncertainty, and high
dynamic interaction in new power systems, the construction
of an intelligent evaluation system that can integrate multi-
source information, dynamically adjust weights, and com-
bine current status diagnosis and trend prediction capabilities
has become the key to improving the level of power grid mod-
ernization governance. It has important theoretical research
value and addresses the urgency of practical application
[4–6]. Recently, advanced artificial intelligence technologies,
particularly generative AI, have also been introduced to
construct intelligent decision-making systems for power
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grid dispatching, further driving the modernization of grid
operations [7].

For the problem of multidimensional dynamic evalua-
tion, existing research on power index evaluation focuses
mainly on index construction, weight determination, and
comprehensive evaluation. Regarding index construction,
some studies have introduced external data to expand the
evaluation dimensions [8]. In terms of weight determination,
objective weighting methods such as entropy weighting and
the Critic method are widely used to reduce subjectivity
[9–10]. For comprehensive evaluation, models such as
TOPSIS (Technique for Order Preference by Similarity to
Ideal Solution) and fuzzy comprehensive evaluation are
commonly-used tools [11–12]. Different approaches for
the development of index prediction are being researched
[13–14], including time series models and machine learning
techniques. However, current methodologies divide these
tasks into piecemeal steps, whereas the optimal solution
is a single, continuously flowing methodology combining
multiple data sources using dynamic monitoring, benchmark-
ing, and trend prediction. Furthermore, the majority of the
methodologies employ weights for each of the indicators
based on a static assumption rather than using adaptive
methods to manipulate weights based on the environment.
In addition, when performing a comprehensive evaluation,
the vast majority of methodologies ignore the correlation
among all of the indicators, thereby compromising the
soundness of their rankings. In addition, when using the
methodology for prediction, the various combinations of
time-series characteristics do not include sufficient multi-
source characteristics for predictive accuracy or predictive
foresight.

To address the aforementioned limitations, a dynamic
benchmarking and evaluation system for power indicators is
constructed; it integrates multi-source data fusion, a dynamic
indicator system, adaptive weighting, precise comprehensive
benchmarking, and forward-looking trend prediction. To
achieve this goal, firstly, a dynamic indicator library covering
five dimensions—source, grid, load, storage, and carbon—
is created by integrating internal operational data, external
environmental data, and unstructured data. Secondly, at
the model level, an improved Critic-Entropy Weight Com-
bination Method [15] is proposed, which uses external
environmental factors as dynamic adjustment coefficients
to achieve adaptive adjustment of indicator weights; an
improved TOPSIS model based on Mahalanobis distance is
used for comprehensive ranking to overcome the influence
of indicator correlation [16–17]; an LSTM (Long Short-
Term Memory) network is used for rolling prediction of
key indicators. By systematically combining multi-source
data governance, dynamic indicator management, intelligent
model library and decision application layer, a closed-loop
logical chain of “data-driven evaluation, evaluation-guided
decision-making, and decision feedback optimization” is
formed.

Based on the aforementioned methodology, in regard to
theoretical methods, this study achieves the deep integration
and value mining of multi-source heterogeneous data in
power benchmarking evaluation. In terms of technical
application, it proposes an intelligent benchmarking tool

that can dynamically respond to environmental changes,
accurately identify shortcomings, and effectively warn of
risks. This new system enhances not only the scientific
rigor, timeliness and guidance of evaluation results, but also
provides complete, real-time data-driven decision making
from “insight” on the current state to “forecast” on likely
future results for the development, operation, scheduling,
trading/marketing and performance management of all as-
pects of new electrical power systems. Therefore, this
system has both significant theoretical innovation and value
in engineering.

2. CONSTRUCTION OF
MULTI-SOURCE DATA FUSION
EVALUATION SYSTEM

2.1 Overall System Architecture and
Multi-Source Data Governance

In response to the varied, evolving, and precise assessment
needs associated with the development of new-age power
generation systems, a logical architecture based upon a
construction of “data-based layered decoupled intelligent
decision making” is developed. This architecture includes
three basic components: Data Layer, Model Layer, and
Application Layer. The effective co-operation of the inter-
layers is attained by creating a standard method for defining
the control and data flow from input raw data to decision-
making (the closed-loop).

The data layer is the underlying structure for the entire
system. It is the point at which a system’s data from
many separate sources, or “heterogeneous” sources, can
be collected and managed. All raw inputs to the system
come through the data layer as either one of three main
source groups (the types of sources are discussed below).
The first group of source data that comes through the data
layer includes all internal operational data, most of which
comes from Energy Management Systems (EMS), Produc-
tion Management Systems (PMS), and Advanced Metering
Infrastructure (AMI)—time series operational data and event
data related to all aspects of energy generation, transmission,
distribution and consumption. The second group of data
includes all external environmental data, gathered in real-
time using either via APIs (Application Programming Inter-
faces) or via files—with weather forecasts from any number
of meteorological offices; power grid topology and resource
location data from GIS systems; and renewable resource
(such as wind and solar farms) and carbon market quota
information from various, often governmental, databases.
The third and final type of source data received through the
data layer includes all unstructured types of data related to the
energy industry—including dispatch logs, inspection reports,
and policy documents. From the collected data, unified data
preprocessing creates a structured data stream that is then
sent to the model layer for further processing. Such real-
time integration technologies for large-scale heterogeneous
data provide a solid and reliable foundation for subsequent
intelligent evaluation and analysis [18].
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Figure 1 Three-layer architecture of the dynamic benchmark system.

