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Abstract
There has been growing application of Unmanned Aerial Vehicles (UAVs) and computer vision to support
safety-critical inspection activities for power transmission infrastructure. While the past work has largely
focused on AI-based fault detection, trustworthy O&M decision support also requires contextualizing detected
defects with component information, severity, engineering knowledge, and operational risk. Foundation Vision-
Language Models (VLMs) can provide fluent and plausible-defect descriptions but remain prone to hallucination.
Additionally, Retrieval-Augmented Generation (RAG) methods leveraging operations and maintenance (O&M)
documentation cannot represent complex engineering dependencies in an auditable and transparent manner.
We propose a graph-grounded, physics-aware agentic framework to tackle this challenge for power-line O&M,
wherein domain-specific knowledge is fused from three different evidence streams: structured visual claims
from a fine-tuned YOLO model combined with a VLM adapted via Many-Shot In-Context Learning, leveraging
annotated defects and O&M actions from electrical engineers; a knowledge graph curated by domain specialists
that integrates components, defects, severities, failure modes, engineering standards, risks, and maintenance
actions; and a physics-informed simulation dataset, demonstrated through a reduced-order Stockbridge-damper
case study. An agentic workflow combines these sources into a single auditable decision traceable from image
to work order. Each claim is validated against the knowledge graph and physics evidence before a severity-
conditioned maintenance action and work order are generated with deterministic guardrails and validation
checks. On a 51-sample held out validation set, the perception pipeline achieved an F1 score of 0.83, while human
evaluation of 11 work orders yielded a KG supported faithfulness score of 0.88. These results demonstrate the
feasibility of evidence-grounded and traceable O&M decision support, while engineering correctness and broader
operational generalisation remain subjects for further validation.
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1. Introduction

Reliable operation of power transmission infrastructure depends on timely inspection, accurate inter-
pretation of faults, and clearly reasoned maintenance strategies. Transmission lines face numerous
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Figure 1: Overview of the proposed graph-grounded, physics-aware agentic AI framework for power-line O&M.
Illustration generated with PaperBanana [5].

stressors over their lifetime that affect their performance, safety, and reliability—corrosion, mechanical
loading, weather and geographic exposure, conductor vibration, contamination, and ageing—and UAVs
are increasingly leveraged to inspect them, reducing the need for manual inspection and facilitating
large-scale visual data collection from hazardous and complex locations [1]. Although publicly available
real-world UAV imagery remains scarce, resources like InsPLAD [2] have enabled the application of
Machine Learning (ML) and computer vision techniques for component detection and fault recognition.

Recent domain-specific multimodal models such as Power-LLaVA [3] demonstrate the strong potential
of vision-language assistants in power-line inspection: the future of AI-based decision support in this
industry rests on models that not only predict fault labels but also contextualise them with textual O&M
reports, defect descriptions, and suggested maintenance strategies. Yet given the safety-critical nature of
power lines, visual recognition alone is often insufficient—a VLM may detect a missing cap, a bird nest,
or a damaged insulator, but practical utility of the decision depends on operational context such as the
affected component, fault severity, applicable engineering and safety standards, operational risk, failure
mode, and maintenance actions. Ungrounded neural language generation is prone to hallucination
and therefore infeasible in these settings, and while approaches like RAG can reduce these risks by
integrating language models with domain knowledge sources [4], they cannot conventionally represent
engineering relationships such as defect-to-failure-mode, severity-to-action, or component-to-standard
dependencies in a systematic and transparent manner.

Recent work combining Large Language Models (LLMs) with Knowledge Graphs (KGs) shows that the
two play complementary roles—LLMs provide flexible natural language understanding and generation
in the face of complex context, while KGs provide coherent structure, grounding, and explicit reasoning—
a combination fit for power-line O&M, where maintenance recommendations must be traceable to
inspection evidence, engineering rationale, and operational impact.

