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An Intelligent Assisted Assessment Method for
Distribution Grid Engineering Quality Based
on Large Language Modelling and
Ensemble Learning

Wei Hu, Tingting Zheng, Puliang Du, and Zhiwei Chen

Abstract—A safe and dependable supply of energy and
power is directly correlated with the quality of distribution
network engineering. The assessment and diagnosis of the
design quality and economic viability of a distribution
network engineering process are essential for guaranteeing
the steady functioning of the corresponding power system.
In this paper, an intelligent assisted assessment technique
for distribution network engineering is proposed to address
the issues of inefficiency, high manual dependence, and low
utilization of vital information in the text during the eval-
uation of projects related to distribution network engi-
neering. To improve the model’s contextual learning ability,
the robustly optimized bidirectional encoder representa-
tions from transformers pretraining approach and
whole-word masking are adopted to extract useful features
from the distribution network engineering project review
text. Principal component analysis is then used to
downscale the high-dimensional features, thereby greatly
increasing the efficiency of downstream classification. The
light gradient boosting machine performs classification on
the downscaled text features, and the Bayesian optimiza-
tion approach is utilized to identify the best hyperparame-
ter combinations. This significantly lessens the impacts of
random parameters on the model performance. Tenfold
cross-validation results demonstrate that the model can
quickly and accurately identify common problems in dis-
tribution network projects’ technical and economic di-
mensions.

Index Terms—Large language model, ensemble learn-
ing, distribution network engineering, intelligent assisted
assessment.
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I. INTRODUCTION

A. Background and Motivation

he “14th Five-Year Plan” for China highlights the

need for a future distribution network to progres-
sively transition into a new kind of active, intelligent,
and collaborative network while increasing the capacity
and quality of long-distance transmissions. The power
supply and transmission line construction processes are
comparatively efficient, and the overall electricity usage
in society remains stable [1]. Currently, the planning
procedure for the construction of a power grid primarily
focuses on the distribution network rather than the
backbone network. By 2025, 34% of terminal energy
consumption is expected to come from electric energy,
and the electrification level of energy consumption will
continue to rise. Distribution networks are crucial for
ensuring a steady and dependable supply of electric
energy since they serve as the central links between the
energy production, conversion, and consumption pro-
cesses [2], [3]. The wide ranges of loads that are ac-
cessed, including energy storage facilities, electric ve-
hicles, and renewable energy sources, have raised the
construction quality standards of distribution network
projects. Strictly reviewing a distribution network pro-
ject, guaranteeing the construction quality of the net-
work, and bolstering its grid security are essential for
creating a robust and trustworthy intelligent distribution
network [4], [5]. Distribution networks also contain
complex data and a wide variety of devices. The crea-
tion of an effective data mining and analysis technique
can standardize the way in which typical technical and
financial issues are handled during the design phase,
thus raising the intelligence and digitalization levels of
the distribution network and ensuring the construction
quality of the project.

High-quality distribution network design may facili-
tate energy access, strengthen the security and stability
of the energy system, and encourage the sustainable
growth of the energy industry [6], [7]. It is vital to invest
in new building and repair projects for the distribution
network since issues such as the ageing of poles, towers,
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and circuit breakers increase as the service lives of dis-
tribution network facilities increase [8]. The relevant
evaluation units must analyze the line direction, wire,
selected equipment, network structure, economic fea-
sibility, and other aspects of the project design to ensure
that the design scheme satisfies the technical and fi-
nancial standards of the distribution network project.
When performing evaluation tasks, the evaluation units
produce a large amount of textual data. Reducing the
frequency of issues and improving the quality of the
engineering design process can be achieved by effec-
tively utilizing textual information acquired from dis-
tribution network engineering design quality problems,
categorizing and prioritizing common design faults, and
managing them through targeted, scientific methods. To
increase the effectiveness of the review process, an
intelligent auxiliary review method is urgently needed
as most existing review activities are manual, chal-
lenging, and time-consuming. To achieve high-caliber
construction and scientific planning for energy engi-
neering projects, it is imperative to define common
design errors and increase the evaluation depths of dis-
tribution network projects.

B. Literature Review

The offline expert review mode limits the quality and
efficiency of distribution network project evaluations,
while the wide variety of such projects further compli-
cates the review process. The development of smart
grids drives advancements in energy sector information
technology, while with power-related data growing
exponentially, it is critical to implement intelligently
supported evaluations of distribution network projects [9].
The intelligent auxiliary evaluation process of distribu-
tion network engineering relies on easily analyzed,
structured data. Based on the cost data accumulated in
power grid projects, reference [10] designs a set of big
data mining-based engineering construction cost man-
agement methods to predict the reasonable price of
equipment and provide a foundation for determining
whether various engineering construction costs are
reasonable. To conduct accurate management and ob-
tain lean measurements, reference [11] proposes the
main characteristic indices of the total construction
process of a distribution network project based on his-
torical empirical data concerning the construction cost
of the project. Academics tend to overlook high-value
text data in favor of organized data from which it is
simple to extract information, such as project costs and
fees and historical data. Numerous important details,
including project design difficulties and review com-
ments, are gathered in review documents for distribu-
tion network engineering designs. Nevertheless, this
review text information is not properly mined and uti-

lized because of the intricacy of the text data themselves.

The utilization of a large language model (LLM) for
information mining and analysis is crucial for advanc-
ing the digital transformation and enhancement of dis-
tribution network engineering reviews. A standardized

management method for common problems can reduce
the rate of manual classification errors and provide
improved review efficiency by thoroughly mining
high-value information from expert review opinion
texts and matching it with problem causes. Additionally,
the frequency of common problems can be reduced by
providing reference opinions for project design units to
write feasibility and preliminary reports.

