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Abstract

To address the challenges in remote monitoring of power system secondary equipment,
including dispersed multi-source heterogeneous corpora, inconsistent terminology, non-
standardized expressions, unstable knowledge granularity, and fragmented evidence re-
trieval, a knowledge-organized and retrieval-augmented intelligent decision-making model
is proposed in this paper. First, heterogeneous textual resources, including defect records,
standards and operating procedures, maintenance logs, typical cases, and abnormal oper-
ation reports, are transformed into retrievable, reusable, and traceable knowledge units
through text cleaning, terminology normalization, semantic chunking, and metadata an-
notation. Monitoring issues are then uniformly represented and modeled as structured
retrieval requests. A hybrid retrieval scheme is further developed by integrating keyword
retrieval, vector retrieval, hierarchical index backtracking, and unified re-ranking. On this
basis, an evidence-constrained retrieval-augmented output mechanism is introduced to
generate structured results containing anomaly assessment, evidence-based interpretation,
handling recommendations, and source traceability, thereby forming an intelligent auxil-
iary analysis workflow with expert-system-oriented support for duty-operation scenarios.
Results show that the proposed model improves evidence retrieval over baseline retrieval
settings and achieves better assisted-analysis performance than direct LLM output and
conventional RAG. It effectively improves evidence matching accuracy, completeness of
evidence organization, and stability of source traceability, indicating its scenario-level
feasibility for intelligent auxiliary analysis and decision-support tasks in remote monitoring
of power system secondary equipment.

Keywords: intelligent decision support; knowledge organization; secondary equipment
monitoring; retrieval-augmented model

1. Introduction
In secondary equipment remote monitoring, personnel must handle multi-source het-

erogeneous data, including defect handling records, regulations and standards, operation
and maintenance records, typical cases, and action anomaly reports. These data contain
key information on equipment status, abnormal phenomena, handling actions, and rule-
based evidence, but are often short, noisy, terminology-dense, and inconsistently expressed.
Unstructured defect records of relay protection devices often suffer from incompleteness,
inaccuracy, and redundancy [1]. Fault texts of secondary equipment are also typically short

Modelling 2026, 7, 148 https://doi.org/10.3390/modelling7040148

https://crossmark.crossref.org/dialog?doi=10.3390/modelling7040148&domain=pdf&date_stamp=2026-07-23
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/modelling
https://www.mdpi.com
https://orcid.org/0000-0001-8662-6394
https://doi.org/10.3390/modelling7040148


Modelling 2026, 7, 148 2 of 21

Chinese texts mixed with numbers, symbols, and domain-specific terms [2]. The same
abnormal phenomenon may be described differently by different personnel, making the
raw corpus difficult to directly support stable and trustworthy remote monitoring and
assisted analysis [3]. Figure 1 presents the corresponding scenario schematic.
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Figure 1. Multi-source heterogeneous data and core challenges of assisted analysis in secondary
equipment remote monitoring scenarios.

Existing studies can be grouped into three categories. The first focuses on defect
text mining and identification, including defect grading [4], short-text classification [5,6],
and pattern discovery through clustering and association-rule analysis [7]. The second
addresses state assessment, fault location, and risk identification using health indices and
evaluation models [8,9], graph-based methods [10–12], and Bayesian- or knowledge-graph-
based approaches [13,14]. Although these studies provide an important foundation, they
mainly target downstream tasks such as classification, evaluation, localization, and risk
scoring, with limited attention to terminology normalization, knowledge reuse, evidence
organization, and result traceability. Knowledge graphs, retrieval-augmented generation
(RAG), expert systems [15], and agent-based methods have recently been introduced into
power-system applications. Knowledge graphs combined with Bayesian networks have
been used for defect cause identification [16]. RAG has been applied to fault knowledge
question answering and regulation understanding [17,18]. Large language model agents
and multi-agent frameworks have further shown potential for memory, planning, task
routing, and interpretable operation and maintenance analysis [19,20]. Meanwhile, recent
RAG studies have improved retrieval quality, generation reliability, and corpus-level
knowledge organization through advanced indexing, re-ranking, and graph-enhanced
retrieval strategies [21–23]. Power-system knowledge graphs have also been investigated
for fault diagnosis, fault disposal, and defect-record retrieval [24]. These studies show the
value of external knowledge and structured knowledge representation, but most of them
still focus on either retrieving relevant information or identifying fault causes. In secondary
equipment remote monitoring, however, on-duty analysis usually requires a further step:
heterogeneous records, rules, cases, and handling experience must be reorganized into
consistent evidence that can directly support abnormality judgment, explanation, handling
recommendation, and source checking. Therefore, existing RAG- or knowledge-graph-
based studies still provide limited support for an evidence-oriented assisted analysis
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workflow that integrates corpus governance, knowledge organization, hybrid retrieval,
evidence constraints, and result traceability.

To address these limitations, this study develops a knowledge-organization and
retrieval-augmented assisted analysis method for secondary equipment remote monitoring,
with validation focused on anomaly analysis of relay protection and related secondary
equipment. The proposed method first constructs a unified knowledge base through corpus
normalization and knowledge unit organization, and then performs hybrid retrieval by
combining keyword retrieval, vector retrieval, and re-ranking. On this basis, structured
analytical outputs are generated under evidence constraints to support coordinated ab-
normality judgment, evidence explanation, recommended handling actions, and source
traceability. The main contributions are threefold:

(1) a corpus normalization and knowledge unit organization method for secondary equip-
ment remote monitoring;

(2) an evidence-oriented assisted analysis workflow integrating terminology alignment,
hybrid retrieval, evidence organization, and source-traceable output;

(3) an evaluation framework for secondary equipment scenarios from the perspectives of
retrieval performance, analysis correctness, evidence sufficiency, output usability, and
source traceability.

2. Framework and Knowledge Organization Method
2.1. Scenario Analysis and Overall Workflow

Secondary equipment remote monitoring is aimed at continuous operational monitor-
ing and assisted abnormality analysis. On-duty personnel need to integrate multi-source
information, including alarm messages, defect records, action anomaly reports, regulations
and standards, operation and maintenance records, and typical cases, to identify abnormal
phenomena, analyze possible causes, and determine appropriate handling actions. Un-
like single-source analysis, remote monitoring typically requires the joint use of historical
records, rule-based evidence, and handling experience centered on equipment objects, ab-
normal phenomena, and action events. To formalize the monitoring scenario, a monitoring
question or abnormality description is represented as:

q = (o, ϕ, η, t, c) (1)

where o denotes the monitored equipment object, ϕ denotes the abnormal phenomenon, η

denotes the related action event, t denotes the monitoring time, and c denotes contextual
information. This representation provides a structured basis for subsequent knowledge
retrieval and evidence-constrained analysis.

