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Abstract: Objective The primary objective of construction site hazard identification is to elevate the safety management
standards within operational construction environments substantially by leveraging advanced automation technologies. In
recent years, the pervasive adoption of large language models (LLMs) has opened new avenues for research in this critical
domain. The overarching goal is to mitigate human error, enhance detection efficiency, and proactively prevent accidents

through intelligent systems capable of interpreting complex visual and textual data from construction sites. A meticulous
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analysis of the current research landscape, based on LLMs, reveals that existing methodologies can be broadly classified
into two distinct categories, each presenting its respective set of advantages and limitations. The first approach leverages
the capability of image-text matching to perform collaborative reasoning by integrating visual input with textual hazard
descriptions. The second method involves constructing domain-specific datasets to fine-tune large models through instruc-
tion tuning or guide them via multiturn dialogues. The former enhances the alignment between images and semantic repre-
sentations through multimodal fusion yet exhibits limitations in capturing complex hazard characteristics. The latter
strengthens the model’ s analytical depth with domain knowledge infusion but suffers from high training costs and poor gen-
eralizability. Method This study addresses these limitations by proposing a risk-detection, retrieval-augmented generation
hazard identification method that dynamically integrates external knowledge bases with retrieved case contexts through
prompt tuning, thereby resolving misjudgments caused by LLMs’ lack of domain knowledge and weakened feature associa-
tions. The proposed architecture is systematically structured into three cohesive and interdependent core modules, each
serving a distinct and vital function: The first module is the retrieval database module. It serves as the external knowledge
repository, populated with a comprehensive collection of historical construction hazard cases. Each entry within this data-
base is a rich, multimodal data object comprising visual data (images) and its corresponding textual annotation, which
includes a detailed description of the hazard type, its location, and contextual information. The integrity, diversity, and
relevance of this database are paramount because it forms the foundational knowledge source for the entire system. The sec-
ond module is the image similarity retrieval module. This component is responsible for the efficient and accurate retrieval of
the most relevant cases from the database, given a new query image from a construction site. At the heart of this module is
a powerful vision-language model, specifically the contrastive language-image pretraining (CLIP) model. CLIP excels at
mapping images and text into a shared, high-dimensional semantic embedding space. When a new query image is pro-
cessed, it is encoded into an embedding vector. Then, this vector is compared against the precomputed embeddings of all
images in the retrieval database using a similarity metric. The top-K most semantically similar cases are retrieved, thereby
ensuring that the subsequent reasoning steps are informed by visually and contextually analogous examples. The third mod-
ule is the LLM retrieval-augmentation reasoning module, which is the central reasoning engine. The retrieved similar cases
(both their images and text) are formatted into a structured prompt, thereby providing the LLM (e. g. , GLM-4V) with a
critical few-shot learning context. This prompt, which also includes the query image, guides the LLM to perform in-context
learning. This entire framework operates in a training-free manner for the LLM itself. Thus, no additional fine-tuning is
required, thereby guaranteeing efficiency, reducing computational overhead, and enhancing scalability and ease of deploy-
ment. Result A rigorous empirical evaluation was conducted to validate the efficacy of the proposed framework. Experi-
ments were systematically performed using authentic, real-world construction site data, encompassing various hazard sce-
narios and environmental conditions. The framework was subjected to comprehensive testing and systematic assessment
across multiple state-of-the-art large language models to ensure the robustness and general applicability of the approach.
The results were highly promising and demonstrated a substantial quantitative improvement. When integrated with the
GLM-4V model, the retrieval-augmentation framework achieved a recognition accuracy of 50%. This value represents a sig-
nificant and remarkable improvement of 35.49% over the baseline performance of the vanilla GLM-4V model without
retrieval augmentation. Beyond this aggregate metric, a detailed category-wise analysis revealed consistent performance
gains across a majority of individual hazard types. This finding indicates that the method enhances the model’ s capability
universally rather than being biased toward a specific hazard category. Furthermore, ablation studies were designed, and
the LPIPS algorithm was introduced to compare it with the CLIP algorithm used in the image similarity retrieval module.
Results demonstrated the clear superiority of the CLIP-based semantic retrieval strategy over the LPIPS-based perceptual
strategy in this specific task. Conclusion As proposed in this paper, the retrieval-augmented method based on similar

cases delivers a significant breakthrough in automated construction site safety monitoring. It tangibly and markedly

enhances the key performance indicators of LLMs namely, accuracy and contextual understanding ability in the
complex task of hazard identification. The framework demonstrates robust generalization performance across a wide spec-
trum of multicategory hazard scenarios, thereby effectively addressing the core limitations of previous approaches related to

training cost and adaptability. The training-free nature of the approach makes it particularly attractive for real-world deploy-
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ment, thereby offering a scalable and sustainable solution for enhancing on-site safety protocols.