An LLM integrates deep learning and natural lan-
guage processing (NLP) and carries out model pre-
training and fine-tuning with the help of a large-scale
text corpus [12]. Typical LLMs include bidirectional
encoder representations from transformers (BERT),
enhanced representation through knowledge integration
(ERNIE), and ChatGPT. A research gap remains in the
engineering and construction of power distribution
networks, and LLMs are currently only used in the early
stages of exploration in the field of electric power, e.g.,
power dispatching, power auditing, price prediction,
power systems, and other related application scenarios [13].
A strategy for predicting crude oil prices that considers
public opinion is creatively presented in [14], in which
the characteristics of public attitudes about crude oil
prices are retrieved using the BERT model, and are then
decomposed twice to provide accurate crude oil price
predictions. To address the power audit text classifica-
tion problem, a fine-tuning model based on BERT is
proposed, and the model outperforms other fully su-
pervised models by large margins [15]. Robustly opti-
mized bert pretraining approach (RoBERTa) addresses
the static masking issue faced by the BERT model, and
its context understanding ability is further enhanced by
the use of more training data and dynamic masking
operations. The substantial semantic feature parsing and
extraction benefits of the RoBERTa model are con-
firmed by applying the model in feature extraction and
terminology classification tasks involving power dis-
patch text [16]. Similarly, RoOBERTa and attention are
used to accomplish named entity recognition for
scheduling text in the realm of power scheduling [17].
However, the above research do not involve the con-
struction of a distribution network engineering process.
In addition, LLMs have been mainly used to analyze
text features and complete classification tasks without
combining other classification models.

Bagging, boosting, and stacking are the three primary
classes that comprise integration learning, which is a
type of machine learning method that is trained to gen-
erate a powerful learner by joining numerous poorly
supervised models [18]. The power industry has rela-
tively developed integrated learning applications, which
perform well in a variety of scenarios, such as load
forecasting and wind power prediction. To evaluate the
robustness of contemporary distribution networks, a
probabilistic model is created based on random forest
that represents the likelihood of overhead line outages
due to crown snow [19]. Reference [20] proposes a
probabilistic wind power prediction model considering
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error correction, while the prediction results of the gra-
dient boosting decision tree (GBDT) are also corrected
to improve the accuracy of the model. This is done to
satisfy the imposed energy transition requirements and
ensure a balance between the supply and demand of
urban energy. To anticipate the demand for regional
energy systems, long short-term memory (LSTM) with
extreme gradient boosting (XGBoost) is used, while the
experimental findings demonstrates that XGBoost can
greatly increase the training speed while maintaining a
low error rate [21]. When working with large amounts
of data, GBDT and XGBoost have significant re-
strictions because they must iteratively traverse the full
training set multiple times. On the other hand, the light
gradient boosting machine (LightGBM) has a quicker
processing speed and a lower memory footprint, al-
lowing it to handle concurrent training steps. Light GBM
is used to forecast the flexibility of electric vehicle
charging, and studies have demonstrated that this model
offers clear benefits when handling large datasets [22].
In conclusion, the current electric power methods pri-
marily rely on numerical data for prediction and classi-
fication using ensemble learning models, without uti-
lizing textual data related to electric power.

C. Contributions

Currently, the majority of the research on reviewing
and managing distribution network projects focuses on
investment strategies and process optimization tech-
niques, with little attention given to the analysis and
handling of technical and financial design issues. The
design of a distribution network project, which has an
impact on energy field safety, is critical to the quality of
the construction process. Artificial intelligence and big
data must be included in engineering construction
quality management to build a digital and intelligent
new energy system. However, text data in the field of
distribution network engineering have not yet been
effectively mined and analyzed. Thus, this research
provides an intelligent design problem diagnosis model
that combines an LLM and ensemble learning based on
historical project data derived from distribution network
engineering scenarios.

1) Advanced text feature extraction technology: The
robustly optimized bidirectional encoder representa-
tions from transformers pretraining approach and
whole-word masking (RoBERTa-wwm) model is crea-
tively applied to the text of the power distribution net-
work project evaluation to extract and analyze features.
The RoBERTa-wwm model is more accurate at pro-
cessing texts in the electric power domain than the Bert
model since it is full-word masked at word granularity
and pre-trained on a larger variety of datasets.

2) Efficient classification model and parameter tun-
ing strategy: An integrated learning approach is em-
ployed to feed the dimensionality-reduced text features
into the LightGBM model for effective classification.
The model-specific gradient-based one-side sampling
(GOSS) and exclusive feature bundling (EFB) algorithms

maximize the processing power for large-scale datasets,
while the Bayesian technique is used simultaneously to
search for the best super-parameter combination, thus
greatly enhancing the model’s performance.

3) Innovative intelligent evaluation model: To pro-
vide an intelligent assisted evaluation model for distri-
bution network engineering, this research combines the
semantic analysis of ROBERTa-wwm, the classification
benefits of principal component analysis (PCA)
downscaling, and Bayes-LightGBM. The comprehen-
sive performance of the combined model in terms of
numerous assessment indexes is thoroughly confirmed
via ten-fold cross-validation.

4) Important practical application value: This re-
search proposes an intelligent auxiliary assessment
model of distribution network engineering quality,
which is able to perform the intelligent classification of
engineering problems and efficiently identify the main
weaknesses in engineering design. In addition to en-
suring energy security and fostering the intelligent and
digital transformation of power systems, the model
offers significant practical value in supporting the effi-
cient landing of distribution network engineering pro-
jects.

II. GENERAL FRAMEWORK

The research framework of this paper is shown in Fig. 1.
Text feature extraction and classification are the two
parts of the intelligent approach developed for diag-
nosing the typical issues faced in distribution network
engineering scenarios.

