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1 Introduction

Coal conveying and unloading areas in thermal
power plants combine high dust concentration,
vibration, noise, occlusion, and frequent changes in
lighting and operating conditions. Workers, belts,
rollers, motors, and sensors interact in a confined
space, so hazards such as missing personal protective
equipment, belt blockage, overheating, smoke, or
unauthorized entry require rapid detection and
contextual judgment. Traditional monitoring relies on
manual patrols, camera feeds, and isolated alarms,
which are useful but often fragmented. A video
detector may identify a worker without a helmet, but
it may not reason that the same worker is close to an
overheated motor. Conversely, a sensor alarm may
lack the visual context needed to judge personnel
exposure.

Recent foundation and vision-language models
provide strong visual and semantic priors (Radford et
al., 2021; Bai et al., 2025). However, direct
deployment in safety-critical industrial environments
remains difficult because plant data are noisy,
low-light, partially occluded, and highly site-specific
(Wang and Chung, 2022). Existing vision-based
detectors, including Faster R-CNN and YOLO
variants, have been used for personal protective
equipment and anomaly detection (Girshick, 2015;
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Jiang et al., 2022; Lee et al., 2023), but many systems
remain single-task pipelines. Multimodal learning
offers a route to fuse visual, textual, and sensor
evidence (Baltrusaitis et al., 2018; Kim et al., 2021),
while knowledge graphs can encode safety rules and
support traceable reasoning (Bordes et al., 2013;
Huang et al., 2025). Edge-cloud deployment further
enables low-latency screening with high-capacity
reasoning when needed (Iwanicki, 2018).

Despite these advances, three gaps remain. First,
many industrial safety systems are vision-only or
task-specific and cannot form a coherent multimodal
situation view. Second, outputs are often
insufficiently traceable for postincident inspection
and compliance review. Third, edge-cloud systems
may allow an edge false negative to suppress
downstream cloud reasoning, which is undesirable
under glare, dust, or camera occlusion. We address
these gaps with a KG-augmented multimodal
framework that combines explicit safety rules,
multimodal fusion, and hybrid triggering.

In this paper, “utility-grade safety intelligence”
means a deployable monitoring system that
simultaneously provides high recall for severe
hazards, controlled false alarms to avoid unnecessary
operational disruption, second-scale alert response,
and evidence packages that are auditable after an
incident. The main contributions are as follows: (1) a
KG-augmented multimodal monitoring framework
that aligns video, sensor, and log evidence with
explicit safety rules; (2) an adaptation pipeline
combining LoRA, safety-aware PPO, domain
adaptation, semisupervised learning, and
long-tail-aware distillation; and (3) a two-tier
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edge-cloud deployment validated on a multiyear plant
dataset and in live coal-conveyor operation.

2 Materials and methods
2.1 System architecture and hybrid triggering

The monitoring system follows a two-tier
edge-cloud architecture (Fig. 1). Edge devices
perform lightweight screening on incoming camera
streams and local sensor signals. Routine frames are
processed locally and discarded or logged, while
suspicious event packages are escalated to the cloud
for multimodal fusion and KG-guided reasoning. The
cloud stage is not triggered solely by edge visual
detection. Instead, it can be activated by three
independent sources: (1) edge-detected visual
anomalies, (2) sensor threshold violations such as

abnormal temperature, vibration, or gas concentration,
and (3) KG-derived rule triggers, such as a
restricted-zone rule becoming active during a
maintenance operation.

This hybrid trigger reduces the risk that poor
visibility or domain shift makes the edge model a
single point of failure. For cloud-side fusion, the
system uses a trigger-centered sliding time window.
Sensor readings within the window are aggregated
into synchronized features, while key frames or short
clips around the trigger timestamp are selected as
visual input. The multimodal model then applies
confidence-aware fusion: when visual evidence is
degraded by dust or glare, sensor and rule evidence
receive higher weight; when a sensor spike is isolated
and unsupported by visual or KG evidence, its
contribution is downweighted to reduce false alarms.
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Fig. 1 Two-tier edge-cloud monitoring architecture with hybrid triggering and KG-guided cloud reasoning

2.2 Safety knowledge graph and explainable
reasoning

A safety KG was constructed for coal conveying
and unloading operations. Its ontology includes
entities such as Person, Helmet, Harness,
ConveyorBelt, Roller, Motor, DustSensor, GasSensor,
and RestrictedZone, and relations such as wears,
isNear, monitors, hasComponent, indicates, and
requires. Candidate triples and rules were extracted
from safety standards, plant operation manuals,
incident reports, and expert interviews, followed by
manual validation by safety engineers. Examples
include (Person, mustWear, Helmet), (ConveyorBelt,
hasComponent, Roller), and (GasSensor, indicates,
HighGasLevel). Supplementary examples are
provided in Table S1 of the Electronic Supplementary
Materials (ESM).