We therefore propose a graph-grounded, physics-aware multimodal agentic AI framework for UAV-
based power-line inspection and decision support, integrating three sources of data: (1) structured
visual evidence from a trained YOLO classifier (for component detection and defect isolation) coupled
with a foundational VLM prompted through Many-Shot In-Context Learning on a curated corpus of
defect descriptions and O&M actions annotated by electrical engineers; (2) an expert-curated, domain-
specific KG of power-line components, defects, severity levels, failure modes, engineering standards,
operational risks, and maintenance strategies; and (3) physics-informed simulation data for a selected
component as a case study. An agentic reasoning workflow combines the extracted visual claims with
KG queries and simulation evidence to generate traceable O&M recommendations, validated with a
human-in-the-loop evaluation protocol. We envisage that the proposed framework can make AI-based



power-line inspection more faithful, auditable, and operationally valuable.

2. Related Work

Visual inspection and multimodal models. Research on visual power-line inspection has largely
focused on turning UAV imagery into component detections, defect labels, and anomaly scores, as
reviewed by Liu et al. [1] and surveyed for deep learning approaches by Faisal et al. [6], with InsPLAD
providing a real-world UAV benchmark of annotated assets and defects [2]. These contributions make
inspection more measurable and reproducible, but mainly evaluate perceptual outputs rather than
downstream maintenance reasoning. Vision-and-language pre-training such as CLIP [7] and BLIP [8]
enabled stronger linking of visual and language inputs, although reliability concerns are increasingly
acknowledged [9]; in power transmission, Power-LLaVA introduced a large-scale language-and-vision
inspection assistant [3]. Such assistance, however, still needs explicit grounding in asset topology, defect
semantics, operational risk, and maintenance constraints before it can be trusted for O&M decisions.

Knowledge graphs for power systems and fault diagnosis. Knowledge graphs represent the
entities and relationships of a domain as a queryable graph, allowing for semantic representation,
validation, and provenance [10]. In the electricity domain, GridKG represents distribution-grid data
as a graph [11], later extended with topology, asset metadata, maintenance information, and outage
events for decision support [12]; KGs have also been applied to power-system fault diagnosis [13]
and modelling decarbonisation [14]. Related maintenance domains show similar benefits, including
KG-driven fault diagnosis in intelligent manufacturing [15] and fault KGs for aircraft prognostics and
health management [16], alongside growing interest in graph learning for grid problems such as graph
reinforcement learning [17]. Nonetheless, multimodal UAV inspections validating VLM claims against
graph-engineered knowledge remain unexplored.

Grounding language agents with structured andmultimodal knowledge. Retrieval-augmented
generation reduces parameter dependence by conditioning on retrieved evidence [4], but retrieved
passages are not an auditable engineering model of components, defects, severity levels, and actions. A
growing number of studies combine KGs with LLMs, from surveys of LLM–KG question answering [18]
to graph-based retrieval such as GraphRAG [19]. Work on multimodal KGs—the large-scale entity–image
links of MMpedia [20], reasoning with graph-structured cross-modal knowledge [21], and explainable
language reasoning with multimodal KGs [22]—shows how knowledge structure improves cross-modal
inference, while digital-twin research has scaled KGs to help automate AI for operational assets [23].
For power-line O&M, however, these strands have not yet been combined to convert VLM-derived
observations into traceable claims that are validated against KGs and enriched with physics-informed
evidence.

Recent research has shown advancements in multimodal and agentic grounding – such as multimodal
KG–RAG for Visual Question Answering (VQA) [24, 25] and typed-KG grounding for industrial asset
operations [26, 27, 28], but to the best of our knowledge, no past literature has focused on validating
visual claims against a domain-specific power-line O&M graph while also considering physics-informed
simulation knowledge under deterministic guardrails, as we showcase in this paper.

Trustworthy, explainable, and agentic decision support. Because safety is critical for power-line
O&M, recommendations need to be explainable and auditable; explainable AI for energy-systems
maintenance has been reviewed in [29]. Agentic and multi-agent designs increasingly structure such
reasoning: AGENTiGraph lets LLM-based agents interact with and update domain-specific KGs through
natural language [30], a collaborative AI–human multi-agent system with a KG has been proposed
for trustworthy diagnosis prediction [31], and semantically enriched KGs have driven multi-agent
inspection planning for non-destructive testing [32]. Agentic AI frameworks for smart grids have
particularly emphasised on autonomy, safety, and explainability [33]. Collectively, these works support



Table 1
Composition of the ingested InsPLAD data within the Power-Line O&M Knowledge Graph.