Accordingly, the overall workflow can be summarized into two consecutive stages.
First, multi-source corpora are normalized and organized into knowledge units to form a
unified knowledge base. The candidate corpus space is defined as

D = Ddefect ∪ Daction ∪ Drule ∪ Dom ∪ Dcase (2)

where Ddefect, Daction, Drule, Dom, and Dcase denote defect records, action anomaly
reports, regulations and standards, operation and maintenance records, and typical
cases, respectively.

Then, retrieval requests are constructed from monitoring questions or abnormality
descriptions, and assisted outputs are generated through hybrid retrieval, evidence screen-
ing, and constrained analysis. The overall process therefore includes multi-source corpus
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aggregation, corpus normalization, knowledge unit construction, retrieval and evidence
screening, and assisted analysis output. This process can be further abstracted as:

D → U → E(q)→ Ê(q)→ E(q)→ y (3)

where U denotes the organized knowledge unit set, E(q) denotes the retrieved evidence set
for the monitoring question q, Ê(q) denotes the screened effective evidence set, E(q) denotes
the aggregated structured evidence set and y denotes the final assisted-analysis output.
The former stage D → U determines the usability of the knowledge base, whereas the
latter E(q)→ Ê(q)→ E(q)→ y determines the accuracy and trustworthiness of assisted
analysis, as shown in Figure 2.

A

B

Knowledge 
Organization 
(Offline)

Knowledge Organization and Index Preparation

2. Text Cleaning 
and Terminology 

Alignment

3. Semantic 
Chunking and 

Metadata 
Annotation

4. Knowledge Unit 
Construction

Equipment Category

Abnormality Category

Action Type

State Attribute

Source Category

5. Hybrid Indexing

Keyword Index

Vector Index

Hierarchical Index

6. Unified 
Knowledge Base

Retrievable

Reusable

Traceable

Assisted 
Analysis 
(Online)

1. Monitoring 
Issue Input

Alarm 
Message

Abnormal 
Event 
Description

Defect 
Record 
Fragment

Natural 
Language 
Query

2. Problem 
Representation

 Equipment 
Object

 Abnormal 
Phenomenon

 Action / 
State

 Retrieval 
Intent

3. Structured 
Retrieval 
Request 

Generation

4. Hybrid 
Retrieval

Keyword 

Index

Vector 

Index

5. Hierarchical 
Index 

Backtracking 
and Unified 
Reranking

Hybrid Retrieval and Evidence-Constrained Assisted Analysis

6. Evidence 
Organization

 Rule Evidence

 Case Evidence

 Record 
Evidence

 Handling 
Evidence

7. Evidence-
Constrained 

Analysis

 Evidence-
grounded 
Analysis

 Consistency 
Check

 Uncertainty 
Control

 Abnormality 
Judgment

 Evidence 
Explanation

 Recommende
d Handling 
Actions

 Source 
Traceability

8. Structured 
Assisted 

Analysis Output

9. Review and Decision Support

1. Multi-source 
Domain Corpora

Defect Handling 
Records

Typical Cases

Action Anomaly 
Reports

Regulations and 
Standards

O&M Logs

 

Figure 2. Framework for knowledge organization and retrieval-augmented assisted analysis in
secondary equipment remote monitoring.

2.2. Composition and Characteristics of Multi-Source Domain Corpora

The knowledge sources used in secondary equipment remote monitoring are markedly
heterogeneous. In addition to defect handling records, regulations and standards, operation
and maintenance records, typical cases, and action anomaly reports also contribute to ab-
normality analysis. These corpora play different roles: defect records and anomaly reports
mainly describe abnormal phenomena and handling processes; regulations and standards
provide judgment criteria and handling requirements; and operation and maintenance
records together with typical cases supplement object background, historical experience,
and process information. Table A1 in Appendix A summarizes the main corpus types, data
forms, and functional roles.

These corpora include structured, semi-structured, and unstructured information, with
substantial differences in expression. Regulations and standards are usually hierarchically
organized and formally expressed, whereas defect records, operation and maintenance
records, and case texts are often short or semi-free texts containing numbers, symbols,
abbreviations, and colloquial descriptions, with inconsistent semantic granularity. Such
heterogeneity can adversely affect retrieval recall, evidence matching, and the stability
of analysis results. Therefore, before retrieval-augmented analysis, the dispersed raw
texts must be normalized and organized into knowledge units with clear structure and
stable semantics.
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2.3. Domain Corpus Normalization Method for Remote Monitoring

Multi-source domain corpora differ substantially in source, format, and expression
habits. If directly used for retrieval and analysis, they may lead to unstable recall, frag-
mented evidence, and insufficient support. Therefore, unified normalization is first per-
formed to reduce terminology discrepancies and noise while preserving domain semantics
and operational context, thereby providing consistent input for subsequent knowledge unit
construction. In this study, normalization is regarded as the process of transforming each
raw corpus item di into a reusable knowledge unit ui:

ui = N(di) (4)

where N(·) denotes the normalization process. The normalization process consists of
four steps.

(1) Text cleaning. Invalid characters, repeated symbols, and obvious redundancies are
removed, while the expressions of time, numbering, and common fields are unified to
reduce noise in the original records.

(2) Terminology normalization. A “controlled vocabulary + rule-based merging” strategy
is adopted. The controlled vocabulary currently contains approximately 400 standard-
ized terms covering equipment objects, protection functions, abnormal phenomena,
action/state descriptions, and handling actions, with original expressions and aliases
retained through mapping rules. Mapping rules are then established for abbreviations,
aliases, shorthand expressions, and colloquial descriptions to merge different expres-
sions into standardized terms. For example, “bus differential protection,” “busbar
differential protection,” and “No. I bus differential protection device” are unified as
“busbar differential protection device,” while “no return signal” and “action informa-
tion not returned” are merged into “return-signal abnormality/information upload
abnormality”. For terms not covered by the vocabulary, candidate terms are first
identified through high-frequency term statistics and similar-expression discovery,
and then checked against their source context before being added to the vocabulary.
To reduce arbitrary merging, both the original expression and the standardized term
are retained with the corresponding source identifier. Term merging is performed
only when the expressions refer to the same equipment object, abnormal phenomenon,
action state, or handling meaning in the source context, while ambiguous expressions
are preserved in their original form for later evidence checking and source tracing.
New unmatched expressions can be incrementally collected from updated corpora or
retrieval queries, and lexical and semantic similarity can be used to generate candidate
groups with existing standardized terms for subsequent source-context verification.

