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Abstract: Objective Industrial safety monitoring often involves rare but high-risk events that exhibit a pronounced long-
tail distribution. In real deployment scenarios, these critical hazard categories occur infrequently, are expensive to anno-
tate at scale, and are often defined by subtle visual cues that must be interpreted together with contextual evidence from the
surrounding scene. As a result, conventional vision-based safety monitoring methods, which typically rely on large anno-
tated datasets and closed-set classification assumptions, often struggle to generalize to unseen hazard categories in practical
industrial environments. Although recent vision-language models have demonstrated strong cross-modal understanding and
reasoning capabilities, their direct application to industrial safety recognition still faces several fundamental challenges.
First, existing models are often insufficiently sensitive to small but decisive local details, such as missing protective equip-

ment, improper operation near machinery, or subtle environmental anomalies. Second, their few-shot adaptation ability is
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unstable when the support examples are limited and the target category has never appeared during training. Third, the gen-
erated reasoning text may not be well aligned with the final decision, which reduces the reliability and interpretability of the
output. Finally, these models may generate fluent but weakly grounded explanations that are not fully supported by the
visual evidence. To address these issues, this study investigates a few-shot industrial risk recognition framework that aims
to improve both generalization to unseen hazard categories and the interpretability , factual consistency, and structural reli-
ability of the decision process. Methods A contextual chain-of-thought driven framework is developed for few-shot indus-
trial safety risk recognition. The proposed method is built on three tightly coupled components. First, a dual-database data
organization strategy is adopted to support different stages of learning. A core chain-of-thought training set is constructed to
teach the model a structured industrial reasoning pattern through observation, analysis, and conclusion-oriented supervi-
sion, while an external few-shot example database is designed to provide task-specific contextual examples for unseen haz-
ard categories. This separation allows the model to learn general reasoning ability from structured supervision and then
apply it to new tasks through contextual adaptation. Second, the model architectureis enhanced by a hierarchical vision
encoder, a semantic consistency classification head, and an active perception with iterative refinement mechanism. The
hierarchical vision encoder fuses shallow, middle, and deep visual features so that both global scene semantics and fine-
grained local details can be utilized during reasoning. The semantic consistency classification head predicts the final risk
label from the semantic representation of the generated reasoning text rather than from an isolated parallel branch, thereby
encouraging the final decision to remain structurally aligned with the explanation. The active perception mechanism allows
the model to trigger local refinement when the initial global observation is insufficient, ambiguous, or affected by clutter,
occlusion, or small target scale, so that difficult samples can receive additional focused inspection on critical regions.
Third, a two-stage training strategy is adopted. In the first stage, structured chain-of-thought supervision is used to inject
an industrial safety reasoning pattern into the model by jointly optimizing reasoning generation, final risk classification,
and image-text semantic grounding. In the second stage, meta-samples composed of contextual examples and a query image
are used to explicitly train in-context generalization, so that the model learns to infer a new risk concept from only a few sup-
port examples rather than relying on memorized category names. A contrastive image-grounding loss is further introduced to
strengthen the factual alignment between visual evidence and generated text, reduce hallucination, and improve the faith-
fulness of the reasoning process. Results Experiments are conducted on a dedicated evaluation protocol for unseen indus-
trial hazard recognition. The core supervised training set contains three common industrial risk categories with structured
reasoning annotations, while the UH-14 benchmark is used to evaluate generalization to 14 unseen hazard categories under
few-shot settings. Quantitative experiments are reported under 1-shot, 3-shot, and 5-shot settings. Under the 3-shot setting
on UH-14, the proposed method achieves an F1-score of 68. 56%, outperforming ChatCH-SFT by 12. 81 percentage points
over its 55. 75% result. The F2-score improves from 57. 83% to 70. 81%, and recall reaches 72. 40%, indicating a sub-
stantially stronger ability to reduce missed detections in safety-critical scenarios where recall is particularly important.
Under the 1-shot setting, the proposed model still achieves an Fl-score of 56.92%, demonstrating that the framework
remains effective even when only a single support example is available for each unseen class. Under the 5-shot setting, the
model reaches an Fl-score of 74. 49% and an F2-score of 76. 27%, showing that the method can continue to benefit from
additional contextual examples. Ablation experiments further verify the contribution of the major components. Removing
the contextual learning stage causes a significant drop in performance, with the F1-score decreasing by 19. 72 percentage
points and the F2-score decreasing by 19. 51 percentage points, which confirms that explicit contextual generalization train-
ing is central to the framework. Removing the chain-of-thought learning stage also leads to clear degradation, with the F1-
score and F2-score dropping by 4. 76 and 5. 42 percentage points, respectively, indicating that structured reasoning super-
vision provides an important foundation for downstream few-shot transfer. Additional analyses show that the proposed
design is beneficial not only for recognition accuracy but also for improving explanation consistency and strengthening the
robustness of decisions on visually complex or ambiguous samples. Conclusion The proposed framework improves few-shot
recognition of unseen industrial risk categories while providing a more interpretable, structurally consistent, and visually
grounded decision process. By coupling contextual learning, hierarchical visual perception, semantic consistency con-