Graph content Count

Image — detection subset 10,561
Image — defect-supervised subset 11,525
Image — anomaly-detection subset 27,620
Image total 49,706

ImageAnnotation (COCO bounding boxes) 28,959
Curated VLM Observation records 255
SimulationRun (Stockbridge damper) 80

our design choice of a graph-grounded, human-in-the-loop agentic workflow in which each maintenance
recommendation is traceable to inspection evidence, engineering rationale, and operational impact.

3. Dataset Description and Pre-Processing

The dataset is taken from the InsPLAD power-line asset inspection benchmark [2]. It focuses on
a 500 kV transmission asset (STN, northeast Brazil) and comprises object detection (10,561 images),
defect-supervised classification (11,525 images), and unsupervised anomaly detection (27,620 images),
with 28,959 COCO-format image annotation records. All three subsets were used to construct the
Power-Line O&M Knowledge Graph (Section 5), providing broad component and asset coverage.

A subset of 255 images was separately curated with multi-field annotations for: component type,
defect presence (True/False), defect description, and confidence score. This subset supported supervised
fine-tuning of the pipeline. The expert-curated corpus is limited in scale, but remains consistent with
recent civil-infrastructure VLM work on 254 expert-scored bridge damage images [34], reflecting a
broader trend towards small, high-integrity corpora in inspection domains. The corpus covers 15
components and six defect-type classes (five defects plus a non-defective “good” condition). Of these
images, 85 were annotated by human domain experts as ground truth. The remaining 170 images were
annotated using GPT-5.5-pro.1

3.1. Data Pre-Processing

Since directly fine-tuning a VLM on this limited corpus led to overfitting (elaborated in Section 4.2), a
YOLO classifier was fine-tuned instead for component classification and defect detection. The 255 images
were organized into 27 component-defect classes across the 15 components.2 The dataset was split
80:20 into training and validation sets, respectively. Different augmentation techniques were applied
to the training set (flipping, brightness/contrast, rotation, affine transforms, and Gaussian blur/noise).
These techniques were chosen to preserve the geometric and structural cues. Figure 2a summarizes the
resulting dataset composition.

3.2. Human Evaluation

We extended the InsPLAD dataset with fault descriptions, impact assessments, and repair instructions.
The annotators were power-line inspection specialists with certifications in high-voltage power-line
maintenance. The annotators were selected via a test process in which they were asked to identify fault
classes and component names independently. The annotator with the highest accuracy on the test set
was selected to complete the entire data corpus.

1Selected after comparing annotation quality across GPT-5.5-pro, Claude-Opus-4-7, and Gemini-3.1-pro-preview, judged
against the human ground truth by DeepSeek Reasoner as an independent LLM judge (Figure 2b); GPT-5.5-pro was closest to
the human annotations in 47 of 85 cases.

2For three components—spacer, spiral damper, and yoke—no defect-present examples were available in the curated dataset, so
only the defect-absent case was considered for these components.



(a) Dataset composition and preprocessing summary:
annotation source split (85 human, 170

GPT-annotated) and raw vs. final image counts for
training/validation sets.

(b) LLM annotation agreement with human ground
truth, judged independently by the DeepSeek LLM

judges across mean similarity, win rate,
consistency, and score distribution.

Figure 2: (a) Dataset preprocessing overview. (b) LLM annotator evaluation against human-expert ground truth.

4. Methodology

4.1. Framework Overview

Figure 1 illustrates the overall pipeline of the proposed work, organized into five layers.

1. Evidence Input Layer : UAV-captured power-line inspection images obtained from the InsPLAD
dataset.

2. Perception Layer : Turns each image into a structured visual claim: a fine-tuned YOLO classifier
outputs the component, defect presence, and a confidence score, which the VLM Perceiver Agent
(a vision-language model guided by many-shot in-context learning) enriches with the affected part,
the nature and degree of the defect, a confidence value, and visual proof (detailed in Section 4.2).
The resulting claim is verified in the subsequent layers.

3. Knowledge and Physics Grounding Layer : Checks each visual claim against the Power-Line O&M
Knowledge Graph (Section 5)—properties, failure modes, severities, standards, and risks—and, for
the Stockbridge damper case study, against physics-informed simulation evidence (Section 5.1) as
an independent, non-visual signal.