(3) Semantic chunking. Instead of fixed-length truncation, semantic integrity is used as
the primary principle. Periods, semicolons, bullet markers, and field tags are treated
as candidate boundaries, while elements such as equipment object, abnormal phe-
nomenon, action status, handling result, and rule requirement are used to determine
whether a segment forms an independent knowledge unit. For causal or procedural
chains such as “caused by . . .,” “restored after inspection,” and “no return signal after
action,” the cause, phenomenon, and result are kept within the same unit. For long
regulation-related texts, priority is given to preserving the correspondence between
applicable conditions and handling requirements, with necessary context retained
through source identifiers. The logical boundary determination process for semantic
chunking is summarized in Algorithm 1.
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Algorithm 1 Semantic chunking with condition–requirement preservation

Input: normalized corpus item di , source identifier li
Output: knowledge-unit set Ui

1: Initialize candidate segments:

S = {s1, s2, . . . , sn} = Split(di ; P, N, B, T)

where P, N, B, and T denote punctuation marks, numbering symbols, bullet markers, and field tags,
respectively.

2: For each segment sj, extract semantic elements:

zj = (oj, ϕj, aj, cj, rj, hj)

where oj, ϕj, aj, cj, rj, and hj denote equipment object, abnormal phenomenon, action/state, applicable
condition, rule requirement, and handling result.

3: Define semantic completeness:
C
(
sj
)
= 1

if sj contains at least one complete relation:(
oj, ϕj

)
,
(
ϕj, aj

)
,
(
cj, rj

)
,
(
ϕj, hj

)
otherwise C

(
sj
)
= 0.

4: For adjacent segments sj and sj+1, define the merge indicator:

M
(
sj, sj+1

)
= 1

if any of the following conditions is satisfied:

cj ̸= ∅ ∧ rj+1 ̸= ∅

oj = oj+1 ∧ ϕj = ϕj+1

Chain
(
sj, sj+1

)
= 1

where Chain(·) denotes a causal or procedural relation, such as cause–phenomenon,
phenomenon–handling, or action–result.

5: Determine the boundary before sj+1:
Bj = 1

only if
C
(
sj
)
= 1, M

(
sj, sj+1

)
= 0, NewTopic

(
sj+1

)
= 1

where NewTopic
(
sj+1

)
= 1 indicates that sj+1 introduces a new equipment object, abnormality

category, rule item, or handling topic.
6: For long regulatory texts, preserve condition–requirement correspondence:

cj ̸= ∅, rj = ∅, rj+1 ̸= ∅⇒ sj ← sj ⊕ sj+1

If a requirement lacks an explicit condition, inherit the nearest valid heading or preceding condition:

cj ← NearestContext
(
sj, li

)
7: Generate knowledge units:

um =
(∼

xm, mm, li
)

where
∼
xm denotes the retained semantic text, mm denotes metadata, and li preserves the source

identifier.
8: Return: Ui = {u1, u2, . . . , uk}

(4) Metadata annotation. Metadata such as equipment category, abnormality category,
action type, temporal attribute, and source category are annotated for each unit. After
normalization, a knowledge unit is represented as:

ui =
(∼

x i, mi, li
)

(5)

where
∼
x i denotes the normalized text, mi denotes the metadata, and li denotes the

source identifier.
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Through the above process, raw corpora are transformed from loosely expressed and
unevenly granular texts into intermediate results with more unified expression and clearer
semantic boundaries. This improves the consistency of subsequent knowledge organization
and provides a basis for conditional filtering, evidence aggregation, and source traceability
in the retrieval stage.

2.4. Knowledge Unit Construction and Representation of Organized Results

After corpus normalization, the organization target shifts from raw record texts to
semantic segments obtained through cleaning, terminology unification, and semantic
chunking. In remote monitoring scenarios, a knowledge unit is defined as the minimum
retrievable semantic carrier centered on a single equipment object, abnormal phenomenon,
rule-based basis, or handling point. The organized knowledge base can be represented as a
set of knowledge units U :

U = {u1, u2, . . . , uN} (6)

where N denotes the total number of constructed knowledge units.
As shown in Figure 3, the organized knowledge units and monitoring problem repre-

sentations are aligned through a shared semantic schema to support subsequent retrieval
preparation. Knowledge unit construction involves three steps. First, normalized represen-
tations are generated by extracting core elements such as equipment object, abnormal event,
state change, handling result, rule condition, and handling requirement from different
corpora. Second, the extracted semantic content is mapped to unified knowledge unit
fields, including equipment category, abnormality category, action type, state attribute, and
source category, so that texts from different sources can be incorporated into a consistent
framework. Third, source and context information, including the original corpus source, lo-
cation identifier, and necessary context, are retained to support retrieval filtering, evidence
verification, and result traceability. Table A2 in Appendix A presents typical examples of
the mapping from raw text to knowledge units. Through this process, multi-source hetero-
geneous corpora are organized into a retrievable, filterable, and traceable knowledge base
for subsequent hybrid retrieval, evidence aggregation, and assisted analysis. Compared
with raw corpus records, U provides a unified representation of domain knowledge and
serves as the direct retrieval basis for subsequent evidence construction.
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Figure 3. Offline knowledge organization, online problem understanding, and semantic alignment
for retrieval preparation.

3. Hybrid Retrieval and Evidence-Constrained Assisted Analysis Method
3.1. Monitoring Problem Representation and Query Understanding

Assisted analysis in secondary equipment remote monitoring usually starts from alarm
messages, defect descriptions, action anomaly records, or manually entered questions rather
than standardized queries. These inputs vary substantially in form and may appear as
short alarm phrases, record fragments, or natural-language questions. If directly used for
retrieval, terminology variation, omitted expressions, and mixed semantics may lead to
scattered results and poor matching with knowledge units.