straints, and conditional iterative refinement, the method is particularly suitable for industrial safety scenarios character-
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ized by long-tail hazards, scarce annotations, strong dependence on contextual cues, and strict recall requirements. The

framework does not merely improve classification performance; it also strengthens the factual reliability and logical coher-

ence of generated explanations, which is important for human verification, expert review, and practical safety deployment

in real industrial environments. In this sense, the study contributes not only a recognition model, but also a pathway

toward more trustworthy multimodal reasoning for safety-critical applications. At the same time, the current study is still

mainly focused on static-image scenarios. Future work may extend the method toward video-based temporal reasoning,

deployment-oriented efficiency optimization, larger-scale open-category evaluation protocols, and more systematic construc-

tion of industrial reasoning data, so as to further improve practical applicability in real-world safety monitoring systems.

Key words: Danger warning; Visual language model; Multimodal feature fusion; Context learning; Few-Shot Learning
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-—-image data---

image path: "/data/images/worker with_construction
machinery 001.jpg",
- label: [0, 0, 1](FRRfEM),
”"l: description: " [M1Z] EF 2. (9] FREARARY.. (4
b =N it] L EORBETRERS. .
image scene_type: "R IEIL NG,

---few-shot prompt--—-
{"image": "/data/images/construction machinery_ 045",
"description”: " [SRZR] ... [9#r] ... (&3] ...},
{"image": "/data/images/construction machinery 012.jpg",

"description": "WIZE] ... [9HR] ... [&&3L) ..}

-—-Role-—

RE—AEBI+ET NG EELRNREM,. RLEWHE (HSE) TR, MNESRIRAENER, RIBENR
2R, (RODHAAE, BN, FETIHMOINHE, SR ERNRELTESE. H8E (ME) - (947] -
[&3e) BB, RE—HTUNSITRE, HAHRRNFIELER. "

DEE ETXRIER

---Role---

biis HET UG EEZNMNZREBE,. RE5FE (HSE) ¥R, MNESRINETE
BER, RBENRSNM, ROSHUAE, BN, FRTFFBOMRIEE, B+ BRI
UG SE. BEE MR - (5] - [Eie] N8, RE—MTUNIRRE, HAHREN
[HIEfER. "

---Message-—-

S [Examlpe imagel] [WZ] .. [DiF] ... [&L] ...
[Example image2] [MZ] ... [HiF] ... [&L] ...
[Current Image] [YIZ%] ... [9R] ...

Label: [£i£] ...
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Fig. 1 Illustration of the core annotated dataset and the few-

shot example dataset
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Fig. 2 Structure of COCOT model
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Fig.3 Two-stage training and inference pipeline of the model
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