4. Agentic Reasoning Layer : The Reasoner Agent (Section 5.2) fuses the visual claim, graph facts,
and simulation attributes into a decision: a deterministic guardrail holds severity to the more
conservative of the visual and physics readings, and the knowledge graph then determines which
maintenance action that severity requires.

5. O&M Decision Outputs Layer : Returns a risk assessment, a recommended action, a pre-filled work
order, and an end-to-end evidence trace as the output O&M report.

The workflow follows an input → agent → grounding → validation → output approach. Visual
evidence is obtained through YOLO and the VLM while the Reasoner Agent integrates it along with
KG and Physics-based evidence. The deterministic guardrails validate severity, actions, numerical
consistency, and grounding to finally output a traceable O&M recommendation and work order.

4.2. Visual Evidence Extraction

The visual evidence extraction pipeline is designed in two stages: a fine-tuned YOLO classifier, followed
by many-shot VLM inference. Figure 3 shows the perception-layer workflow transforming a UAV image
into a structured visual claim. This design was chosen for the following reasons.



Figure 3: End-to-end workflow for visual evidence extraction. Pipeline parameters are summarized in Algorithm 1.
The 255-image corpus was split into 80:20 (204 train/val), with augmentation (flipping, brightness/contrast,
rotation, affine transforms and Gaussian blur/noise) applied to the training set, obtaining 1137 images.

1. Limited annotated data: Annotation demands significant time and domain-expert effort, making
end-to-end VLM fine-tuning impractical. An early attempt to fine-tune a VLM (Qwen2-VL-2B-
Instruct) on the small corpus led, as expected, to overfitting, with the model wasting token
budget on memorizing longer descriptions rather than learning generalizable defect features. This
motivated the two-stage design: a compact YOLO classifier fine-tuned for component classification
and defect detection, with the VLM kept frozen and guided by many-shot in-context learning
rather than parameter updates.

2. YOLO’s detection strength: YOLO is state-of-the-art for component-level object detection and
classification, making it well suited to identifying the component and the presence of a defect
before language reasoning is applied.

3. Deployment and iteration constraints: Qwen2-VL-2B-Instruct was selected over the other
large proprietary VLMs due to the latency [35] and computational cost constraints of UAV/edge
deployment and iterative development.

4. Reducing VLM overload and false positives: Provision of YOLO outputs before VLM inference
reduces the number of attributes the VLM must infer directly from the image which improves
reliability and reduce false positives.

Detection: YOLOv11 (nano model YOLOv11n-cls) was fine-tuned to output the component type,
defect presence, and a confidence score for each image.
Curated many-shot corpus and runtime selection: 85 verified-correct examples were curated from
the training data across the six classes (five defect types plus the non-defective “good” condition). At
runtime, up to eight same-component samples are selected from this corpus to prevent hallucination
and reduce noise in VLM learning; if any class remains unrepresented, one example of each missing
class is added so that every class is demonstrated in-context.
VLM inference: The VLM generates the "Defect type" and "Description". The combined YOLO+VLM
pipeline produces a structured visual claim containing the component, defect status, type,
confidence and description, which is altogether passed into the knowledge graph. The pipeline
uses 25 samples per class, up to 15 filtered examples per class (85 total), and 8 same-component examples
per query, with one fallback per missing class; examples are filtered by YOLO component and defect-flag
agreement upon comparing with the ground truth, followed by which Qwen2-VL-2b-Instruct (4-bit
NF4) processes images up to 320px.



Figure 4: Overview of the ontology schema.

5. Methodology for Constructing the O&M Knowledge Graph

We construct the O&M knowledge graph as an ontology-grounded, multi-layered representation linking
visual inspection footage to actionable maintenance reasoning. Following a data-driven, bottom-up
process that mimics real-world power-line maintenance practice, an ontology derived from real world
inspection data is progressively enriched with expert reasoning annotations, VLM text annotations,
physics based simulations, explicit failure-mode, operational-impact, risk, and maintenance actions.3