Figure 2 Framework diagram for generating a dynamic multidimensional indicator system.

The model layer contains the engine of this system. It
comprises four distinct modules: the first module is the
indicator management module; this module contains the
dynamically updated “indicator library” created by the indi-
cator system manager using a five-dimensional framework of
source, grid, load, storage, and carbon, to create a dynamic
library of indicators that are updated as new data becomes
available. Next is the dynamic weighting module. This
module uses an improved Critic-Entropy scheme to create
dynamic weights for each indicator in the indicator library;
however, a major enhancement of this module is that the
outdoor conditions, such as season and climate and any
policies that could affect an indicator or all indicators, are
considered when establishing the weights for each indicator
in the indicator library. Therefore, as outdoor conditions
change (climate change or seasonal change), the weights
of the indicators also change. Next, the comprehensive
benchmark module integrates improvements to the model
developed using TOPSIS and Mahalanobis distance. Based
on the correlations between indicators in the indicator library,
it comprehensively ranks the indicators. Essentially, the
comprehensive benchmark module ranks indicators based
on their correlation with all other indicators in the library.
Finally, the prediction module uses historical time-series data
to generate forward-looking or predictive decisions. The
prediction module uses the historical time-series data of each
indicator to perform rolling predictions of the future values
of each indicator.

The evaluation results produced by the model layer of
the intelligent evaluation system can be translated into
meaningful action support for real-world business scenarios
at the application layer. Among other things, its functions
include providing data for long-term planning, providing

optimization recommendations for day-to-day operations,
and evaluating and analyzing performance. Ultimately, all
results of the analysis are displayed graphically as reports and
dashboards, thus constituting the final decision knowledge
output and ultimately fulfilling the transformation of data into
tangible value.

The clearly established data flow and control flow between
the respective layers ensures the integrity and closed-loop
nature of the intelligent evaluation system as a whole. The
data layer supplies the model layer with high quality input;
the model layer supplies the application layer with intelligent
analysis; the application layer uses feedback mechanisms
to continuously improve the data and model layers. Col-
lectively, these three elements of the intelligent evaluation
system provide a self-evolving, intelligently responsive and
dynamic evaluation system.

2.2 Generation of Dynamic
Multi-Dimensional Indicator
System

In this paper, a five-dimensional indicator system generation
process (as shown in Figure 2) is created that is “data-driven,
business-oriented, and is subject to continuous evolution”
to solve the evaluation difficulties of a new power system
with “multiple objectives”, “high dynamism”, and “very
strong coupling”. The process enables the conversion of raw
data into a measurable and comparative “source-grid-load-
storage-carbon” indicator library that continuously evolves to
indicate both the present state of the system and the potential
future impact of the various systems on the environment.
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To truly understand the power business from a macroeco-
nomic perspective, the first step is to establish a meaningful
index of all variables related to power business operations.
This is achieved through a series of three key phases: building
an initial index pool; multi-source data correlation analysis;
and finally, generating a comprehensive set of indicators
from the multi-source data correlation analysis. The building
of the initial index pool should be done by acquiring an
intimate knowledge and understanding of how the electric
power business works and the many different aspects of it
including the planning and operation of the power system
and associated market. The first part of the initial index
pool is built by obtaining comprehensive collections of
those variables that are commonly used as indicators by the
industry from sources such as industry standards and internal
corporate performance indicators.

The second phase of producing an integrated indicator set
through the association analysis should be seen as a key
component of the production of data-driven operations. By
determining the relationship between external environmental
data and an entity in the electric power business such as a
power plant, a multi-source data association analysis yields
unique integrated indicators that cannot be represented by
traditional internal business data.

The method for identifying correlation includes statistical
procedures such as the Granger causality test and correlation
analysis, both of which allow one to analyze quantitatively
how external factors relate to internal operating indicators
(load curve, line loss rate, voltage qualification rate). As a
step toward building new integrated indicator systems, very
strong correlations are identified between meteorological
data, the locations of new energy power plants and the “theo-
retical power generation potential”, leading to the derivation
of the “climate adaptability for new energy generation”. The
integration of historical load data, temperature and holiday
data leads to additional metrics such as “holiday baseline
load” and “temperature-sensitive load”. The extensive
pathways of complex data correlations identified through
this process lead to the creation of new innovative metrics
in the future. Once the first round of candidates has been
established, they are filtered further to ensure that they are
both scientifically valid and efficient to use within a well-
rounded format.