RoBERTa-wwm is used to extract semantic infor-
mation from the input textual design for engineering a
defective distribution network. First, the supplied text is
subjected to text embedding and position embedding.
Second, information is fed into the six-layer encoder
structure of a transformer, which employs a multi-head
attention technique to parse the semantic structures in
different regions. The output is then fed into the next
encoder, which passes through 12 transformers before
producing the final text embedding.

Text features are extracted by RoOBERTa-wwm and used
in the downstream classification process. Since the
768-dimensional characteristics obtained from the up-
stream task may contain redundant information, PCA is
used to reduce the dimensionality of the features. The
resulting features are more representational and operate
with a significant increase in efficiency following the
dimensionality reduction process. The major features ac-
quired after implementing dimensionality reduction are
carried over to the LightGBM, whose unique histogram
formation method and leaf node development strategy
enable the model to significantly boost its computational
efficiency without sacrificing accuracy. Finally, the
LightGBM hyperparameters are tuned, and the Bayesian
technique is used to determine the optimal hyperparameter
combination.
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Fig. 1. Model framework.

III. BASIC METHODOLOGY

A. RoBERTa-wwm

To acquire the semantic properties of defective text
for distribution network engineering design, RoB-
ERTa-wwm is chosen in this paper. This approach is
able to fully acquire the semantic information and rules
of the Chinese language, which allows it to better
comprehend contextual relationships. This is achieved
by combining the advantages of the RoOBERTa model
with the whole-word masking strategy, which is a novel
masking technique created specifically for Chinese
expression features. Chinese word splitting is not ac-
counted for when masking at the single word level, and
thus, it is simple to overlook the dependencies between
terms [23]. The three elements of ROBERTa-wwm are
better than those of the BERT model.

1) RoBERTa-wwm derives a Chinese partici-
ple-based whole-word masking strategy from the sin-
gle-character masking approach of BERT, as Fig. 2
illustrates the precise structure. In a case where the task
is to “verify the number of removed cables,” RoB-
ERTa-wwm masks all of the letters in the target word
together, and the whole-word masking policy treats
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“removed” as a group of words, masking two characters.
By capturing the same phrases in various contexts, this
masking method completely utilizes the semantic cor-
relations between words and enhances the overall per-
formance of model pretraining.

2) RoBERTa creates a fresh mask at random for
every input, which contrasts with the static mask of
BERT. Static masking, or using a fixed portion of the
input token for mask processing, is what the classic
BERT model does during pretraining [24]. The utiliza-
tion of dynamic masking enables RoBERTa-wwm to
perform autonomous mask operations on every training
instance, hence enhancing the sample diversity and
augmenting the processing capacity of the model for
various scenarios. This dynamic masking technique
enhances the efficacy and generalizability of the model
in a variety of language tasks by helping RoB-
ERTa-wwm learn and use the input context information
more effectively.

3) During the pretraining phase, RoOBERTa cancels
the next-sentence-prediction (NSP) assignment. The
NSP task is intended to ascertain whether two sentences
are continuous. This process is used as a pretraining task
in the BERT model. Studies have revealed that NSP
tasks only slightly boost the performance of the resulting
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model in numerous downstream tasks. And as a result,
by removing the NSP process, RoOBERTa-wwm concentrates
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embeddings

Token
embeddings

Input

Fig. 2. RoBERTa-wwm model.

Many professional-domain terms are used in engi-
neering design quality assessments for distribution
networks. To properly represent domain word proper-
ties and language rules, the RoBERTa-wwm model
consists of 12 transformer encoder layers. To assist the
model in extracting key features from many dimensions,
each layer encoder is composed of a feedforward neural
network and a multi-head self-attention mechanism.
The structure of the coding layers is shown in the left
module of Fig. 3, which is the structural diagram of the
transformer. The encoder block of the transformer is
made up of feedforward, add & norm, multi-head at-
tention, and add & norm layers in order.
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more time and resources on language modelling and
word-level prediction.

a5 MASK MASK

This research uses the multi-head attention mecha-
nism to extract text features. The inputs of the model or
the outputs of the preceding coding layer are multiplied
by initialized linear transformation matrices that are

randomly generated to produce matrices Q,, K,, and

V.. Eight self-attention layers form the multi-head at-

tention mechanism, which allows the model to concen-
trate on parsing significant words by acquiring semantic
information from many areas. To obtain the final output
vector, the outputs of the eight self-attention layers are
combined and processed through a linear transformation

layer.
The calculation formulas are as follows:
0 = XW? (1)
K =xwk 2)
vV, =XW, (3)

where X is the input matrix of the transformer; while
W<, WX and W are the weight matrices.

1

After the Q,, K,, and V, matrices are obtained, the

output of the self-attention process can be determined.
The softmax function is used to calculate the attention
coefficients between each word and other words after
the inner product of the matrices is determined. Sub-

sequently, the coefficients are multiplied by matrix V,
to obtain the output, as:

Q K]
N

where D, represents the dimensionality of K,. The

Z, = softmax(

“

inner product is divided by the square root of D to
prevent it from growing too large.

The final output of the multi-head attention mecha-
nism is obtained by splicing the outputs of different
self-attention mechanisms to create a matrix. This ma-
trix is then sent to the linear transformation layer, and its
dimensions match those of the input matrix. A two-layer
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fully connected layer is obtained when the multi-head
attention output is connected with the residuals, stand-
ardized processing is performed, and the final output
matrix is obtained.

B. PCA

PCA is a linear dimensionality reduction technique
that is used to extract significant features, eliminate
redundant data, and map high-dimensional characteris-
tics to a low-dimensional space. The following are the
precise steps.