The central concept is the physical line element – ComponentType class (e.g., stockbridge_damper,
glass_insulator, yoke). Around this, and in the manner of grouping descriptive node classes adopted
in [12], we organize the remaining concepts into seven interdependent layers: (i) an Asset Hierarchy
layer for transmission-line elements and their assembly hierarchy; (ii) an Image & Annotation Processing
evidence layer that captures UAV Images and their generated labels and descriptions; (iii) a Defect,
Severity & Escalation layer for perceived visual defects, severity, escalation and impacts; (iv) an Envi-
ronmental & Standards Context layer for environmental factors and relevant standards; (v) an Evidence
& Simulation layer storing physics evidence from SimulationModel, SimulationRun, EvidenceCase for
component and defect impact analysis; (vi) a Machine Learning layer that stores image and component
embeddings; (vii) a Maintenance & Work Orders layer capturing MaintenanceAction, WorkOrderTemplate
for recommended maintenance actions. The schema is implemented in Neo4j and encoded in Cypher.
Our KG unifies visual, physical, environmental, regulatory, and operational knowledge to provide a
rich, semantically structured context for AI reasoning agents. The principal relations are summarized in
Table 2. Ontology complianceis enforced: an automated validator checks structuralinvariants over the
graph,exactly one severity-conditioned REQUIRES edge per(defect, severity) pair via the when_severity
property, no defect linked to severity level 0, a complete ESCALATES_TO chain 0->1->2->3, and consis-
tency between the decision rules, the ingestion manifest, and simulation-derived actions and all checks
passed on the released graph. The validation and repaid scripts will be released alongside the KG.

3The data used in this KG is from the InsPLAD dataset [2]. The ontology encodes 18 types of components from primary
components and support hardware, 5 types of visual defects, a four-level ordinal severity scale carrying risk weights, 8 failure
modes, 6 operational risks, 3 environmental contexts, 7 international and national standards, 8 maintenance actions, and 3
work-order templates.



Table 2
Principal relations of the O&M knowledge-graph vocabulary.

Relation Domain→ Range Semantics

Asset Hierarchy
PART_OF / ATTACHES_TO ComponentType → Asset / ComponentType Asset membership; assembly and

attachment
Image & Annotation Processing
HAS_COMPONENT / HAS_DEFECT /
HAS_CONDITION

Image → ComponentType / DefectType /
Condition

Component, visual defect, and
normal-vs-defective condition of an image

DERIVED_FROM Image → Image Provenance: augmented to raw image
ANNOTATES / DESCRIBES ImageAnnotation / VLMObservation →

ComponentType
Ground-truth label; VLM-generated
description

Defect, Severity & Escalation
HAS_SEVERITY / ESCALATES_TO HAS_SEVERITY: DefectType → Severity;

ESCALATES_TO: Severity → Severity
Severity grading (0–3); ordinal chain
0 → 1 → 2 → 3

LEADS_TO / IMPACTS LEADS_TO: Severity → FailureMode;
IMPACTS: FailureMode → Risk

Failure mode induced by a severity level;
risk exposure from a failure

AFFECTS DefectType → ComponentType Components a defect can affect
Environmental & Standards Context
INCREASES_RISK Environment → DefectType Environmental factors amplifying a defect
CONFORMS_TO / MITIGATES CONFORMS_TO: ComponentType → Standard;

MITIGATES: Standard → FailureMode
Compliance standards; standard
controlling a failure mode

Evidence & Simulation
USES_IMAGE / USES_SIMULATION EvidenceCase → Image / SimulationRun Multimodal fusion into one case
GENERATED_BY / SIMULATES_COMPONENT SimulationRun → SimulationModel /

ComponentType
Physics model producing the run;
component under simulation

Machine Learning
EMBEDS / MODELS_COMPONENT EmbeddingRun → Image / ComponentType Image crops embedded in latent space;

component type in embedding
Maintenance & Work Orders
REQUIRES DefectType → MaintenanceAction Action required (conditioned via

when_severity)
SUGGESTS_TEMPLATE EvidenceCase → WorkOrderTemplate Decision case to recommended template
IMPLEMENTS / APPLIES_TO WorkOrderTemplate → MaintenanceAction /

ComponentType
Template realizing an action; target
component

Figure 5: Reduced-order Simulink evidence generator for the Stockbridge damper case study. The model
was run 80 separate times, each with a different parameter combination – varying the excitation frequency,
wind-speed-driven force amplitude, and the corrosion factor (good vs corroded scenarios)