Initial Screening: The coefficient of variation (CV) is used
as the criterion for the initial screening of candidates for
indicator variables [19–20]. The coefficient of variation of
candidate variableshas been calculated for many evaluation
objects (time periods); based on this data, cutoffs are
applied to variables that can adequately separate two or more
different state objects by their coefficient of variation, and
variables larger than the cutoff are selected for evaluation.

Dimensionality Reduction: For the set of indices that pass
through the first selection process, several comprehensive
components are generated from PCA or Factor Analysis
to create additional information to assist in understanding
and utilizing the original set of variables. This creation
of additional components has eliminated redundancy[21–22]
and has increased the effectiveness and explanatory strength
of the indices system and through this process, producing a

structured/concise version of the index known as the “Refined
Index Set”.

The approved index set must undergo a validation process
by testing the business model via practical application in
order to provide evidence of its operational capacity.

Expert review: Several rounds of ranking/scoring and
discussion are conducted by experts in the field using the
Delphi method or the Analytic Hierarchy Process (AHP)
[23–25] to review the physical meaning, data availability,
computational complexity, and business significance of the
indicators.

Classification and Consensus: The indicators to be in-
cluded in the library are agreed upon by the consensusof ex-
perts and are assigned accurately to the appropriate categories
within the five dimensions of source, grid, load, storage and
carbon, thereby creating the final “Final Index Library”.

A mechanism for dynamic management, so that updates
to the indicator library can be performed in a closed-loop, is
established to preserve the sustainability of the system over
time.

Triggering Events: If any significant changes occur in the
external environment (e.g. adjustments to national policies
or large-scale implementation of new technologies), the
dynamic management system triggers a review whenever the
long-term coefficient of variation of an indicator approaches
zero.

Review and Update: The “Re-evaluation Process” is
initiated, re-executing multi-source data correlation analysis,
statistical screening, and business verification, ultimately
completing the “Update Index Library.”

Feedback Loop: The updated indicator library is fed
back into the entire process, forming a continuously self-
optimizing “Feedback Loop,” ensuring that the evaluation
system remains synchronized with the latest technologies,
policies, and operational needs.

2.3 Adaptive Intelligent Evaluation
Model Design

To achieve the integrated evaluation goal of “assessable
current status, diagnosable shortcomings, and predictable
trends” for the new power system, this paper designs an
adaptive intelligent evaluation model at the model level. This
model consists of three core modules connected in series:
dynamic weighting, comprehensive ranking, and trend pre-
diction, forming a complete technical chain of “adaptive
adjustment of indicator weights—multi-dimensional precise
benchmarking of objects—forward-looking prediction of key
indicators.” Its overall architecture is shown in Figure 3.

The model starts with the Input Layer, receiving three
types of key information from the Data Layer: (1) standard-
ized multi-dimensional index values of “source-grid-load-
storage-carbon”; (2) external environmental factors (such
as quarterly codes, regional average temperature deviation,
carbon price index, etc.) used to drive dynamic weight
adjustment; (3) historical multi-dimensional index sequences
used for time-series modeling. These inputs collectively
provide data support for subsequent modules.
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Figure 3 Structure of the adaptive intelligent evaluation model.

The Dynamic Weighting Module aims to overcome the
limitations of traditional static weights, enabling the evalu-
ation system to respond to changes in the external environ-
ment. This integration approach provides an enhanced way
to use both energy and vector information by creating two
types (energy and vector) of objective weights and assigning
each a dynamic adjustment factor or coefficient to allow for
adaptive fusion.

First, based on the standardized indicator data matrix,
the weights wC

j (critic method) and wE
j (entropy weight

method) are calculated respectively. The critic method
weight calculation involves the standard deviation of the
indicators (representing the intensity of comparison) and
the correlation coefficient between indicators (representing
conflict). The entropy weight method weight calculation
is based on the information entropy e j of the indicators;
the smaller the entropy value, the greater the amount of
information provided by the indicator, and the higher the
weight. Second, a dynamic adjustment coefficient αt is
constructed. This coefficient is generated by a set of
normalized external environmental factors (such as quarterly
feature codes, regional average temperature deviation, and
policy intensity index) through a preset linear or nonlinear
mapping function, ensuring that αt · [0, 1]. Finally, within the
evaluation period t , the dynamic combination weight W j (t)
of the j -th indicator is calculated by the following formula:

W j (t) = αt · wC
j + (1 − αt ) · wE

j (1)

The standardized matrix X is weighted using W j (t) to
obtain the weighted normalized matrix V = (vi j ). Then, the
positive ideal solution V + = (v+

1 , . . . , v+
n ) and the negative

ideal solution V − = (v−
1 , . . . , v−

n ) are determined, where
v+

j = maxivi j and v−
j = minivi j .