To improve consistency between retrieval requests and the knowledge base, moni-
toring problems are first represented in a unified form. Following the definition of the
monitoring problem q in Section 2.1, the query understanding process converts a raw
monitoring input z into the structured problem representation:

q = Q(z) (7)

where Q(·) denotes the query understanding function, and z denotes the original input
such as an alarm message, defect description, action anomaly record, or manually entered
question. This process identifies the equipment object, abnormal phenomenon, and action
or state information from the raw input, and then determines the retrieval intent accord-
ing to the current task. The equipment object constrains the retrieval scope, abnormal
phenomena and action states characterize the core event semantics, and retrieval intent
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distinguishes whether the task is oriented toward evidence lookup, cause investigation, or
handling recommendation. On this basis, the retrieval request is represented as:

rq = (q, ι, Ω) (8)

where rq denotes the retrieval request generated from the monitoring problem, ι denotes
the retrieval intent, and Ω denotes auxiliary constraints such as equipment category, time
range, source type, or abnormality category. The raw input is thereby converted into a
retrieval request consisting of core retrieval items and auxiliary constraints, providing
stable input for subsequent hybrid retrieval. Table A3 in Appendix A presents typical
examples of this representation.

3.2. Hybrid Retrieval Method Integrating Keywords, Vectors, and Hierarchical Indexing

After monitoring problems are represented, evidence retrieval is performed over
knowledge units. Since secondary-equipment queries contain both explicit domain terms
and semantically varied expressions, a hybrid retrieval method is adopted to combine
terminology matching with semantic generalization.

The core retrieval items and auxiliary constraints in rq are used as unified inputs.
Keyword retrieval and vector retrieval are performed in parallel: the former captures
terminology and constraint matches, while the latter supplements semantically similar
candidates expressed in different forms. For vector retrieval, the represented monitoring
problem q and the text of each knowledge unit ui ∈ U are encoded into the same semantic
vector space:

vq = Φ(q), vi = Φ
(∼

x i

)
(9)

where Φ(·) denotes the semantic encoder, implemented by BAAI/bge-large-zh-v1.5 in this
study, and

∼
x i denotes the normalized text of knowledge unit ui. The semantic similarity

between q and ui is calculated as:

sim(q, ui) =
vq · vi

∥ vq ∥∥ vi ∥
(10)

Keyword retrieval and vector retrieval generate two candidate subsets, which are
merged to form the initial candidate pool:

C = Ckw ∪ Cvec (11)

where Ckw denotes the keyword-based candidate set, Cvec denotes the vector-based candi-
date set, and C denotes the merged candidate pool.

Hierarchical index backtracking is then used to recover necessary source context after
fine-grained knowledge-unit matching, including rule conditions, scope of applicability,
and event process information. Candidate results are finally ranked by semantic relevance,
equipment-object consistency, abnormality-category matching, action/state matching, and
intent–source adaptation:

E(q) = TopKui∈CF(ui, rq) (12)

where F(ui, rq) denotes the unified ranking score between candidate knowledge unit ui

and retrieval request rq. This score determines the final evidence order by jointly consider-
ing semantic similarity, object consistency, abnormality-category matching, action/state
matching, and intent–source adaptation. The workflow is illustrated in Figure 4.
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Figure 4. Schematic illustration of the hybrid retrieval process.

3.3. Re-Ranking of Retrieval Results and Evidence Aggregation

After hybrid retrieval, the candidate set may still contain partially relevant or only
semantically similar results. To convert retrievable candidates into usable evidence, the
results are further re-ranked and aggregated before being used for assisted analysis.

For a candidate knowledge unit ui, evidence screening in remote monitoring depends
not only on semantic relevance but also on equipment-object consistency, abnormality-
category matching, action/state matching, and source adaptability. Therefore, the ranking
score F(ui, rq) is defined as:

F(ui, rq) = αssem(q, ui) + βsobj(q, ui) + γsabn(q, ui) + δsact(q, ui) + λssrc(rq, ui) (13)

where ssem(q, ui), sobj(q, ui), sabn(q, ui), sact(q, ui), and ssrc(rq, ui) denote semantic relevance,
equipment-object consistency, abnormality-category matching, action/state matching, and
the adaptation between source type and task intent, respectively. The corresponding
weights α, β, γ, δ, and λ satisfy:

α + β + γ + δ + λ = 1 (14)

The score is calculated using a domain-rule-based weighted ranking strategy. Semantic
relevance is characterized by keyword retrieval results and vector similarity; equipment-
object, abnormality-category, and action/state consistency are scored from the correspond-
ing knowledge-unit fields; and source adaptability is determined by the match between
task intent and source type. In the ranking design, semantic relevance, equipment-object
consistency, and abnormality-category matching determine the main evidence priority,
while action/state matching and source adaptability refine the ordering of candidate ev-
idence. This factor-level scoring keeps the ranking process inspectable and reduces the
promotion of candidates that are semantically similar but lack key domain consistency.

Based on the unified ranking, the retained evidence set for the current monitoring
problem can be expressed as follows:

Ê(q) = {ui ∈ TopK(C) | F(ui, rq) ≥ τ} (15)

where τ is the evidence retention threshold, and TopK(C) denotes the top K candidate
knowledge units retained from the candidate pool according to the ranking score. The
threshold and top-K cutoff jointly control the quality and quantity of evidence entering the
subsequent analysis stage.

On this basis, evidence aggregation is further performed. In remote monitoring,
effective support is usually provided not by a single knowledge unit but by information
from multiple sources and levels. To avoid reliance on isolated fragments, the filtered
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evidence is organized into four categories: phenomenon description, rule-based evidence,
case experience, and handling points. The aggregated evidence set is represented as:

E(q) =
{

Ephen(q), Erule(q), Ecase(q), Ehand(q)
}

(16)

where Ephen(q), Erule(q), Ecase(q), and Ehand(q) denote evidence related to phenomenon
description, rule-based basis, case experience, and handling points, respectively. During
aggregation, candidates with inconsistent equipment objects or mismatched abnormality
categories are down-weighted; repetitive results are merged by retaining clearer and more
complete sources, and semantically similar results lacking key constraints are excluded
from core evidence. The retained evidence is thereby transformed into a structured evidence
set for evidence-constrained assisted analysis.