The sample features s extracted by RoB-
ERTa-wwm are first centred; m represents the total
number of samples in the dataset used for PCA.

s0=s0 Ly ©)

(@)

The covariance matrix of s*’ is then computed:

c-Lsst (6)
m

Eigenvalue decomposition is performed on the co-
variance matrix C to find its eigenvalues and eigen-
vectors [25]. The eigenvector A corresponding to the
largest eigenvalue d is found, and all eigenvectors are

standardized to form an eigenvector matrix
(a,,a,, -+ a,) . Each sample § in the sample set is
then transformed into a new sample G’

G(i) — ATs(i) (7)
C. LightGBM

This article uses LightGBM to intelligently classify
engineering design quality problems involving distri-
bution networks. Based on GBDT, LightGBM is an
enhanced ensemble learning technique [26]. Its strategy
is tailored to address issues such as the challenge of
identifying the ideal segmentation point of a decision
tree and the low effectiveness of the leaf growth mode.
By ensuring the accuracy of the model, its running
speed is greatly improved, and its memory consumption
level is reduced. The design defect text features and
problem category labels extracted by RoOBERTa-wwm
are transferred to the LightGBM model as inputs. The
weight values corresponding to each leaf node are cal-
culated according to the differences between gradients,
and the scores of each category are obtained. The cat-
egory with the highest scores is the final output classi-
fication result.

The objective function of LightGBM is shown in
equation (8):

obi() = L(Y,T) + 3 2() ®)
LY = Y I = I 4 ) )

Q(f,):}/T+%lia)} (10)

where (2 is the regularization term; n refers to the
number of samples; y, and " represent the true value

and the predicted value of label i, respectively; p™"
represents the predicted values for the previous ¢—1
steps; f,(x,) denotes the prediction increment made by
the model for the ith sample x, at the rth iteration; /(-)

serves as the loss function, which is emplovyed to quan-
tify the discrepancy between the predicted and true

values; @, is the weight for controlling the ;j th leaf
node; while y and A are the regularization parameters
that prevent overfitting. A second-order Taylor expan-
sion of the objective function with respect to p{™" is
produced, as:

obj(i) = i|:l(yi:yi(l_l)) +gifi(x)+ lhifr2 (xi)j| +
Q)

where g, and A, are expressed as the first and second
partial derivatives of f;, respectively. When the mini-
mum value of the objective function is obtained, the
corresponding " is the final prediction category.

The objective function definition of LightGBM is the
same as that of XGBoost but with the addition of GOSS
and EFB. The main goal of the GOSS algorithm is to
retain all large gradient samples. Because of their
minimal information gains, the small gradient samples
are sampled at random. The large gradient samples are
the first a samples of the absolute gradient values, and
the small gradient samples are those that result from
selecting bx(1—a) values at random from the re-
maining samples. Equation (12) displays the infor-
mation gain determined by sampling based on the gra-
dient size, where 4 is the large gradient sample; B is
the retained small gradient sample; during feature
splitting, both 4 and B are divided into left (4,,5,)

and right (4,,B,) leaves based on feature j; g, de-
notes the gradient value; j is the number of features;

while m/ and m/ denote the numbers of left and right
leaf nodes, respectively.

[Zg,+zg,J /m{(d)+
(Zg, +7Z glJ /MZ(d)
X; €A, x;€B,

To accelerate the model training process, GOSS
regulates the quantity of data in accordance with the
gradient size. By combining mutually incompatible
features, the EFB method further decreases the data
quantity. By combining features with low conflict rates
into a single feature and establishing a maximum

Vi(d )— (12)
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allowable conflict threshold K, the algorithm decreases
sthe feature dimensionality [27]. The histogram algo-
rithm of LightGBM facilitates the merging of mutually
exclusive features. With the help of the histogram al-
gorithm, only # bins need to be traversed instead of all
the features to determine the optimal splitting point,
thus striking a good balance between training efficiency
and accuracy.

D. Bayesian Hyperparameter Optimization Algorithm

The fundamental concept of the Bayesian optimiza-
tion process for the LightGBM hyperparameters is as
follows. The objective function value is determined by
continuously searching for new hyperparameter com-
binations based on the prior information formed by the
historical data, the posterior probability distribution is
updated, and the objective value is optimized in a
step-by-step to direct the hyperparameter search pro-
cedure. The following are the basic steps.

A set of hyperparameter vectors is initialized in the
given hyperparameter space:

X:[xo,x,,---,xn] (13)

By substituting the hyperparameter combination into
the model, we obtain the values of the objective func-
tion and the initial dataset D, [28] as (14), where

f(X) represents the objective function value of the
hyperparameter combination X.
D, ={X.f(X)} (14)
The next sampling point is determined by maximiz-
ing the collection function after its calculation:

X, = argmax a(x| D)

(15)
where « is a key value used in Bayesian optimization
to balance exploration and utilization; and D, , repre-
sents the accumulated dataset of sampling data at the
(¢—1)th iteration, encompassing all evaluated combina-
tions of hyperparameters along with their corresponding
objective function values.

The objective function value f(x,) of the new sam-

pling point x, is calculated and added to the sampled
dataset:

D, Uix, f(x)} (16)
When the maximum number of iterations is reached,
the optimal sampling point {x*, f (x*)} is returned.

E. Tenfold Cross-validation

This work uses the tenfold cross-validation method to
evaluate the performance of the proposed model in
terms of eliminating the uncertainty caused by the
random division of data and to accurately assess the
generalizability of the model. To guarantee the con-
sistency of the data distribution, the feature dataset is
stratified, sampled and split into ten mutually exclusive
subsets following dimensionality reduction. To create
10 distinct pairs training and test sets, one subset is
utilized as the test set, and the other nine subsets are

utilized as the training set. Ten model training splits
yield ten sets of test data. The overall performance of
the model is determined by taking the mean of the
findings produced for the ten sets.