The key improvement lies in the distance metric: calculat-
ing the regularized Mahalanobis distance from each object to
the ideal solution:

D+
RM,i =

√
(Vi − V +)(� + λI )−1(Vi − V +)+, D−

RM,i

=
√

(Vi − V −)(� + λI )−1(Vi − V −)+ (2)

λ = 10−4. Preliminary experiments have verified that
it can effectively balance numerical stability and distance
fidelity. I is the identity matrix of the same dimension as
�. Finally, the relative proximity is calculated:

Ci = D−
RM,i

D+
RM,i + D−

RM,i

(3)

Arranged in descending order of Ci , the comprehensive
sorting is completed.

The trend prediction module uses a long short-term
memory (LSTM) architecture to generate rolling forecasts
of important indicators (e.g., the new energy utilization
ratio) to assist with forward-looking decision-making. The
model receives historical multidimensional time series data
as input (e.g., load data, weather data, output data, etc.)
and then passes the data through a sliding window to create
training instances. The network architecture consists of
multiple stacked layers of LSTMs and dropout layers and
minimizes the mean squared error loss function using the
Adam optimizer. To reduce the chances of overfitting
and enhance generalizability, early stopping is employed
throughout training. For each forecast period, the predicted
output consists of the for-cast indicator value and confidence
interval, which serves as guidelines for resource scheduling
and risk warnings.

The outputs of the model result in three types of decision
support tools: (1) comprehensive benchmarking report (for
planning and assessment) (2) weakness list (for optimizing
operations) (3) trend predictions and early warning (for
control of proactive actions).

3. CASES AND EVALUATION DESIGN

3.1 Case Selection and Data Preparation

This study compares the effectiveness and universality of
the evaluation system developed in this research by studying
two provincial power grids: Province A (which represents
the renewable resource-rich mountainous regions of China)
and Province B (which represents eastern China, as strong
load centers). The rationale for using these two examples
is that they represent common examples in building a new
power system across China. Province A has an installed
capacity of more than 50% for renewable energy sources
and has a predominance of mountainous terrain along with
outstanding wind and solar resources with large variation
in their outputs, so its operation is significantly influenced
by weather conditions. Province B, conversely, is located
within a region with a relatively mature grid structure,
strong demand-side response resources and has implemented
large amounts of flexible resources (e.g., gas and energy
storage) and thus can serve as a good example for testing the
comprehensive judgement ability of the evaluation system for
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Table 1 Detailed table of multi-source data for empirical research.

Data
Category

Data Type / Example Source Update
Frequency

Primary Usage

Internal
Operational

Power output, load, line
loss, voltage data

EMS, PMS, AMI systems 15-min
(real-time)

Core input for “source-
grid-load” evaluation

Event logs, outage records Dispatch & Operations and
Maintenance logs

Daily Support reliability and safety
indicators

External
Environmental

Temperature, solar
irradiance, wind speed

National Meteorological
Center

Hourly / Fore-
cast

Derive climate-sensitive
indicators

GIS: terrain, land use,
resource distribution

National Geospatial
Information Platform

Annual / As
updated

Compute spatial risk and
capacity indices

Carbon price, renewable
quota, policy texts

National Carbon Market,
Energy Policy Database

Daily /
Monthly

Construct “carbon”-related
metrics and policy proxy

Derived
Features

Theoretical renewable
generation potential

Combined meteorological +
plant location data

15-min Input for “climate
adaptability” indicator

Temperature-sensitive load
profile

Load + weather + holiday
data

Daily Enhance demand-side
responsiveness evaluation

GIS-based transmission
corridor risk index

GIS + fault history + terrain
data

Monthly Reflect grid vulnerability in
complex terrain

Carbon-adjusted
generation cost

Generation cost + carbon
price

Monthly Integrate economic and
carbon dimensions

complex collaborative “source-grid-load-storage” scenarios.
The two provinces present a stark contrast in terms of
energy structure, power grid development stage, and external
environmental pressures. Furthermore, their key operation
and management data are highly accessible, meeting the
basic requirements of empirical research.

The empirical data spans from January 1, 2019 to Decem-
ber 31, 2023, covering the key stages of policy transformation
at the beginning of the 14th Five-Year Plan period, the
leapfrog development of new energy, and the launch of the
carbon market. Spatial granularity is based on provincial
power grids as the basic unit, with some external data refined
to the prefecture-level city level, and spatially matched to key
nodes of the power grid.

This study integrates three types of multi-source heteroge-
neous data, the specific composition and sources of which are
shown in Table 1. All data come from authentic and verifiable
official or industry channels:

Internal operational data primarily originates from publicly
available annual dispatch operation reports of the State
Grid Corporation of China and China Southern Power Grid,
anonymized operation records provided by provincial power
dispatch control centers, and annual power reliability index
reports published by the National Energy Administration.
Specifically, this includes 15-minute time-series data such
as power generation output, load curves, line loss rate, and
voltage qualification rate, as well as event logs for equipment
outages and fault trips [26–27].