KG embeddings are produced with TransE (Bordes

et al., 2013) and injected into the multimodal model
as structured semantic tokens. TransE is
computationally efficient and suitable for many
directional and rule-centric relations used in this
deployment, such as personal protective equipment
requirements, proximity constraints, and
sensor-to-risk mappings. Its limitations for symmetric,
one-to-many, and highly compositional relations are
discussed in Section 4 and will be addressed by more
expressive graph-neural or rotational embedding
methods in future work.

For each alert, the system records the activated
observations, matched safety rules, and KG reasoning
path that links evidence to the final hazard label and
risk level. For example, if the vision module detects a
worker without a helmet and the sensor stream reports
abnormal motor temperature nearby, the explanation
path may include Person -> not wearing -> Helmet,
Person -> near -> Motor, and Motor -> status ->



Overheating. These links support the alert “PPE
violation near equipment anomaly” and provide
evidence for inspection and postevent review.
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Fig. 2 KG excerpt for the person-PPE-safety domain and
multimodal alignment
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2.3 Multisource dataset and annotation
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A multimodal dataset was assembled from coal
feeding, conveying, and unloading operations during
2018-2024. The raw corpus includes more than
50,000 h of fixed CCTV video, extracted images and
short clips, time-stamped sensor readings,
maintenance logs, incident reports, and operator notes.
After alignment, filtering, and preprocessing, the final
dataset contained 235,000 safety-relevant labeled
samples. Approximately 200,000 samples were used
for training, with the remainder used for validation
and testing.

Each sample was annotated by three certified safety
engineers in multiple passes. Labels cover human
factors, equipment states, and environmental
conditions, with severity levels such as warning, high,
and severe. The dataset split is approximately 85%
training, 5% validation, and 10% testing. Class
imbalance is addressed by class-balanced sampling
and loss reweighting, especially for rare but severe
events.

Table 1 Summary of the curated multimodal safety dataset

Description

Category Approx. samples
Person-centric 108,000
Equipment-centric 60,000
Environment-centric 40,000
Critical hazards 27,000
Total labeled samples 235,000

Helmet and harness status, worker activity, falling, climbing, and
restricted-zone location.

Conveyor-belt jam, stuck roller, motor overheating, smoke or fire, and
damaged safety facilities.

Dust, visibility, material spillage, abnormal temperature, and other
environmental conditions.

High-severity samples such as no-helmet events, person falling, visible
fire, and major equipment anomalies.

Aligned multimodal annotations, including image/video evidence,
labels, and severity levels.

Targeted augmentation simulated low-light, glare,
dust, blur, and noise conditions calibrated against real
plant footage. The augmentation ranges were kept
conservative because overly aggressive degradation
can suppress fine visual details and create unrealistic
artifacts. Data augmentation and KG examples are
summarized further in Section S1 of the ESM.

2.4 Model adaptation and long-tail protection

The base model is Qwen2.5-VL-72B (Bai et al.,
2025), adapted for industrial monitoring through a
KG-guided training pipeline. Detected visual entities
are mapped to KG embeddings and serialized as
semantic tokens so that the transformer can attend to
visual, sensor, text, and rule-derived evidence. A
lightweight mixture-of-experts module is used to

expand task capacity efficiently, following the
motivation of sparse expert models and multimodal
MOoE scaling (Fedus et al., 2022; Li et al., 2024).

Low-rank adaptation (LoRA) is applied to the
attention and feed-forward modules while keeping the
backbone weights frozen (Hu et al., 2022).
Instruction-style prompts and risk-level annotations
supervise structured hazard descriptions. After
supervised fine-tuning, safety-aware proximal policy
optimization (PPO) is used to reflect the asymmetric
cost of industrial safety (Schulman et al., 2017). The
reward is defined as

R:a'nex'_,g'Mse\'_y.F’ (1)

where Tsv denotes the number of correctly
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identified severe hazards, M.y denotes the number of
missed severe hazards, and F denotes the number of
false alarms. The penalty coefficient S is set
substantially larger than y because a missed severe
hazard may lead to injury or shutdown-level
consequences, whereas a false alarm mainly causes
operational interruption. At the same time, y remains
nontrivial to prevent excessive high-frequency
alarms.