Key words: large language model (LLM) ; risk detection; multimodal recognition; retrieval enhancement generation ;

prompt fine-tuning
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Retrieval-augmented method based on similar cases
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3) TF-IDF Similarity (Jain 45 ,2024) . %4845 H
T A OO O L SE A I C AR G 1) )2 1T Y
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document frequency ) [ 1 7R I SO, IF TR DX
ARBLEE | FAG 38 1 O B 5 i U T ) DC T 2
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N AT R S B
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3) DeepSeek-VL2 £ DeepSeek Al B\ T & 1Y £ 45
AR FE, LETIE SRS MRERS S5
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Fig. 3 Evaluation data for prompt comparison
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B 7k, VE R Base X REZH . FLUR A A 50 5 k1

XTHEZ, FE A prompt 3 11 H B8 il IE 4k 5 (chain-of-
thought, COT) (Miao %5 ,2024) #EA 75| 5, BIE R KA
R e e BEA MG e (R R R H AR, BT
H AR T B 8 20 R A T, LA R A 5 | %
BERVHE R BE ) 1 $e AHRCR . BT, >R T RDRAG HE
AR DNZE 91 P25 v B B 5 R A PG ORE L B e v T 2461
IERE AR B 1R SOfF B AR, DLPPAl A6 &R
Bty AR P RE AR E . S BR2h SR an
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Table 1 Experimental results data

i el WEWI%/%  BERT  TF-IDF
GLM-4V 1451 69.95 3.17
Base GPT-40 53.54 71.67 5.75
DeepSeek-VI.2 14.91 68.15 2.34
GLM-4V 17.28 70.09 3.68
CcoT GPT-40 55.08 71.30 4.64
DeepSeek-VL2 12.11 66.87 2.33

GLM-4V 50.00 77.51 11.83
RDRAG GPT-40 59.09 73.81 6.40
DeepSeek-VL2 36.53 72.25 6.86
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R T VA MG AR A B K AR R 1 A5 350PE , LA K
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SEHE T AL . SRR, B e RS B R AR A
JERG AL, IR FH MG 28 A, B IAAG: 28 42 it
PUIH IR ZE B4 R BN b SO A B AR R LA
 Base 21 ; $2 , FH 27 21 BN MR B AR LU (learned
perceptual image patch similarity , LPIPS ) 5.7 % 4t [¥]
AR BE R R e b 5 CLIP B, LI 0 F 8 &
AFARLE Fo s A PR, F 8 LPIPS 21 . LPIPS J&—Fh ik
FURBE 27 > 1 A i ELAGORE DL B F8 A , 5 8 Ry ¥ J
HUARRLYE | SC T4y 45 , o e R I8 2 54T 55
AT 3 B R B, H R[] T CLIP, LPIPS LSS fiE
71, Rtk = EURTE LN AR RE ) . SEgm g R
mFE 2R,

AT H AT, A E AN R 455 1) KR ML X
BEALPE g iy 52 2 3 PP 2 B KA F BLALG] A
RDRAG Ji P-4 48 A5 A fir $2 74, b, GLM-4V Al
DeepSeek-VL2 $& TH30 K 4 0 B3, T0i8 J2& LPIPS if
J& CLIP B FH7ER RBP4 & T 2 S RIE S
BEHY LA BE T, 8 B 3 7R 27 2] i ok A Ak AL 11 |
NOCHERE T, R T RUE R R S
ek, 2) CLIP J5 ¥ A R0k - A8 LT 1 ] CLIP 1
RDRAG 41, i H LPIPS %) 52 50 41 Xt Z2 158 28 Ko 5 1
AU SRR NS B I, L 2 7E GPT-4o B - 1 Aff
KRBT TR, UL LPIPS BORTE A U 55
BABIF0RN, B i T RS AR BIRE ) 78

R2 HEXIWER
Table 2 Ablation analysis results

] Tk WEWi%/%  BERT  TF-IDF

RDRAG 50.00 77.51  11.83

GLM-4V LPIPS 43.64 77.11 9.63
Base 37.73 76.49 6.66

RDRAG 59.09 73.81 6.40

GPT-40 LPIPS 42.92 74.18 7.3
Base 59.09 73.01 6.26

RDRAG 36.53 72.25 6.86

DeepSeek-VL2  LPIPS 27.85 70.44 4.85
Base 24.20 70.17 3.31

P PG EARRIE L, CLIP 2 3 A S e
4.7 RS

R FEASCHE ) RDRAG J5 %) S 25 i
IR A R R RURIAE 55 R R R T A AL L A
GLM-4V A5 35 R 5], 43 590 %o 5040 46 v 15 4 B R 2 51
BT T RGEVHE . ARG TR AE S| A RDRAG
B J5 S [7) 24 3] Category Accuracy B | i o 5 7
IIAT, TG FL M RDRAG J5 v5 76 /D BEAR 28 51l v e 81
(R 28, SER BRI 3 FTom o i R A S M AS TH]

R3 FREZEFEEHRITLL

Table 3 Per-class accuracy benchmarking

e RES BB N B Base/% RDRAG/%
1 RALRE RSO 2 M 4 0.00 33.33
2 I AAEME AT % 4 15 46.00 33.33
3 T LR R R s 3 A 30 26.00 60.00
4 AR B 1 KBS T B 1R it 46 20 0.00 50.00
5 WG W5 48 A5 e W PP it B e AR B A R 25 32.00 23.53
6 PG WAP BOE BRAR B AR AL 25 12.00 64.71
7 T o P S AL T 22 2R P 0L T 22 o BRI R 25 0.00 58.82
8 REM MM TR ETME RBAIATE 30 0.00 70.00
9 TG PR A B 12 66.67 12.50
10 TR AEAAG IR B A 6 33.33 0.00
11 ARAT I U BB b A ol BN R 28 0.00 31.58
12 YAERBR SRR B B R 20 55.00 35.71
13 RREEEIIAE K KA T B S R F e AT R A4 25 0.00 23.53
14 ANFEE =G A G FAR S — Bl — 0l — T — 48 2R 30 0.00 60.00
15 FL AR A0 B BB B AN A 30 0.00 65.00
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