External environmental data comes from authoritative
public platforms: meteorological data originates from
the National Meteorological Information Center of the
China Meteorological Administration, including its man-
aged China Meteorological Administration Data Broadcast

System (CMACast) and historical meteorological database;
geospatial data is obtained from the Ministry of Natural
Resources’ Geographic Information Public Service Platform
(“Tianditu”) and the Resource and Environmental Science
Data Center of the Chinese Academy of Sciences; carbon
market data is derived from the daily transaction prices of
national carbon emission trading published by the Shanghai
Environment and Energy Exchange (SEEE); the renewable
energy quota and policy texts are based on the policy
document library published on the official websites of the
National Development and Reform Commission and the
National Energy Administration [28–30].

Derivative feature data is generated from the aforemen-
tioned basic data through feature engineering. For example,
“Climate Adaptability of New Energy Power Generation”
is calculated based on station-level meteorological matching
and output data, while “Carbon-Adjusted Power Generation
Cost” is synthesized by combining coal consumption of
thermal power units and SEEE carbon price data, ensuring
that all indicators have physical meaning and reproducibility.

Before entering the model, all raw data strictly follow the
preprocessing procedure in Section 2.1. Time series data is
uniformly calibrated to the UTC+8 time zone; frequency is
aligned to 15-minute granularity; missing values are filled
using cubic spline interpolation or a similar daily pattern-
based filling strategy. Spatial data achieves accurate map-
ping from meteorological stations to power grid substations
through WGS84 (World Geodetic System 1984) coordinate
system matching and ordinary kriging. Finally, the indicator
values are normalized using Min-Max (positive/negative
indicators) or Z-score standardization (moderate indicators)
according to the indicator attributes to eliminate the influence
of dimensions.
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Table 2 Core model parameter configuration and evaluation index definition table.

Module / Compo-
nent

Parameter / Metric Value / Definition

LSTM Prediction
Model

Input sequence length (time steps) 96 (corresponding to 24 hours at 15-min granularity)

Forecast horizon 4 steps (1-hour ahead) / 96 steps (24-hour ahead) for rolling
prediction

Hidden layers 2

Hidden units per layer 128

Dropout rate 0.2

Optimizer Adam

Learning rate 0.001
Loss function MSE
Training epochs 200 (with early stopping patience = 15)

Improved
TOPSIS

Distance metric Mahalanobis distance (using inverse covariance matrix of
weighted indicators)

Regularization coefficient (λ) 1e-4
Ideal solutions Positive: max for benefit-type; min for cost-type Negative:

opposite
Critic-Entropy
Weighting

Entropy calculation e j = − 1
ln m

∑m
i=1 pi j ln pi j , pi j = xi j∑

i xi j
(4)

Critic weight wC
j σ j

∑n
k=1 (1−r jk)(5)

Dynamic blending coefficient (αt ) Linear combination of normalized external factors: season,
temperature deviation, policy index

Evaluation
Metrics

RMSE (Root Mean Squared Error)
√

1
n

∑n
i=1(ŷi − yi )2 (6)

MAE (Mean Absolute Error) 1
n

∑n
i=1 |̂yi − yi | (7)

Expert Consistency Score (ECS) Average pairwise Kendall’s W across =5 domain experts
(scale: 0–1, higher = more consensus)

3.2 Experimental Setup and Evaluation
Metrics

In order to have dependable model performance validation
and to be able to accurately interpret evaluation results, a
defined experimental environment has been created, and an
extensive method of evaluation has been put in place. All
of the experiments performed for this study are done on a
consistent hardware and software platform, which also have
many replications to account for any randomness that may
have affected the results. The mean of each metric represents
the reliability and reproducibility of the results.

The experimental environment is developed on a high-
performance computing platform that is considered to be the
standard for the current technology. The configuration of
the hardware is a dual Intel Xeon Gold 6248R processor
server with 256GB of RAM and two 32GB NVIDIA Tesla
V100 GPU processors, which fits the needs for computational
power to train the deep learning models. On the software
side, this environment runs Ubuntu 20.04; all core algorithms
are written in Python 3.8; the deep learning framework
is PyTorch 1.12.1; it includes data manipulation tools
and traditional algorithms, such as the Critic and Entropy
Weight methods using libraries like Scikit-learn, Pandas, and
NumPy. By following this setup, a stable environment is
created to act as a strong and efficient computing environment
while enabling the tight integration of the various modules.

The hyperparameters of the core model are not arbitrarily
selected, but optimized based on extensive pre-experiments
and the experience of experts in the power system field. For
example, the number of hidden layers and units in the LSTM
network need to be balanced between model complexity and
the risk of overfitting; the calculation of the covariance matrix
of Mahalanobis distance in TOPSIS needs to consider data
dimensionality and sample size; the mapping function form
(linear/nonlinear) of the adjustment coefficient αt in dynamic
weighting is also tested comparatively. The specific values of
these key decisions are detailed in Table 2.

Note: LSTM parameters are a general configuration;
the monthly forecasting task in Section 4.5 uses the same
network structure, but the input sequence is 12 months of
historical monthly data.