Samples with the same quantity as those in the test set
are randomly chosen as the validation subset, and the
remaining samples serve as the training subset for
Bayesian hyperparameter optimization. The parameters
are adjusted in accordance with how well their hy-
perparameter combinations perform on the validation
subset. The LightGBM hyperparameter combination
serves as the input of the Bayesian framework, and the
resulting accuracy is the output. Finally, the model
performance is evaluated on the test set after the ideal
hyperparameters are transferred to the training set for
retraining. Figure 4 displays the unique experimental
framework.

All data
[1]2]sa]s[ef7[s]o]m]

10%
"
J, Random split T Best hyperparameter
80% 10%

| |

Training subset  Validation subset

10%
fit N Average
- performance
i Random split T Best hyperparameter
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Training subset  Validation subset

10%

fit \[
i Random split T Best hyperparameter
80% 10%
Traming subset  Validation subset

Fig. 4. Experimental framework.

F. Evaluation Indicators

The accuracy, precision, recall, and F1 score are
popular metrics for assessing the performance of a
model in binary classifications. In this study, we addi-
tionally consider the balanced error rate (BER) and
computing speed of the model. Table I shows the con-
structed 2x2 contingency table. The number of samples
judged by the classifier to be positive cases that are
actually positive cases is Eyp,, and the number of sam-
ples predicted by the classifier to be positive but are
actually negative cases is £}, . The number of samples
judged by the classifier to be negative cases but are
actually positive cases is Ej, , and the number of sam-
ples predicted by the model to be negative that are ac-
tually negative cases is E.y .



90 PROTECTION AND CONTROL OF MODERN POWER SYSTEMS, VOL. 10, NO. 3, MAY 2025

TABLE
2x2 CONTINGENCY TABLE

Actual sample is a
positive example

Actual sample is a
negative example

Classifier judgement is a E E
positive example P FP

Classifier judgement is a E E
negative example FN TN

The percentage of samples that the classifier correctly
identifies as a whole is known as the R,

ETP + ETN

R = 17
‘Accuracy ETP + ETN + EFP + EFN ( )

ccuracy *

Ry.ision 18 the rate of correctness achieved when the
classifier diagnoses samples as belonging to the corre-
sponding category:

E
Precision — (1 8)
E +Eg

The percentage of the total number of questions in a

category that are accurately classified is known as the

RRecall :

E
S\ (19)
ETP + E FP

Rpision @and Ry . are averaged together to create
the F1-score R,:

Recall —

R]:] — 2x RPrccision XR
RPrccision +R
Ry 1s the mean value of the proportion of positive
cases that are misjudged and the proportion of negative
cases that are misjudged:
Ry =2y ) oy
2 ETP +EFN EFP + ETN
The intelligent diagnosis of distribution network en-
gineering design issues is a multiclassification problem.
The average performance achieved across the n cate-
gories in terms of each indicator can then be computed.
To do this, the ith category is considered a positive
example, the remaining n —1 categories are considered
negative examples, and so on.

Recall

(20)

Recall

IV. EXPERIMENTS AND RESULTS ANALYSIS

A. Dataset

The primary method for determining whether a dis-
tribution network construction project satisfies the im-
posed criteria is to assess the viability of the project
design from both technical and economic standpoints.
The business data of the Shanghai Institute of Eco-
nomics and Technology (SITE) provided the dataset
used in this article. The dataset includes 9290 audited
data points related to substation projects, line projects,
automation projects, and other projects related to the
distribution network technology renovation. The dis-
tribution network engineering problems have a complex
structure and a large amount of text data, making them
challenging for standard model-driven approaches to

tackle, as revealed by an analysis of the dataset’s fea-
tures. There is vast amount of useful information in the
distribution network engineering project review text,
and the large language model can be used to extract the
text features effectively. By mining the historical busi-
ness data, a library of frequently asked questions on the
project can be created, which can help the review ex-
perts make decisions and standardize engineering pro-
ject management. However, integrated learning is nec-
essary to complete the classification task after feature
extraction. To address this complicated issue, this study
develops a set of data-driven techniques that combine
integrated learning and big language models. The ap-
plication scenarios of the models that are created align
with the research objectives of this work.

To ensure the safety and dependability of power
transmission, the design unit should, at the technical
level, choose standard-compliant cables, switchgears,
circuit breakers, transformers, and other supporting
equipment in accordance with the voltage level, capac-
ity, and performance requirements of various project
types. However, safety risks are frequently encountered
throughout the design phase of a construction program.
The risks include flawed engineering designs, improper
equipment selections and installation locations, and
inadequate support materials. A few of the technical
issues concerning distribution network engineering are
listed in Table II, along with their related categories. For
example, if mutual stranded cables are used to replace
the distribution lines below a pole substation in the line
rehabilitation project, but surge arresters are not in-
stalled, this poses a risk. Surge arresters are necessary to
protect power equipment from atmospheric voltage
transients and lightning strikes. Failing to install them
during equipment replacement highlights a flaw in the
engineering design.