Domain adaptation uses a domain classifier with
gradient reversal to encourage site-invariant features
(Liu et al., 2019). High-confidence predictions above
7 = 0.95 on unlabeled plant imagery are used as
pseudolabels with perturbation consistency. Few-shot
adaptation is supported by model-agnostic
meta-learning (Arnold et al., 2021). The 72B teacher
is distilled into an 8-bit 7B edge model with
class-balanced sampling and hazard-weighted
distillation so that rare but severe events are not
suppressed by common normal samples. Additional
training and distillation details are provided in
Section S2 of the ESM.

2.5 Deployment and evaluation metrics

The cloud back end runs on Kunpeng CPUs (Xia et
al., 2021) and Ascend Al accelerators (Liao et al.,
2021) with MindSpore. Each edge unit uses an
Ascend NPU module for 8-bit quantized inference
and is connected to local cameras and sensors. Edge
screening runs at millisecond-level latency per
incoming frame. Full student-model analysis is
executed only for triggered event packages, such as

batching conditions.

The evaluation uses the alert response time (ART),
detection rate, miss rate, false alarm rate, and
expert-verified precision. ART is defined as the
interval from hazard onset to alert generation. Hazard
onset was determined from synchronized sensor logs,
video review, or manual observation. For
implementation measurements, we distinguish
frame-level edge screening throughput from full
triggered-package processing time. Detailed latency
decomposition is provided in Table S2 of the ESM.

3 Results
3.1 Field responsiveness

During a two-week field trial on the coal conveyor
line, every triggered event was logged and reviewed.
ART ranged from approximately 5 s to 20 s
depending on hazard complexity. Minor events such
as unauthorized entry were typically detected within
5-10 s. Multistage faults such as conveyor-belt jams
were detected during fault progression before full
escalation.

The legacy monitoring procedure, based on human
watchkeeping and basic sensor alarms, showed
average ART values of approximately 25-30 s. In a
controlled simulation of the legacy small-model
pipeline, thirteen independent detectors were run
sequentially, resulting in approximately 30 s latency.
Under comparable conditions, the proposed dual-tier
system achieved an average ART of 997 s,

key frames or short clips, and typically completes  corresponding to approximately 67.1% faster
within several seconds depending on clip length and  response.
Table 2 Comparison of ART and processing latency
System or case ART/latency Notes
Al-enabled monitoring (field trial) 590 s Two—wee'k live deployment; latency depends on hazard
complexity.

Minor hazards 5-10s Unauthorized entry and similar single-stage events.

Multistage faults 10-20s Conveyor jam progression detected before full escalation.

Legacy monitoring 25-30s Human watchkeeping with basic sensor alarms.

Legacy sequential models ~30s Thirteen specialized detectors executed serially.

Proposed dual-tier system 9.97s Edge screening plus parallel cloud fusion and KG reasoning.

3.2 Hazard detection performance

Detection performance was evaluated on seven
representative hazard categories covering personnel,
equipment, and environmental risks. The proposed

system outperformed the legacy baseline in all
categories (Table 3). For severe human-related
hazards, the miss rate was reduced to 1.3% for
no-helmet violations and 4.8% for mno-harness
violations. For equipment faults, detection rates



exceeded 95% for conveyor-belt jams and motor
faults. False alarm rates remained between 1.6% and

J Zhejiang Univ-Sci A inpress | 5

4.0%, aided by multimodal conflict arbitration and
KG rule constraints.