5.1. Stockbridge Damper Physics Evidence

The physics-evidence stream is deliberately scoped to a single component, the stockbridge_damper,
which we later demonstrate as a case study. Its role in the framework is to generate structured, physics-
informed evidence for graph-grounded O&M reasoning, rather than to act as a certified mechanical
design simulator or as a simulator for all power-line components. We model the Stockbridge damper as
a reduced-order two-degree-of-freedom conductor-damper vibration system, where 𝑥 denotes the local
conductor displacement near the attachment point and 𝑦 denotes the effective damper counterweight
or messenger displacement. Wind-induced aeolian excitation is represented by a sinusoidal forcing
input 𝐹 (𝑡) = 𝐹0 sin(2𝜋𝑓𝑡), with the force amplitude parameterized by wind speed and the excitation
frequency sampled across the simulation runs.

The healthy damper is treated as a tuned mass damper attached to the first local conductor vibration
mode. Corrosion is encoded as two coupled physical effects: loss of damper damping and detuning of
damper stiffness. In the generated scenarios, good-condition dampers use low corrosion factors, while
corroded dampers use higher corrosion factors that reduce energy dissipation and shift the damper
away from the tuned condition. The model therefore provides qualitative evidence about how visible
corrosion can translate into poorer vibration control and increased fatigue-related risk.



For each simulation run, Simulink logs time-series signals,4 that are summarized into reasoner-facing
features: conductor RMS and peak displacement, relative RMS displacement, fatigue damage index,
damping health index, and risk score. These runs are exported as JSONL records linking the component,
simulated condition, severity, VLM image example, features, and recommended O&M action. In the
KG, SimulationRun and EvidenceCase nodes connect visual Stockbridge damper evidence with physics
features and maintenance actions, enabling the agent to justify recommendations through a traceable
path combining image observations, simulation evidence, and ontology-grounded defect-to-action
knowledge.

5.2. Agentic Reasoning for O&M Recommendation Generation

The Reasoner Agent is a two-turn, graph-grounded LLM agent that maps multimodal input, which
includes VLM observations, Neo4j O&M knowledge, and Simulink physics information, into explainable
O&M decisions. VLM predictions are re-grounded through a comparison of their severity against that
of corresponding physics predictions, with the more conservative assessment that determines the final
severity. The Knowledge Graph maps the severity into the maintenance operation, while deterministic
guardrails provide for safety and auditability. The agent goes through five steps, namely, Retrieve, Bound,
Reason, Validate, and Author.

1. Retrieve. The agent assembles a structured EvidencePack of (i) VLM outputs (detected com-
ponents, defects, severity, and confidence); (ii) Simulink physics results; and (iii) a multi-hop
knowledge-graph context spanning component properties, failure modes, risk propagation, main-
tenance actions, asset relationships, environmental factors, and neighboring defects.

2. Bound. A deterministic guardrail computes a severity floor on a three-level ordinal scale (minor,
moderate, severe): the maximum of the VLM-assigned level and the level banded from the
matched simulation run’s risk score (below 0.35 minor, 0.35–0.60 moderate, 0.60 and above
severe), escalated one further level if that run’s damping health index falls below 0.15. The KG
encodes a four-level ordinal scale 0–3, where level 0 denotes normal condition and is never
linked from a DefectType; the reasoner therefore operates on the three defect-present levels 1–3,
referred to as minor, moderate, and severe. The knowledge graph is then queried for the action its
REQUIRES relation attaches to the resulting level, so that corrosion resolves to visual monitoring,
hardware replacement, or emergency intervention according to severity rather than one fixed
response per defect type.
floor = max(sev_VLM, band(risk_score)), escalated one level if damping_health < 0.15 and capped
at severe; the LLM may adopt a higher severity than the floor but the Validate stage clamps any
lower one.

3. Reason. The LLM generates a structured maintenance decision: severity assessment, risk
evaluation, failure modes, recommended maintenance action, supporting evidence citations, and
a reasoning summary. The prompt prioritizes physics and knowledge-graph evidence over visual
observations when they contradict, reflecting their higher reliability relative to VLM predictions

4. Validate. The output is checked against guardrails verifying severity constraints, ontology-
compliant maintenance actions, numerical consistency, and citation correctness. Violations
trigger one automatic re-prompt, and persistent violations are corrected through deterministic
rule-based clamping, so the final decision always satisfies safety requirements.