3.4. Retrieval-Augmented Assisted Analysis Output Mechanism Under Evidence Constraints

After a structured evidence set for the current monitoring problem is obtained, the
task shifts from evidence retrieval to evidence-supported analytical output. Following
the evidence aggregation result in Section 3.3, the evidence-constrained assisted analysis
process is defined on the aggregated evidence set E(q):

p = C(q, E(q), I) (17)

where C(·) denotes the input construction function, p denotes the constructed evidence-
aware input, and I denotes the output instructions and evidence-use constraints. The
evidence-constrained assisted analysis process can then be abstracted as:

y = G(q, E(q)) = Aθ(p) (18)

where G(·) denotes the overall evidence-constrained generation function, Aθ(·) de-
notes the retrieval-augmented analysis module, and y denotes the structured assisted-
analysis output. In the experiments, Aθ(·) was implemented using Qwen2.5-7B-Instruct, a
7.61-billion-parameter instruction-tuned causal language model based on a decoder-only
Transformer architecture. The model was used in its instruction-tuned form for evidence-
constrained assisted-analysis generation, without updating model parameters during the
evaluation. Inference was performed on a single NVIDIA RTX 4090 24GB GPU using
FP16 precision, and no additional INT4/INT8 quantization was applied. At this stage, the
problem representation and aggregated evidence are jointly fed into a retrieval-augmented
generation module to produce structured results, including abnormality judgment, evi-
dence explanation, recommended handling actions, and source traceability, under evidence
constraints, as shown in Figure 5.

3.4.1. Unified Input and Structured Output

The unified input consists of three parts: problem representation, structured evidence
set, and output instructions. The problem representation specifies the analysis object and
task intent, the evidence set provides the analytical basis, and the output instructions require
the model to organize the result in the fixed structure of “abnormality judgment–evidence
explanation–recommended handling actions–source traceability,” while restricting the
analysis to the provided evidence. Accordingly, the structured output is represented as:

y =
(

yjud, yexp, yact, ysrc

)
(19)

where yjud, yexp, yact, and ysrc denote abnormality judgment, evidence explanation,
recommended handling actions, and source traceability, respectively. The output is
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designed to balance natural-language readability with the structural requirements of
engineering applications.
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Figure 5. Evidence-constrained retrieval-augmented assisted analysis workflow.

3.4.2. Principles of Evidence-Constrained Generation

The RAG module does not generate open-ended answers directly, but produces
analytical results under the constraints of the retrieved evidence. To reduce arbitrary
inference, three principles are followed. First, abnormality judgment, evidence explanation,
and recommended handling actions must all be supported by the input evidence. This
evidence-support requirement can be expressed as:

∀yj ∈
{

yjud, yexp, yact

}
, ∃ei ∈ E(q), Sup(yj, ei) ≥ τe (20)

where yj denotes a key output component, ei denotes a supporting evidence item in
E(q), Sup(·) denotes the evidence-support relation, and τe denotes the minimum support
threshold. Second, when the available evidence is insufficient for a definite conclusion,
uncertainty should be explicitly retained. Third, when evidence from different sources
conflicts, priority is given to evidence with clear provenance, consistent object alignment,
and better matching with the task intent. Through this mechanism, retrieved evidence is
transformed into assisted analysis outputs that are reviewable and traceable.

4. Result Analysis
4.1. Data and Evaluation Task Design

To validate the proposed knowledge-organization and retrieval-augmented assisted
analysis method for secondary equipment remote monitoring, a knowledge base was
constructed from five categories of multi-source domain corpora: defect handling records,
regulations and standards, typical cases, operation and maintenance records, and ac-
tion anomaly reports. The raw corpus comprised 470 entries, including 120 defect
records, 180 regulations and standards, 40 typical cases, 80 operation and maintenance
records, and 50 action anomaly reports. After cleaning, terminology normalization, se-
mantic chunking, and metadata annotation, these data were organized into approximately
800 knowledge units.

The verification case included two tasks: evidence retrieval and assisted analysis
output. Retrieval performance was evaluated using Recall@5 and nDCG@5, while assisted-
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analysis output was evaluated through manual and automatic metrics for abnormality
judgment, evidence explanation, recommended handling actions, and source traceability.
The test set consisted of 80 retrieval questions derived from actual monitoring problems,
historical abnormality descriptions, and evaluation-oriented analytical questions. Specifi-
cally, 20 questions (25.0%) were derived from actual monitoring problems, mainly in the
form of alarm-style descriptions, abnormal states, or duty-assistance inputs; 24 questions
(30.0%) were derived from historical abnormality descriptions, including protection ac-
tions, secondary-circuit abnormalities, setting-related trips, signal acquisition faults, and
communication-link abnormalities; and 36 questions (45.0%) were evaluation-oriented
analytical questions designed to examine terminology alignment, rule/evidence retrieval,
and source tracing. The task intents covered cause investigation (16 questions, 20.0%),
rule/evidence query (15 questions, 18.8%), handling recommendation (14 questions, 17.5%),
similar case retrieval (6 questions, 7.5%), abnormality judgment (8 questions, 10.0%), source
tracing/evidence verification (15 questions, 18.8%), and terminology normalization/object
alignment (6 questions, 7.5%). Twenty representative samples were selected from the
80 retrieval questions for assisted-analysis output evaluation, covering major task intents
and typical scenarios such as secondary-voltage distortion, communication-link abnor-
malities, protection-setting verification, anti-accident measures, inspection management,
and online monitoring. For each test question, relevant knowledge units or evidence frag-
ments and reference analytical results were annotated. Manual evaluation was conducted
independently by three reviewers from four dimensions, namely abnormality judgment
correctness, evidence sufficiency, recommendation usefulness, and source traceability, and
the average scores were reported. Automatic evaluation further included abnormality
judgment accuracy, evidence coverage rate, recommendation coverage rate, and source hit
rate. The retrieval comparison, output comparison, and ablation experiments shared the
same base corpora and core test samples to ensure comparability.