TABLE II

DISTRIBUTION NETWORK ENGINEERING ISSUES AND THEIR
CATEGORIES

Problem description
Surge arresters should be added to
the pole when changing lead wires to
replace interstranded cables

Question tag

Technical-engineering in-
adequacies

Technical-engineering ap-
proval of equipment for the
installation site
Technical-supporting docu-
ments, including drawings
and photographs

Circuit breaker installation should be
changed to load switch installation

An auxiliary grounding device needs
to be installed at the end of the line

The oil chromatograph device of the
converter transformer should be
installed in conjunction with the

power outage of the converter
transformer
Separate quotas should be for the
suspension clamp and the tension
clamp
The cost required for renovating the
zero-flow pressure plate of the
switch station should be verified
The power cable work should be
verified

Technical-supporting docu-
ments, excluding power
work orders

Economic-quota
recognition

Economic-cost verification

Economic-quantity
accounting
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The budget estimates and budget quota documents of
the National Energy Administration should be followed
when creating estimates and budgets at the economic
level. The costs of major materials and equipment
should be based on the information prices published
every quarter. Nonetheless, instances may occur in
which the volume and cost of a project are not deter-
mined in accordance with the standards during the ac-
tual design phase of the construction program. A few of
the issues related to the financial aspects of distribution
network engineering are listed in Table II, along with
their related categories. For example, in the line recon-
struction project, various wire clip types are employed.
To guarantee the stability and dependability of the line,
overhanging wire clips and tension-resistant wire clips
are used, depending on the distance and angle between
the conductor and the tower, respectively. However, this
design may encounter a quota confirmation issue be-
cause the two types of wire clips are not distinguished
when the quota is applied.

B. Feature Extraction and Dimensionality Reduction

Upon analyzing the dataset, we find that the maxi-
mum number of tokens in the distribution network en-
gineering review text is 69, with a total of 9290 texts,
which constitutes a large volume of data. The RoB-
ERTa-wwm model, which has a token limit of 512,
demonstrates robust performance across various NLP
tasks. It has a distinct advantage in terms of handling
large-scale textual data, making it suitable for extracting
features from the text of the distribution network engi-
neering process. The design of the full-word mask can
capture the semantics of each word in different contexts.
Through the structure of the 12 transformer encoding
layers in ROBERTa, the project engineering audit text is
captured bidirectionally, enabling a better understand-
ing of the contextual semantic information and the ex-
traction of more complete, accurate, and rich semantic
features [29].

The RoBERTa-wwm model maps each token to a
768-dimensional vector space based on a thorough
consideration of the model capacity, the computational
resources, and the model performance. This mapping
step enhances the model’s capacity to fully capture
subtle features across languages and comprehend the
relationships between semantics. RoBERTa-wwm
converts the text of the distribution network engineering
review into a 768-dimensional word vector [30]. PCA is
then used to extract the important characteristics to
minimize the use of processing resources and increase
the training speed. By converting high-dimensional
feature vectors to smaller dimensions, PCA can shorten
the training period and minimize the amount of memory
used by the model. To enhance the performance and
generalizability of the classification model, superfluous
information is removed from the input features while

retaining the most discriminative characteristics. The
essential structure and content of the original data are
retained in the features following the dimensionality
reduction process implemented via PCA, making the
model finding analysis more interpretable and easier to
comprehend. The variance contribution ratio of each
principal component is displayed in Fig. 5, and the
cumulative variance contribution ratio of the first eight
principal components surpasses 50%. This indicates
that more redundant information is present in the ex-
tracted features and that the data retain a high level of
information enrichment even after completing dimen-
sionality reduction.
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Fig. 5. Variance contribution of each principal component.

C. Classtfication and Hyperparameter Search

LightGBM has a strong parallel computing ability
because of its proprietary GOSS and EFB algorithms,
which are very helpful for resolving issues concerning
the intelligent diagnosis of distribution network design
quality. The benefits and drawbacks of the LightGBM
hyperparameter combination, in addition to the model
design, have direct impacts on the classification per-
formance of the model. The hyperparameters can be
broadly categorized into three groups based on their
various effects: regulating the tree structure, enhancing
the accuracy of the model, and avoiding overfitting.
When choosing a greater depth, it is important to con-
sider whether the model is experiencing overfitting. The
max_depth is a common tree structure hyperparameter
that controls the depth of the tree. Two significant hy-
perparameters that impact the model performance are
learning_rate and n_estimators. The gradient descent
step size can be adjusted with the learning_rate. If it is
too large, the model may overshoot the optimal value,
while a rate that is too small can slow down conver-
gence. The number of decision trees is controlled by
n_estimators. Using the tuning parameter, the model
accuracy can be increased by determining the best
combination of n_estimators and the learning rate.
Regularization parameters reg lambda and reg_alpha
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are utilized to improve the generalizability of the model
while preventing overfitting. The subsample parameter
specifies the proportion of data that is randomly sam-
pled for each individual tree, whereas the colsam-
ple_bytree parameter regulates the proportion of col-
umns that are randomly selected for each tree. The sig-
nificance of the hyperparameters for one of the folds is
shown in Fig. 6.

learning_rate 0.0l
max_depth

reg_lambda

reg_alpha

Hyperparameter

colsample
bytree

n_estimators

subsample

L L L L 1 s " " s 1 L L " L "
0.0 0.2 0.4 0.6
Hyperparameter Importance

Fig. 6. Importance of the hyperparameters.

D. Results Comparison

An Intel Core 17-9700K processor, 64GB of RAM,
and a 1TB SSD hard drive were utilized to ensure our
suggested model could process the distribution network
project evaluation material.

In this work, useful information is first extracted from
distribution network project review text using RoB-
ERTa-wwm. The retrieved structured features are then
sent to PCA for feature dimensionality reduction. The
output of RoBERTa-wwm is converted into
20-dimensional vectors by PCA from its original 768
dimensions. After performing dimensionality reduction,
the primary features are sent to LightGBM for classi-
fication. The model performance is then determined by
tenfold cross-validation, and the best hyperparameters
are found with the aid of the Bayesian approach. A
comparison study is carried out from four perspectives,
i.e., feature extraction dimensionality, classification
dimensionality, combined model dimensionality, and
training time, to confirm the efficacy of the model de-
scribed in this paper.