5. Author. To separate reasoning from presentation, a second LLM invocation generates a SAP
Plant Maintenance (PM)-style work order together with a concise O&M report.

4Conductor displacement, conductor velocity, damper displacement, damper velocity, relative displacement, dynamic strain
proxy, fatigue damage rate, and wind force.



6. Experiments

6.1. Experimental Design

Perception Pipeline Configuration: YOLOv11, being state-of-the-art (see Section 4.2), was fine-tuned
on the 27-class structure described in Section 3.1. The model was fine-tuned for 30 epochs. Given an
image, YOLO produced the following output: [Component_name, Defect (Present/Absent),
Confidence Score]

Many-Shot Example Curation: Examples were curated in two stages (Algorithm 1). First, up
to 𝑛 = 25 samples per defect-type class (six classes) were verified against the YOLO predictions and
capped at 𝑘 = 15 per class, yielding 85 curated samples. At runtime, up to 𝑚 = 8 samples are selected
per query, as depicted in Figure 3.

Algorithm 1 Many-Shot Example Curation and Runtime Selection
Require: training set 𝐷; classes 𝐶 = {good, rust, torn-up, missingcap, peeling-paint, nest}; pool size 𝑛=25; per-class
cap 𝑘=15; same-component cap 𝑚=8
Phase A — Offline curation (build 𝐸𝑓𝑢𝑙𝑙 once): 𝐸𝑓𝑢𝑙𝑙 ← ∅

1: for each 𝑐 ∈ 𝐶 do
2: 𝑆𝑐 ← random sample of min(𝑛, |𝐷𝑐|) images from 𝐷 with defect_type = 𝑐
3: 𝑉𝑐 ← {𝐼 ∈ 𝑆𝑐 : YOLO(𝐼).comp = component(𝐼) ∧ YOLO(𝐼).def = defect_present(𝐼)}
4: 𝐸𝑓𝑢𝑙𝑙 ← 𝐸𝑓𝑢𝑙𝑙∪ first min(𝑘, |𝑉𝑐|) elements of 𝑉𝑐

5: end for
Phase B — Runtime selection (per query 𝐼𝑞 , component comp𝑞):

6: 𝐸𝑞 ← first 𝑚 examples from 𝐸𝑓𝑢𝑙𝑙 with component = comp𝑞

7: for each 𝑐 ∈ 𝐶 with no example in 𝐸𝑞 do
8: add one example of class 𝑐 from 𝐸𝑓𝑢𝑙𝑙 to 𝐸𝑞 ◁ fallback
9: end for

10: return 𝐸𝑞

6.1.1. VLM and Reasoner Configuration

The VLM stage uses Qwen2-VL-2B-Instruct (4-bit NF4, max 320 px) to produce the defect de-
scription and defect type per query. The Reasoner Agent (Section 5.2) is implemented using
openai/gpt-oss-120b,5 operating over the five-stage pipeline described in Section 5.2.

6.1.2. Knowledge Graph and Simulation Evidence

To support agentic reasoning, we prepared a multimodal evidence corpus integrating visual perception
with physics-informed simulation. The full InsPLAD image inventory is ingested into the graph
as 49,706 image records, of which 10,561 carry object-detection annotations (Table 1). From this
inventory, we curate an evaluation subset of 255 VLM evidence records, each pairing a component
label, defect label, severity, and a natural-language observation produced by the VLM. In parallel, 80
Stockbridge-damper runs from the reduced-order Simulink model are stored as SimulationRun nodes
with physics-informed features (vibration amplitude, damping health, fatigue proxy, and risk score) and
linked to the corresponding image examples through EvidenceCase nodes, yielding structured cases that
combine visual evidence, simulation evidence, and ontology-grounded maintenance recommendations
(Section 5.1).

7. Results and Discussion

7.1. Perception and Reasoning Performance

In this section, we evaluate the two stages of perception layer, YOLO and the VLM, on the validation
set (51 samples), as shown in Figure 6. The fine-tuned YOLO model achieved a precision of 0.86, recall
5Served via the Groq inference API.



Table 3
Representative pipeline examples, with predicted component, defect, and type matching ground truth.