The evaluation system is designed to comprehensively
examine the entire evaluation system from two dimensions:
business rationality and forecast accuracy.

Business Rationality: The “Expert Consistency Score”
(ECS) is used to measure whether the overall ranking results
conform to the actual understanding of domain experts.
This process invites no fewer than five senior experts
from power grid dispatching, planning, and marketing
departments to independently score the provincial rankings
output by the model. Finally, Kendall’s W coefficient is
used to calculate the level of consensus among experts
[31–32].
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Figure 4 Radar chart comparison of dimensions between the old and new indicator systems.

The second aspect of prediction accuracy refers to the two
standard forms of metrics associated with trend prediction
— RMSE (Root Mean Squared Error) and MAE (Mean
Absolute Error) - which allow researchers to quantify the
model’s skill at predicting key future indicators (e.g. utiliza-
tion rate of renewable energy) [33]. Lower values for these
metrics indicate a model’s ability to more accurately identify
historical measurements and predict future outcomes, thus
providing robust data support for developing ahead of
time (advance) strategies for management function. Every
experiment is performed using the fixed environment outlined
above, with the average score from each of the five trials used
to determine the reported result for each evaluation metric.
By repeating this process, the robustness of the experiments
is enhanced, providing a robust technical framework to guide
future researchers in replicating the experiments and building
more reliable results through multiple iterations.

4. RESULTS DISCUSSION

4.1 Completeness of The Multi-Dimensional
Indicator System

This paper quantitatively assesses how well the new metrics
system captures each of the three dimensional areas of
coverage by comparing it to the traditional metrics sys-
tem, which contains only two metrics areas of coverage
(Safety/Stability, Economic Operation), and the total number
of the two systems of coverage (2 vs. 12 metrics). Both
systems (traditional metrics and new metrics) are compared
relative to both systems. Traditional metrics only represent
12 of the total potential number of available performance
metrics, while the new metrics, built using the “Source, Grid,
Load, Storage, and Carbon” Framework, represent three
core areas of performance metrics (clean and low carbon,
flexible adjustment and quality service). By introducing

27 indicators such as “new energy penetration rate” and
“equivalent available hours of energy storage,” it constructs
a more comprehensive and three-dimensional evaluation
capability.

Figure 4 uses the five evaluation dimensions as coordinate
axes, plotting the standardized scores of the traditional
system (red outline) and the new system (blue outline) on
each dimension.

Figure 4 clearly shows that the evaluation outline (red) of
the traditional indicator system only excels in the dimen-
sions of ’Safety and Stability’ (85 points) and ’Economic
Operation’ (80 points), while its scores in the dimensions of
’Clean and Low-Carbon,’ ’Flexible Adjustment,’ and ’High-
Quality Service’ are all close to zero (5 points). This
reveals a significant blind spot in the evaluation perspective
of the traditional system, failing to effectively respond to
the core demands of the new power system in terms of
green transformation and enhanced flexibility, and failing to
effectively capture the newly established “source-grid-load-
storage-carbon” system of the new power system.

In contrast, the evaluation outline of the new indicator
system covers all five dimensions, forming a full and
approximately pentagonal closed graph. Especially in the
“clean and low-carbon” dimension, thanks to the inclusion
of indicators such as “new energy utilization rate” and
“carbon emission intensity,” the score reaches as high as 82
points. Meanwhile, in the “flexible adjustment” dimension,
through the introduction of indicators such as “ramp speed
adequacy,” the newly built system also demonstrates an
excellent performance of 79 points—an evaluation capability
completely lacking in the traditional system. Experimental
data strongly demonstrates that the newly built system not
only achieves full coverage of dimensions in breadth but
also achieves dynamic balance of evaluation focus through
the synergistic effect of multi-dimensional indicators in
depth, thus enabling a more comprehensive and accurate
characterization of the overall development level of the new
power system.
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Figure 5 Comparison of scores and overall similarity of the power grids of the two provinces before and after multi-source data fusion. (a) Dimensional scores
before and after data fusion, (b) Overall proximity comparison.

4.2 Impact of Multi-Source Data Fusion on
Evaluation Results

To quantitatively reveal the impact of external environmental
data and multi-source information fusion on the evaluation
results, this study uses an indicator system containing only
internal operational data (basic scheme) and a complete
indicator system integrating multi-source data such as
meteorological, geographical, and policy data (fusion
scheme) as inputs. An improved TOPSIS model is used
to comprehensively evaluate the power grids of Province
A and Province B. The scores and overall ranking of each
province in the five core dimensions under the two schemes
are calculated, as shown in Figure 5.

As can be clearly observed from Figure 5(a), multi-source
data fusion has a structural impact on the evaluation scores
of each province across different dimensions. Under the
basic scheme, Province A performs well in the dimensions of
“safety and stability” (78 points) and “economic operation”
(75 points), while Province B has an advantage in the
dimension of “high-quality service” (82 points). However,
after the introduction of multi-source data, the evaluation
pattern has changed significantly.