1) Feature Extraction Dimensionality Comparison
Among Different Models

In this research, two common static text embedding
models, bag-of-words (BoW) and term frequen-
cy-inverse document frequency (TF-IDF), are chosen
for comparison with the RoBERTa-wwm model via
ablation experiments to validate the proposed model’s
strong semantic comprehension capacity. To verify the
accuracy of the comparative experiment, the vectors
output by the BoW and TF-IDF models are downscaled
to 20 dimensions via PCA. Utilizing the same Bayesian

hyperparameter optimization method, the LightGBM
classification approach is chosen for all three models so
that their performances can be compared across five
metrics. Table III displays the performance of each
model. As seen, the model proposed in this work yields
an accuracy decrease of 0.0029 but accuracy increases
of 0.0024, 0.0206, and 0.013 over the second-best
method in terms of the R R

Accuracy , © Precision , *'Recall , ““FI1?

and Ry, respectively. The advantage of the model
developed in this research, which ensures a lower Ryg

while having a high Ry, is evident in terms of the
overall performance.
TABLE III
COMPARISON AMONG THE FEATURE EXTRACTION
DIMENSIONALITY INDICATORS OF DIFFERENT MODELS

Model RAccumcy RPrecismn RRecal] RFI RBER
BoW 0.9025 0.9063 0.8282  0.8558  0.1718
TF-IDF 0.8978 0.8894  0.7963  0.8265  0.2037
RoBERTa 0.8996 0.9269 0.8306  0.8688  0.1694

The performance achieved by each model under
various classification labels is displayed in Fig. 7. Label
1 indicates a problem with economic cost adjustment,
Label 2 indicates a problem with economic volume
accounting, and Label 3 indicates a problem with the
technical supporting materials, such as drawings and
images. The three-dimensional diagrams shown in this
research intuitively show that the models developed in
this paper perform optimally on each label and have
good generalizability.
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Fig. 7. Performance achieved by different feature extraction
models for different labels. (a) Rp; . (D) Rprecision - (€) Rrecar -

2) Classification Dimensionality Comparison Among

Different Models
Six classification models, including logistic regres-

sion (LR), decision tree (DT), random forest (RF), gra-
dient boosting decision tree (GBDT), XGBoost, and
multilayer perceptron (MLP), are compared in ablation
experiments to confirm that the LightGBM model per-
forms best in classification. Except for the classification
model, the remaining experimental sets are the same.
The feature extraction models are all selected from
RoBERTa-wwm, and the same dimensionality reduc-
tion and hyperparametric search procedures are used.
Figure 8 and Table IV show the comparative outcomes
of'the classification models. Except for precision, which
is ranked second, all the metrics of the proposed method
are ranked first. LightGBM performs 0.0038 in terms of
precision relative to XGBoost, but achieves an F1 score
gain of 0.0093 and lowers the equilibrium error rate by
0.0147. While integrated learning increases the model
accuracy by merging several tree models, the tree
structure provides stronger interpretability and robust-
ness and is better at collecting the nonlinear properties
of samples than classic classification models such as LR.
Furthermore, in contrast to the other integrated learning
models, such as DT, GBDT, and XGBoost, the special
histogram method effectively of LightGBM increases
the learning capacity and operating efficiency of the

model.
TABLEIV

COMPARISON AMONG THE CLASSIFICATION DIMENSIONALITY
INDICATORS OF DIFFERENT MODELS

93
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Fig. 8. Radar chart showing the performance of different classi-
fication models.

The performances achieved by several tree models on
the three labels are displayed in Fig. 9. The
three-dimensional conical graphs of the three measures
show that LightGBM performs best across the board,
whereas GBDT and XGBoost perform similarly but
with slightly lower overall performance than that of
LightGBM. Furthermore, the three enhanced tree mod-
els outperform the basic decision tree structure in terms
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RF 0.7885 0.9074 0.6189  0.6998 0.3811

GBDT 0.8874 0.9249 0.8174  0.8602 0.1826

XGBoost 0.8881 0.9307 0.8159  0.8595 0.1841
MLP 0.6909 0.5668 0.4698  0.4895 0.5302
LightGBM 0.8996 0.9269 0.8306  0.8688 0.1694
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3) Comparison Among Combined Models

The semantic information extraction and classifica-
tion models mentioned above are combined to broaden
the scope of the comparison. The same dimensionality
reduction processing and Bayesian hyperparameter
optimization techniques are then carried out to compare
the performances of the 21 groups of combined models
in terms of five indices. Among these 21 groups of
models, the model developed in this work performs best
in terms of the Rgea, Rei, and Rger. The precision of

the proposed model ranks second, 0.3% lower than that
Ry

Fig. 10. R, and Ry, performances of the combined models.

4) Speed Comparison

There is no discernible variation in the inference
speed of the 21 combined models in terms of their
temporal complexity, and all of them are able to meet
the real-time criterion. However, compared with the
classical methods, our proposed method exhibits a no-
table advantage in terms of training time. By comparing
the Rg; and training speed, each combinatorial model’s
overall performance is assessed. The performance of

of the first RoBERTa-wwm/XGBoost combination
model, but it improves R, by 1.47% and R, by

0.93%, and decreases Ry, by 1.47%. Significant ac-

curacy, Rgen> Rri,and Rgpp gains are provided by the
model used in this work. Its comprehensive perfor-
mance is high, and its overall performance surpasses
that of the other models.