Image YOLO VLM Ground Truth

lightning_rod_susp.;
defect present; conf. 0.86

corrosion: rust visible on the suspension
arm, which can weaken the structure

lightning_rod_susp.; corrosion: rust
clearly visible on the suspension
hardware

polymer_insulator; defect
present; conf. 0.999

torn_up: upper shed torn and deformed
with a lifted skirt, reducing insulation
surface and trapping contamination

polymer_insulator; torn_up: damage
on the insulator sheath with a torn
shed

of 0.79, and F1 score of 0.83 on component classification and defect presence/absence detection. The
VLM was prompted via many-shot in-context learning. This yielded a defect-type accuracy of 0.75 and
a description similarity of 0.65 (ground-truth and predicted descriptions were compared using cosine
similarity). The gap in accuracy between YOLO’s precision/recall and the VLM’s output is expected:
YOLO is fine-tuned end-to-end on the full 27-class structure, whereas the VLM must differentiate among
six defect types at inference time (Figure 3) without any parameter updates. Table 3 presents two
representative evidence cases showcasing the outputs of the pipeline.

Figure 6: Perception stage evaluation on the held-out validation split: YOLO precision/recall/F1 (left) and VLM
defect type accuracy/description similarity, computed via semantic similarity (right).

7.2. Faithfulness and Human Evaluation

A human expert evaluated faithfulness, defined as the fraction of claims in the agent’s work-order
output supported by the retrieved knowledge-graph (KG) context. Faithfulness measures alignment with
the KG support; it does not assess correctness against the physical asset, image, engineering standards, or
the optimal maintenance action. Across 11 work orders, the faithfulness score was 0.88, demonstrating
the effectiveness of KG grounding in reducing unsupported claims.

7.3. Case Study

Figure 7 illustrates a sample scenario with a corroded Stockbridge damper on the 500 kV STN asset.
According to the VLM Perceiver, the defect is level 2 out of 3 (moderate) corrosion (confidence 1.00).
This severity claim is corroborated by evidence from the physics simulation (damping health index =
0.347, risk score = 0.479) and the knowledge graph, in which corrosion is related to mechanical failure
and conductor-drop risk (0.95) and, at this severity level, requires hardware replacement according to
IEC 61284. The Reasoner Agent upholds this severity, adopts the more cautious risk assessment from
the KG over the simulation-derived one, satisfies all validation guardrails, and outputs the work order.



Figure 7: End-to-end case study of the UAV power line inspection pipeline, illustrating the progression from
defect detection to risk assessment and the resulting maintenance decision.

7.4. Limitations and Future Work

The key limitation is the small human-annotated data set used for in-context learning of the VLM,
consisting of only 255 annotated images, which may restrict the model’s ability to generalize to unseen
defect characteristics, imaging conditions, and rarer classes. This also precluded fine-tuning the VLM.
Since the framework was developed and evaluated using data from a specific operational environment,
its performance in other industrial settings still requires validation. Moreover, structural ontology
validation ensures conformity to the predefined schema but does not guarantee the semantic correctness
of retrieved facts or image-to-graph mappings. Errors introduced at these stages may propagate through
downstream components and ultimately affect the reliability of the system outputs. In future work,
we will expand the dataset to fine-tune and release a domain-specific open-source VLM covering a
broader range of cases and conditions. We will also pursue further verification and validation, whilst
maintaining system-level testing in a simulated environment. Accordingly, the reported faithfulness
score should be interpreted as evidence of grounding consistency rather than validation of real-world
engineering correctness.

8. Conclusion

This work proposes an agentic framework for power-line O&M based on structured visual claims
from a two-stage perception pipeline, an expert-curated KG, and a Reasoner Agent that evaluates
VLM-generated claims against both graph and physical evidence. Even with limited amounts of labeled
data, which is common in industrial applications, our perception pipeline managed to attain an F1
score of 0.83 in component/defect classification and 0.75 in defect type recognition. The end-to-end
case study also showcases the possibility of establishing a traceable evidence chain to the work orders
generated, showing the promise of context engineering in GenAI for power-line O&M. The evaluation
is limited by 51-validation set of images and 11 work orders that were generated as the output of the
framework, which embeds robustness.
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