For Province A, its score in the “clean and low-carbon”
dimension has achieved a qualitative leap, increasing sig-
nificantly from 65 points in the basic scheme to 82 points
in the fused scheme. Meanwhile, its score in the “flexible
adjustment” dimension also improves from 70 points to 79
points, further enhancing its system flexibility. However,
its score in the “safety and stability” dimension decreases
slightly to 76 points.

For Province B, its score in the “Economic Operation”
dimension decreases from 80 points in the basic scheme
to 72 points in the integrated scheme, and its score in the
“Clean and Low-Carbon” dimension also slightly decreases
from 68 points to 66 points. Besides, its score in the
“Flexible Adjustment” dimension increases from 73 points
to 78 points, reflecting a more accurate assessment of the
adjustment value of its large-scale demand-side response
resources after incorporating meteorologically sensitive load
forecast data.

These changes in dimension scores are ultimately reflected
in the overall proximity score shown in Figure 5(b). Under
the basic scheme, Province A’s overall proximity score is

0.58, slightly higher than Province B’s 0.55. However, under
the integrated scheme, Province B’s overall proximity score
jumps to 0.62, surpassing Province A’s 0.58 and becoming
the new leader. This reversal in rankings profoundly reveals
the limitations of traditional evaluation systems.

4.3 Effectiveness of Dynamic Weighting
Mechanism

To verify the effectiveness of the dynamic weighting mecha-
nism and demonstrate its adaptability to evaluation decisions,
this study calculates the dynamic weights of each core
evaluation dimension over five consecutive annual evaluation
periods from 2019 to 2023 based on the improved Critic-
Entropy Weight Combination Model. Figure 6 visually
presents this trend as a stacked area diagram, revealing how
the evaluation orientation dynamically adjusts over time and
with changes in the external environment.

In Figure 6, the weight of the “Safety and Stability”
dimension shows a trend of first decreasing and then stabi-
lizing over the five years, dropping significantly from 35%
in 2019 to 28% in 2021, and then stabilizing in the 26%–
27% range between 2022 and 2023. This trend closely
matches the shift in the focus of system development. The
weight of the “Clean and Low-Carbon” dimension, however,
shows a strong upward trend, continuously climbing from
18% in 2019 to 30% in 2023, and in 2023, it surpasses all
other dimensions, becoming the highest-weighted evaluation
indicator. Meanwhile, the weight of the “flexible adjustment”
dimension steadily increases from 15% in 2019 to 22% in
2023. The weight of the “economic operation” dimension
gradually declines from 25% in 2019 to 18% in 2023.
The weight of the “high-quality service” dimension remains
relatively stable, fluctuating slightly within the 5%–10%
range, reflecting its solid position as a fundamental and
baseline evaluation dimension.

4.4 Comprehensive Benchmarking and
Shortcoming Diagnosis Results

Based on the adaptive intelligent evaluation model designed
in Section 2.3, a complete indicator system integrating
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Figure 6 Annual trends in core evaluation dimension weights (2019–2023).

Figure 7 Annual comprehensive evaluation scores and rankings of the two provincial power grids based on the improved TOPSIS.

Table 3 Comparison of key secondary indicator scores.

Indicator Unit / Description Province A Province B

Renewable Energy Utilization % 93.5 95.8
ESS Equivalent Utilization Hours Hours 1850 2100
Demand Response Matching Degree % 82.4 88.1
Carbon Intensity per Unit Generation tCO2/MWh 0.412 0.368
Peak-shaving Resource Adequacy % (available/required) 76.3 85.7
Ramping Capacity Sufficiency % (available/required) 72.9 83.5
System Frequency Compliance Rate % 99.96 99.94
Composite Line Loss Rate % 4.8 5.2

multi-source data is adopted, and the dynamic weights for
2023 derived from the analysis in Section 4.3 are applied
to conduct an annual comprehensive benchmarking of the
power grids of Province A and Province B. The improved
TOPSIS model is used to calculate the comprehensive
closeness of each province to the ideal solution as the final
score, and the ranking is determined based on the scores.

As shown in Figure 7, Province B’s comprehensive score
is 0.62, while Province A’s is 0.58, placing Province B first
in this year’s comprehensive evaluation. This ranking result
is consistent with the conclusions obtained using the fusion
scheme in Section 4.2, verifying the consistency and stability

of the evaluation system under different data input scenarios.
To further analyze the root causes of the differences in

comprehensive rankings, the scores of key secondary indica-
tors for the two provinces under the five core dimensions are
analyzed in detail. The specific comparative data is shown in
Table 3.