The performances of the 21 combined models are
shown in Fig. 10 using R, and R, metrics. This

work presents the optimal performance of the RoB-
ERTa-wwm and LightGBM combination models,
which achieve the lowest equilibrium error rate while
preserving accuracy. The BoW-MLP model has the
lowest performance in terms of both accuracy and the
error. This suggests the presence of a significant dis-
crepancy between the classification capacity of the
integrated learning model and that of the standard Bow
model and that it is challenging to extract useful features
from the former approach. With their strong feature
extraction capabilities and gradient boosting classifica-
tion mechanisms, the model combinations consisting of
RoBERTa-wwm and the three major boosting algo-
rithms are found to be the top three performers based on
R, metrics. These models can accurately identify the
design problems of distribution network engineering

projects, and they all maintain low equilibrium error
rates.
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each model is displayed in Fig. 11 in terms of their
training speeds and Ry, . It is evident from Fig. 11 that
the model used in this paper has the highest R, indi-
cating that the transformer structure and full-word
masking operation of the RoOBERTa-wwm model are
able to learn the text features more thoroughly and that
the optimized hyperparameters of LightGBM perform
better than those of the other models in terms of classi-
fication. Additionally, the gradient boosting-based tree
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model performs significantly better with respect to the
Rr, among the classification models.

LR has the worst training time performance. How-
ever, the calculation times of DT and MLP are faster
because of their smaller model structures, and their
classification performances are worse. The model pre-
sented in this paper increases the Ry, by 0.1657, while
its training time is closer to that of RF. The model de-
veloped in this paper has a training time of 8.023 sec-
onds, which is 62.623 seconds shorter than that of
XGBoost and much shorter than that of other gradient
boosting models, with guaranteed accuracy. This indi-
cates that the designs of the GOSS and EFB algorithms
of LightGBM attains improved training efficiency. In
conclusion, the model designed in this paper is suitable
for multiclassification scenarios with high training and
accuracy requirements and has significant advantages in
classifying textual problems involving power distribu-

tion network engineering reviews.
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Fig. 11. Training speed and accuracy of each model.

V. CONCLUSION

This research suggests an intelligent diagnosis ap-
proach based on integrated learning and an LLM for
addressing typical distribution network engineering
issues. The methodology developed in this research
ensures the quality of a distribution network engineer-
ing design by intelligently diagnosing issues through the
extraction of semantic information from expert review
text. First, features are extracted from the expert review
text of distribution network engineering projects using
RoBERTa-wwm. Second, to preserve the principal
components with significant variance contributions, the
RoBERTa-wwm output is subjected to feature dimen-
sionality reduction via PCA. Ultimately, the LightGBM
classification model receives this information. Ten folds

are created from the input dataset, the validation set
undergoes a Bayesian hyperparametric search, and the
test set yields the average performance achieved across
the ten folds. Additionally, the tested approaches are
compared and analyzed from four perspectives: training
speed, model combination, feature extraction, and
classification. The following deductions are made.

1) To extract the textual aspects of professional vo-
cabulary in the field of power distribution network en-
gineering, in this research, we adopt RoOBERTa-wwm
and fully utilize the powerful comprehension capacity
of an LLM for processing large-scale corpora. With
respect to the metrics Ry, . Rivecision , Rrecar , and Rer

the RoBERTa-wwm model performs best according to a
comparative analysis conducted based on feature ex-
traction dimensions. Effective text features are provided
for the downstream classification task by the RoB-
ERTa-wwm model.

2) This research analyzes the solutions produced by
seven classification models for a common problem in
distribution network engineering to validate the efficacy
of LightGBM in the proposed intelligent diagnosis ap-
proach. Experiments are carried out under the premise
of ensuring the consistency of basic conditions such as
the feature extraction method, feature dimensionality,
number of iterations, and Bayesian hyperparameter
search. According to the findings, LightGBM performs
best in terms of the metrics R, across all four per-

formance criteria. This study presents a model that en-
sures correctness when parsing and categorizing
large-volume distribution network problems, provides a
more effective parallel training procedure, processes
vast amounts of data quickly, and exhibits significantly
increased operating efficiency.

3) Twenty-one combined models, which are created
by combining the feature extraction and classification
models presented with respect to the first two compar-
ison dimensions, are used for comparison experiments.
The performance of the combined model presented in
this study ranks first in terms of every metric, and a
noticeable improvement in the performance of the

model is observed with respect to Ry, = R and

R.,. When the textual feature capture ability of RoB-
ERTa-wwm, the downscaling strength of PCA, and the
classification capability of Bayes-LightGBM are ap-
plied together, the overall performance of the model can
be enhanced to conduct more precise intelligent diag-
noses of distribution network engineering issues.

4) The model in this research has an ideal R,,, which

considers both R, ., and R
ison among the training durations and R;, of the 21

Recall ,

based on a compar-

Recall >

combined models. In terms of classification perfor-
mance, all of the gradient boosting-based tree models
outperform the other methods, although LightGBM
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does so considerably better. The model developed in
this study ensures precision while significantly reducing
the computational time required by previous gradient
boosting methods, particularly in terms of the training
speed.

5) To provide a common problem library, this paper
analyzes and organizes the issues encountered in dis-
tribution network engineering projects. This approach
offers a fresh perspective on how to handle design flaws
in distribution network engineering projects. With the
intelligent assisted review tool developed in this study,
reviewers can rapidly find and address design flaws,
decreasing the required review time and increasing
productivity. Reducing the chance of accidents, in-
creasing the dependability of the power system, and
ensuring a steady supply of electricity to the grid are all
possible by effectively controlling quality faults. Addi-
tionally, this method can reduce financial losses caused
by poor distribution network engineering designs, en-
hance the quality of engineering work, and further ad-
vance social and economic advancement by increasing
evaluation efficiency and enabling accurate, timely
issue diagnosis.

Both model optimization and application expansion
will be the focus of future research. More sophisticated
language models can be created in the future to increase
the computational efficiency and lower the memory
occupation rate. At the model level, the model created in
this study still consumes significant computing re-
sources, while at the application level, the main focus of
this paper is text mining for the evaluation opinions that
are generated during the distribution network project
evaluation process. Future work can broaden the scope
of text information mining, extract information from
text materials such as the preliminary design and feasi-
bility study reports, and conduct a more thorough as-
sessment of the quality of distribution network projects.
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