4.2. Comparative Verification on Hybrid Retrieval Performance

Based on the experimental data and test set described in Section 4.1, comparative
retrieval experiments were conducted to evaluate the evidence recall and ranking perfor-
mance of different knowledge-organization and retrieval strategies in secondary equipment
remote monitoring. The retrieval settings were organized to compare raw-text retrieval,
semantic-chunking retrieval, knowledge-unit-based hybrid retrieval, and the proposed
full retrieval strategy. The comparison was conducted under a unified evaluation setting,
in which the corpus scope, retrieval questions, annotated evidence references, and metric
calculation were kept consistent across methods. In the raw-text retrieval settings, corpus
items were segmented according to original paragraph or field boundaries. In the semantic-
chunking retrieval settings, the boundary-determination rules in Algorithm 1 were used to
preserve semantic boundaries, while metadata constraints, retrieval fusion, and unified
re-ranking were not introduced. For the vector-based settings, the same semantic encoder
and similarity calculation were used; for the two knowledge-unit-based settings, the same
knowledge-unit set was used, with the difference lying in whether unified re-ranking was
applied after hybrid retrieval. For the proposed re-ranking strategy, the weights in (13)
were empirically calibrated on a 20-question subset selected from the evaluation-question
pool. The subset included five actual monitoring problems, six historical abnormality de-
scriptions, and nine evaluation-oriented analytical questions, and covered major retrieval
intents including cause investigation, rule/evidence query, handling recommendation,
abnormality judgment, and source tracing/evidence verification. The final weight setting
used in the comparative retrieval experiment was α = 0.35, β = 0.20, γ = 0.20, δ = 0.10,
and λ = 0.15. Recall@5 and nDCG@5 were adopted as evaluation metrics. Recall@5 mea-
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sures whether the manually annotated relevant evidence can be retrieved within the top
five results, while nDCG@5 evaluates the ranking quality of the returned evidence by
assigning higher scores when relevant evidence appears earlier in the list. The top-5 cutoff
was selected to provide a limited and reviewable evidence set for subsequent evidence
aggregation and structured output generation. The results are shown in Table 1.

Table 1. Comparison and verification results of the retrieval settings.

Retrieval Method Recall@5 Mean [95% CI] ∆Recall@5 nDCG@5 Mean [95% CI] ∆nDCG@5
Raw text chunking + BM25

retrieval 0.87 [0.80, 0.93] +0.07 0.79 [0.73, 0.84] +0.10

Raw text chunking + vector
retrieval 0.85 [0.78, 0.91] +0.09 0.76 [0.69, 0.82] +0.13

Raw text + semantic
chunking + BM25 retrieval 0.89 [0.83, 0.94] +0.05 0.81 [0.75, 0.86] +0.08

Raw text + semantic
chunking + vector retrieval 0.88 [0.82, 0.93] +0.06 0.80 [0.74, 0.85] +0.09

Knowledge units + hybrid
retrieval (without

re-ranking)
0.91 [0.85, 0.96] +0.03 0.84 [0.78, 0.89] +0.05

Proposed method 0.94 [0.89, 0.98] -- 0.89 [0.84, 0.93] --

As shown in Table 1, semantic chunking improves both BM25 and vector retrieval
compared with raw text chunking, indicating that preserving semantic boundaries con-
tributes to evidence matching. The 95% confidence intervals were estimated by bootstrap
resampling over the 80 retrieval questions, and ∆Recall@5 and ∆nDCG@5 denote the mean
improvement of the proposed method over each comparison setting. The knowledge-unit-
based hybrid baseline further improves Recall@5 and nDCG@5, suggesting that semantic
chunking alone does not account for the full retrieval gain. The additional gain over the
knowledge-unit hybrid baseline further confirms the contribution of unified re-ranking.

To examine whether the retrieval results were sensitive to the empirical re-ranking
weights, several nearby normalized weight settings were tested around the final setting.
As shown in Table 2, Recall@5 remained between 0.93 and 0.94, and nDCG@5 remained
between 0.88 and 0.89 across the tested settings, indicating that the retrieval performance
was stable under small weight perturbations.

Table 2. Sensitivity analysis of re-ranking weights.

Setting α Semantic β Object γ Abnormality δ Action/State λ Source–Intent Recall@5 nDCG@5
Final setting 0.35 0.20 0.20 0.10 0.15 0.94 0.89

Higher semantic weight 0.40 0.18 0.18 0.09 0.15 0.93 0.88
Lower semantic weight 0.30 0.22 0.22 0.11 0.15 0.93 0.88

Higher object/category weight 0.32 0.23 0.23 0.09 0.13 0.94 0.88
Higher source–intent weight 0.33 0.19 0.19 0.10 0.19 0.93 0.88

4.3. Verification on Evidence-Constrained Assisted Analysis Output

To evaluate evidence-constrained assisted analysis output, each of the 20 assisted-
analysis samples was generated under three modes: direct LLM output, conventional RAG
output, and the proposed method. The same generation model was used in all modes;
thus, the comparison focused on whether external evidence was retrieved, organized, and
constrained. Direct LLM output uses no external evidence, conventional RAG output
generates answers from retrieved texts, whereas the proposed method produces struc-
tured outputs in the form of “abnormality judgment–evidence explanation–recommended
handling actions–source traceability” under evidence constraints.
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Manual evaluation was conducted independently by three reviewers with back-
grounds in relay protection, secondary-equipment monitoring, and power-system opera-
tion and maintenance. They used a five-point scale for abnormality judgment correctness,
evidence sufficiency, recommendation usefulness, and source traceability. The reported
scores were averaged across reviewers, with score differences retained, and ICC was used to
assess inter-rater consistency. Automatic metrics included abnormality judgment accuracy,
ECR, RCR, and SCR. Table 3 reports the evaluation results and ICC values, and Figure 6
compares the three output methods.

Table 3. Results of evidence-constrained assisted analysis output.

Manual Evaluation Automatic Evaluation

Output Method Judgment
Correctness
(ICC = 0.81)

Evidence
Sufficiency
(ICC = 0.84)

Recommendation
Usefulness
(ICC = 0.77)

Source
Traceability
(ICC = 0.86)

AccuracyECR RCR SCR

Direct LLM
output 3.9 2.4 3.0 1.1 0.78 0.46 0.58 0.18

Conventional
RAG output 4.4 3.8 4.0 2.2 0.87 0.72 0.79 0.41

Proposed
method 4.7 4.6 4.5 4.7 0.93 0.89 0.88 0.90
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Figure 6. Comparison of assisted analysis results under different output methods.