Table 3 Detection performance across critical hazard categories

. Detection . False alarm Detection Miss
Hazard Severity Miss ours R .
ours ours baseline baseline
No helmet Severe 98.7% 1.3% 2.1% 76.4% 23.6%
No safety harness Severe 95.2% 4.8% 1.9% 70.1% 29.9%
Conveyor-belt jam High 96.8% 3.2% 3.5% 84.3% 15.7%
Motor fault High 95.1% 4.9% 2.8% 85.6% 14.4%
Smoke/flame Medium 91.7% 8.3% 3.1% 74.2% 25.8%
Unauthorized entry High 94.3% 5.7% 1.6% 79.9% 20.1%
Environmental hazard Medium 88.5% 11.5% 4.0% 71.0% 29.0%

A random sample of 130 alerts from 3,652 field
alerts was reviewed by three senior safety engineers.
Expert-confirmed precision reached 90%-100% for
severe “must-fix” hazards and above 95% for
well-represented common hazards such as conveyor
jams. For rare or broadly defined hazards with less
training coverage, the precision was approximately
70%-80%. The expert consensus corresponded to an
average F1 score of approximately 85.3%, consistent
with the test-set results.

Compared with the legacy ensemble, the unified
multimodal model also improves maintainability and
few-shot adaptability. With 20 labeled examples of a
novel hazard, the multimodal model achieved
approximately 90% detection accuracy, whereas a
new small CNN trained from scratch achieved
approximately 50%. At the system level, the proposed
framework replaces thirteen specialized detectors
with one shared model, improves the average
detection accuracy by approximately 16 percentage
points, improves the average recall by approximately
25 percentage points, and produces KG-grounded
evidence packages for review.

4 Discussion

The field results indicate that multimodal evidence,
explicit rule grounding, and hybrid triggering
improve safety monitoring beyond isolated vision
pipelines. The hybrid trigger is important in harsh
industrial scenes: when dust, glare, or occlusion
reduces visual reliability, sensor violations and rule
triggers can still activate cloud reasoning. Conversely,
confidence-aware fusion reduces false alarms by
checking whether isolated sensor spikes are supported
by visual context or safety rules.

The KG contributes not only to risk inference but

also to auditability. Each alert stores timestamps, key
frames or clips, sensor snapshots, matched rules, and
a reasoning path. This evidence package supports
postincident review, responsibility analysis, and
compliance-oriented inspection. In practice, the
system should be regarded as decision support and
alarm prioritization rather than a replacement for
safety = governance because final responsibility
remains with plant operators and safety managers.
Several limitations remain. First, KG coverage and
freshness may affect judgments when plant-specific
standard operating procedures change. Second,
near-miss labels inevitably involve expert subjectivity,
especially when historical logs lack complete context.
Third, the reported latency was obtained with an
on-premises deployment and a dedicated 10 GbE link,
and performance may vary under constrained
networks. Fourth, the current implementation uses a
fixed edge hardware and quantization configuration,
so the throughput-accuracy trade-off may shift on
other platforms. Finally, pseudolabeling and domain
adaptation can introduce confirmation bias if not
periodically checked by human reviewers.

5 Conclusions

This study presented a KG-augmented multimodal
safety monitoring system for coal conveying and
unloading operations in thermal power plants. The
framework combines hybrid triggering, multimodal
fusion, KG reasoning, and a two-tier edge-cloud
architecture to provide fast and traceable alerts under
noisy industrial conditions. In live deployment, the
system reduced median ART to approximately 10 s
with p95 < 20 s and achieved approximately 67%
faster response than a sequential legacy pipeline.

The system generated 3,652 field alerts, and expert
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review confirmed 90%-100% precision for severe
categories. The detection accuracy reached 98.7% for
no-helmet violations, 96.8% for conveyor-belt jams,
95.1% for motor faults, 94.3% for unauthorized entry,
and 91.7% for smoke/flame events. These results
show that KG-augmented multimodal monitoring can

improve both operational responsiveness and
auditability in safety-critical power-plant
environments.

6 Future work

Future work will focus on five directions. First,
broader validation across additional plants and
operating areas is needed to test cross-site
generalization under different layouts, lighting, dust
levels, and safety policies. Second, compound
hazards and causal chains should be modeled more
explicitly, especially when personnel, equipment, and
environmental risks co-occur over time. Third, the
KG should be expanded with schema versioning,
provenance tracking, and collaborative updating to
reflect evolving regulations and site-specific
procedures. Fourth, lighter edge models should be
developed through sparsity, distillation, mixed
precision, and dynamic early-exit strategies while
preserving recall for severe hazards. Finally,
privacy-preserving continual learning,
degraded-mode inference during network or sensor
outages, adversarial robustness, secure audit trails,
and digital-twin stress testing should be investigated
before wider deployment.
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