Data analysis shows that Province A lags significantly
behind Province B in several key indicators reflecting the
core capabilities of the new power system. In the “clean and
low-carbon” dimension, Province A’s “carbon intensity per
unit of power generation” is 0.412 tCO2/MWh, higher than
Province B’s 0.368 tCO2/MWh, revealing deficiencies in the
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Figure 8 Comparison of actual and LSTM predicted values of new energy utilization rate.

synergistic optimization of its power structure regarding the
proportion of clean energy and power generation efficiency.
In the “flexible adjustment” dimension, Province A’s “peak-
shaving resource sufficiency rate” (76.3%) and “ramp-up ca-
pacity sufficiency rate” (72.9%) are both lower than Province
B’s corresponding levels (85.7% and 83.5%), indicating that
the effectiveness of its physical reserves or dispatch strategies
for adjusting resources in response to rapid fluctuations
in renewable energy output has room for improvement.
Furthermore, in terms of source-load coordination, Province
A’s indicators such as “new energy utilization rate” (93.5%),
“equivalent utilization hours of energy storage” (1850 hours),
and “demand-side response matching degree” (82.4%) are
also lower than Province B’s, reflecting its shortcomings in
the integrated coordinated operation of source, grid, load, and
storage.

It is worth noting that Province A performs relatively well
in some traditional evaluation dimensions. For example, in
the “safety and stability” dimension, its “system frequency
qualification rate” is as high as 99.96%, better than Province
B; in the “economic operation” dimension, its “comprehen-
sive line loss rate” is 4.8%, also better than Province B’s
5.2%. However, these advantages have not been able to offset
its significant gap in the two emerging core capabilities of
“clean and low-carbon” and “flexible adjustment.”

4.5 Trend Forecasting Accuracy and
Decision-Making Foresight

To meet the forward-looking requirements of monthly-
scale indicators for medium- and long-term planning and
scheduling decisions, this study configures the LSTM model
in a monthly forecasting mode: the input is a series of
monthly indicators from the past 12 months (generated by
aggregating 15-minute-level raw data using an arithmetic
mean); the forecast target is the average utilization rate of
new energy sources in the first month of the future; the
forecast is updated monthly using a rolling window approach.
The model uses historical monthly data from January to
June 2023 as the training set, performs rolling forecasts for
monthly values from July to December, and compares these
forecasts with actual observations to evaluate its forecasting

accuracy and decision-support capabilities.
Figure 8 presents a comparison of the actual observed

values (solid blue line, January-December) and the predicted
values (orange square line, July-December) of the “New
Energy Utilization Rate” for the entire year of 2023, along
with their corresponding confidence intervals (light orange
shaded areas). The model’s predicted curve closely matches
the actual value’s trajectory, successfully capturing the slight
decline in utilization rate in July-August due to fluctuations in
wind and solar resources, and the upward trend in utilization
rate in October-November due to load growth and scheduling
optimization.

The predictive performance is evaluated using the quantita-
tive indicators defined earlier. On the test set (July–December
2023), the model’s root mean square error (RMSE) is 0.18%,
and the mean absolute error (MAE) is 0.17%. These accuracy
indicators demonstrate that the LSTM model can accurately
capture the monthly variation patterns of this indicator and
possesses reliable predictive capabilities.

The annotation in Figure 8 clearly indicates that the model
forecast shows that the utilization rate of renewable energy
in Province A in December has a high probability (based
on the lower limit of the confidence interval) falling below
92%. Combined with the analysis of other data sources,
this forecast risk stems mainly from historical winter weather
patterns (lower wind speeds and less sunshine) and the high
load pressure at the end of the year. This forecast information
can be directly translated into specific decision support:
dispatching departments can develop contingency plans in
advance, appropriately increase the allocation of flexible
resources (such as energy storage and gas turbine units) in
December, or optimize inter-provincial power trading plans
to offset the risk of declining renewable energy output and
ensure that the utilization rate remains above the target level.

5. CONCLUSIONS

In this paper, a dynamic benchmarking evaluation system is
constructed based on multi-source data fusion. By integrating
multi-source data to establish a multi-dimensional index li-
brary of “source-grid-load-storage-carbon,” a modified critic-
entropy weighting method is used for dynamic weighting.
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A comprehensive ranking based on Mahalanobis distance is
applied using TOPSIS, and trend prediction is performed
using LSTM, forming a complete methodological chain.
Empirical research shows that the traditional system scores
only 5 points for the three dimensions of “clean and low-
carbon”, “flexible adjustment”, and “high-quality service”,
while the proposed system scores 82, 79, and 75 points
in these three dimensions, respectively. Multi-source data
fusion significantly changes the evaluation ranking, revealing
the impact of the external environment; dynamic weighting
enables weights to respond to policies and climate evolution,
guiding the evolution from “safe economy” to “clean and
low-carbon” and “flexible adjustment”; the diagnosis of
shortcomings accurately identifies deficiencies in new energy
utilization and energy storage call-up; the LSTM trend pre-
diction model has a monthly root mean square error of 0.18%
and an average absolute error of 0.17% for predicting new
energy utilization rates, supporting proactive scheduling and
risk warning. This system achieves collaborative innovation
in terms of dimensions, data, mechanisms, and time scales,
providing full-chain data-driven support for the planning and
operation of new power systems, from current status analysis
to future prediction, and therefore has both theoretical and
practical value.
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