Five error categories were counted on the 20 assisted-analysis samples: incorrect ab-
normality judgment, insufficient evidence, inadequate handling recommendations, missing
source traceability, and incomplete structure. Figure 7 shows that direct LLM output mainly
suffers from evidence deficiency, traceability deficiency, and structural incompleteness.
Conventional RAG reduces these errors but still has traceability and structural weaknesses,
whereas the proposed method further lowers all five error types. Remaining errors were
mainly associated with rare abnormality expressions or implicit secondary-circuit causes,
semantically relevant fragments without explicit source linkage, and compound queries
requiring judgment, cause analysis, recommendation, and source tracing.
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Figure 7. Heatmap of major generation error rates under different output methods.
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4.4. Representative Case Analysis

Two secondary-equipment monitoring problems were selected for case analysis: ab-
normal zero-sequence voltage accompanied by directional-element misjudgment, and
abnormal remote signals after protection action. These two cases correspond to protection
misjudgment caused by voltage secondary-circuit abnormalities and abnormal uploading
of action information, respectively. As shown in Table A4 in Appendix A, the proposed
method can generate structured outputs in the form of “abnormality judgment–evidence
explanation–recommended handling actions–source traceability” for different monitoring
problems, while improving evidence sufficiency and result traceability under multi-source
evidence support. Figure 8 further presents a running example to illustrate how a moni-
toring question is represented, retrieved, supported by evidence, and transformed into a
structured assisted-analysis output.
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Figure 8. Running example of evidence-constrained analysis for remote monitoring of
secondary equipment.

4.5. Lightweight Ablation Experiments on Key Modules

To examine the contributions of the key modules in the proposed method, lightweight
ablation experiments were conducted on three components: knowledge unit organization,
metadata constraints with unified re-ranking, and evidence-constrained output. Remov-
ing knowledge unit organization means that retrieval is performed directly on raw text
chunks; removing metadata constraints and unified re-ranking means that knowledge
units and hybrid retrieval are retained but unified ranking is disabled; and removing
evidence-constrained output means that evidence retrieval is retained while structured
evidence-constrained generation is removed. The first two ablation settings are evaluated
using Recall@5 and nDCG@5, whereas the third is evaluated using abnormality judgment
accuracy, ECR, RCR, and SCR. The results are shown in Table 4, and Figure 9 illustrates the
corresponding performance retention. For each ablation setting a and evaluation metric r,
performance retention is calculated as

Reta,r =
Ma,r

Mfull,r
× 100% (21)

where Ma,r denotes the metric value under ablation setting a, and Mfull,r denotes the
metric value of the complete proposed method. A lower retention value indicates a larger
contribution of the removed module to the corresponding metric.
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Table 4. Results of lightweight ablation experiments on key modules.

Retrieval Evaluation Output EvaluationAblation Setting Recall@5 nDCG@5 Accuracy ECR RCR SCR
Proposed method 0.94 0.89 0.93 0.89 0.88 0.90

Without knowledge unit organization 0.89 0.81 — — — —
Without metadata constraints and unified

re-ranking 0.91 0.84 — — — —

Without evidence-constrained output — — 0.91 0.71 0.80 0.43

Figure 9. Comparison of metric retention rates after removing different key modules.

As shown in Table 4 and Figure 9, removing knowledge unit organization causes the
largest decline in retrieval performance, while removing metadata constraints and unified
re-ranking mainly affects evidence prioritization. Removing evidence-constrained output
has the greatest impact on generation-level metrics, especially ECR and SCR, indicating its
role in evidence organization and source traceability.

5. Conclusions
This study develops a knowledge-organization and retrieval-augmented modeling

framework for intelligent decision support in secondary equipment remote monitoring to
address the problems of dispersed multi-source corpora, inconsistent terminology, frag-
mented retrieval results, and insufficient analytical support. The proposed framework
integrates corpus normalization, knowledge unit construction, hybrid retrieval, evidence ag-
gregation, and evidence-constrained structured output, thereby organizing heterogeneous
texts into retrievable, reusable, and traceable knowledge units and improving evidence
screening and analytical output for intelligent decision support in remote monitoring tasks.

Verification results demonstrate that the proposed method achieves effective perfor-
mance in retrieval, assisted analysis output, and key-module ablation validation. Knowl-
edge unit organization improves the accuracy and stability of evidence matching, unified re-
ranking enhances the prioritization of highly relevant evidence, and evidence-constrained
output strengthens evidence sufficiency and source traceability. Broader application will
require validation on larger and more diverse engineering corpora, where terminology
variants, long-tail abnormality types, and cross-source evidence inconsistencies may place
higher demands on vocabulary updating, retrieval calibration, and evidence aggregation.
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Appendix A

Table A1. Types, data forms, and functional characteristics of multi-source domain corpora.

Corpus Type Defect handling records
Data Form Unstructured/semi-structured
Core Role Reflect abnormal phenomena and handling processes
Main Characteristics Flexible expression and relatively noisy content
Corpus Type Regulations and standards
Data Form Semi-structured
Core Role Provide judgment criteria and handling requirements
Main Characteristics Clear hierarchy and relatively long text length
Corpus Type Operation and maintenance records
Data Form Semi-structured/unstructured
Core Role Supplement operational background and process information
Main Characteristics Strong temporal characteristics and dispersed records
Corpus Type Typical cases
Data Form Unstructured
Core Role Provide historical experience and similar references
Main Characteristics Knowledge-intensive and uneven in granularity
Corpus Type Action anomaly reports
Data Form Unstructured/semi-structured
Core Role Reflect abnormal phenomena and link-related issues during action processes
Main Characteristics Strong event orientation, facilitating the tracing of action status and communication abnormalities

Table A2. Examples of mapping from raw text to knowledge units.

Corpus source 1 Defect handling record

Raw text The No. I bus differential protection device continuously reported sampling interruption and recovered
after terminal inspection

Normalized
representation

Object: busbar differential protection device; Event: sampling interruption alarm; Handling: terminal
inspection; Status: restored

Field mapping Equipment category: relay protection device; Abnormality category: sampling abnormality; Action type:
alarm; Handling action: terminal inspection; State attribute: restored; Source category: defect record

Unit type Abnormal phenomenon unit
Corpus source 2 Action anomaly report

Raw text No return signal was received after protection action, and no action information was uploaded to the
backend system.

Normalized
representation Event 1: protection action. Event 2: return-signal abnormality. Result: missing backend information.

Field mapping Action type: protection action. Abnormality category: return-signal abnormality. Result attribute:
information not uploaded. Source category: action anomaly report

Unit type Action anomaly unit
Corpus source 3 Operation and maintenance record

Raw text A channel abnormality occurred in a 220 kV line protection device, and the device returned to normal
after coordinated troubleshooting by communication personnel.

Normalized
representation

Object: 220 kV line protection device. Event: channel abnormality. Handling: coordinated
troubleshooting. Status: restored to normal.

Field mapping
Equipment category: line protection device. Abnormality category: communication abnormality.
Handling action: coordinated troubleshooting. State attribute: restored to normal. Source category:
operation and maintenance record.
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Table A2. Cont.

Unit type Handling result unit
Corpus source 4 Regulations and standards

Raw text In the event of sampling abnormality in a protection device, the sampling circuit, transformer secondary
circuit, and communication status shall be checked.

Normalized
representation

Condition: sampling abnormality. Requirement 1: check the sampling circuit. Requirement 2: check the
transformer secondary circuit. Requirement 3: check the communication status.

Field mapping Applicable object: protection device. Rule type: handling requirement. Abnormality category: sampling
abnormality. Source category: regulations and standards.

Unit type Rule-evidence unit
Corpus source 5 Typical case

Raw text On a 220 kV line, a loose N600 connection caused secondary voltage distortion, resulting in maloperation
of the pilot zero-sequence directional protection.

Normalized
representation

Object: 220 kV line protection device. Event: maloperation of the pilot zero-sequence directional
protection. Cause: loose N600 connection. Intermediate phenomenon: secondary voltage distortion.

Field mapping
Equipment category: line protection device. Abnormality category: directional protection misjudgment.
Cause attribute: secondary-circuit abnormality. Result attribute: protection maloperation. Source
category: typical case.

Unit type Case experience unit

Table A3. Examples of mapping monitoring problems to retrieval requests.

Raw input 1 The No. I bus differential protection device continuously reports sampling interruption. What are the
possible causes?

Equipment object Busbar differential protection device
Abnormal phenomenon Sampling interruption
Action/state Continuous alarm
Retrieval intent Cause investigation

Retrieval request Object = busbar differential protection device; Abnormality = sampling interruption; State =
continuous alarm; Intent = cause analysis

Raw input 2 What regulations or rule-based evidence apply when no return signal is received after a protection
action?

Equipment object Not explicitly specified
Abnormal phenomenon Return-signal abnormality
Action/state After protection action
Retrieval intent Rule/evidence query

Retrieval request Abnormality = return-signal abnormality; State = after protection action; Intent = rule/evidence
query

Raw input 3 During an external fault on a 220 kV line, the pilot zero-sequence directional protection maloperated.
Are there any similar cases?

Equipment object 220 kV line protection device
Abnormal phenomenon Maloperation of pilot zero-sequence directional protection
Action/state External fault
Retrieval intent Similar case retrieval

Retrieval request Object = 220 kV line protection device; Abnormality = maloperation of pilot zero-sequence
directional protection; Scenario = external fault; Intent = case retrieval

Raw input 4 How should abnormalities in the voltage secondary circuit that lead to protection misjudgment be
investigated and handled?

Equipment object Voltage secondary circuit
Abnormal phenomenon Protection misjudgment
Action/state Secondary voltage abnormality
Retrieval intent Acquisition of handling recommendations

Retrieval request Object = voltage secondary circuit; Abnormality = protection misjudgment; State = secondary voltage
abnormality; Intent = handling recommendation

Raw input 5 A line protection device frequently issues alarms and is accompanied by communication
abnormalities. What may be the cause?

Equipment object Line protection device
Abnormal phenomenon Frequent alarms
Action/state Communication abnormality
Retrieval intent Cause investigation

Retrieval request Object = line protection device; Abnormality = frequent alarms; State = communication abnormality;
Intent = cause analysis
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Table A4. Structured assisted analysis results for representative cases.

Case 1

Monitoring problem A line protection device reports abnormal zero-sequence voltage accompanied by misjudgment of
the directional element. What may be the cause, and which links should be prioritized for inspection?

Abnormality judgment
Priority should be given to abnormalities in the voltage secondary circuit that cause deviation or
distortion of zero-sequence voltage. Typical causes include abnormal PT neutral line conditions,
loose or broken N-line connections, and poor contact of phase leads or terminals.

Evidence explanation

Typical cases show that a loose N600 connection can distort the secondary voltage waveform and
introduce additional zero-sequence voltage, thereby causing misjudgment of the directional element.
Regulations require monitoring and alarming for disconnection or voltage loss in the voltage
transformer circuit, and emphasize inspection of the PT secondary circuit, N line, grounding, and
external wiring.

Recommended handling
actions

Priority should be given to checking the PT neutral line, N line, terminals, and phase leads.
Disturbance records should be used to verify the phase relationship between zero-sequence voltage
and current, while the external wiring and the condition of the entire secondary circuit should also be
examined simultaneously.

Source traceability Typical case unit + regulations and standards unit
Case 2

Monitoring problem
When abnormal signals are received by the remote monitoring system after a protection action,
which types of communication or return-signal faults should be suspected first, and how should they
be checked?

Abnormality judgment
Priority should be given to abnormalities in the return-signal link, the SOE/action information
upload link, interface configuration, or backend mapping. Communication-link problems such as
packet loss, abnormal delay, and poor port contact should also be considered.

Evidence explanation

Communication-link abnormalities do not necessarily manifest as a complete interruption; they may
also appear as packet loss, abnormal delay, or poor connector contact, thereby preventing protection
action information from being uploaded correctly. Regulations require that channel abnormalities
should be monitored and investigated collaboratively by communication and relay protection
personnel.

Recommended handling
actions

The return-signal circuit, SOE/uploaded messages, backend point table, and interface configuration
should be checked first. This should be followed by inspection of frame loss, delay, ports, and
switching equipment status in the communication link. When necessary, defects should be
eliminated jointly by communication and relay protection personnel.

Source traceability Action anomaly unit + operation and maintenance record unit + regulations and standards unit
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