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ARTICLE INFO ABSTRACT

Communicated by D. Liu Safety compliance in high-risk industrial domains such as construction and mining remains a persistent challenge
due to the complex interaction of workers, heavy machinery, and complex site conditions. Conventional com-
puter vision methods can detect objects or classify activities but often lack the semantic reasoning needed for

Iégtﬁiﬁnguag e models (VLMs) comprehensive safety assessment. This paper presents SafeVision, a unified vision-language framework for real-
Safety monitoring time, context-aware safety assessment. SafeVision integrates a frozen CLIP-ViT encoder with two complementary
Scene understanding reasoning modules: the Scene-Aware Reasoner (SAR) for global environmental context understanding and Region-
Personal protective equipment (PPE) Focused Neural Reasoner (ReFiNER) for region-level safety compliance verification. A task-conditioned visual
compliance question answering component further enables natural language queries regarding hazards, personal protective
Hazard detection equipment (PPE) usage, and operational conditions. To support deployment on resource-constrained platforms,

SafeVision employs parameter-efficient Low-Rank Adaptation (LoRA), ensuring scalability without loss of in-
terpretability. Experiments on a custom multimodal dataset of 10,000 annotated images demonstrate strong
performance across multiple tasks, with SAR reaching 87.4 % accuracy in scene classification and the VQA com-
ponent achieving BLEU-4 of 83.2 %, F1 of 84.6 %, Exact Match of 80.3 %, and METEOR of 82.5 %. Qualitative
findings illustrate effective alignment between global scene understanding and localized reasoning, underscor-
ing the potential of SafeVision for proactive safety monitoring in industrial environments. The source code and
dataset are available at: https://github.com/Murtazaabidil/SafeVision-Vision-Language-Reasoning-for-Context-
Aware-Safety-Monitoring.

1. Introduction and task-adaptive reasoning system [6-8]. By coupling vision encoders
with large language models, VLMs enable natural language outputs that
can contextualize visual findings in ways understandable to humans; for
example, “the worker operating the excavator is not wearing gloves.”
This interpretability bridges the gap between detection and decision-
making, fostering transparency and accountability [9,10]. However,
deploying general-purpose VLMs for safety monitoring introduces sev-
eral challenges [11]. First, safety monitoring requires multi-level rea-
soning that includes global situational awareness to understand the
site type, hazards, and local precision to verify PPE compliance or
unsafe behaviors. Second, deployment on UxVs requires lightweight,
parameter-efficient models that operate in real-time on edge devices
with limited computing resources. Third, safety tasks are inherently
heterogeneous, encompassing scene classification, region-level analy-
sis, and visual question answering (VQA), which generic VLMs cannot
simultaneously handle within a unified framework [12].

To address these gaps, we propose SafeVision, a vision-language
system tailored for real-time safety monitoring on UxV platforms.

Ensuring safety in high-risk industrial environments such as con-
struction sites, mining operations, and energy facilities remains one of
the critical and persistent challenges [1]. Despite the implementation
of strict regulations and mandatory protective equipment policies, acci-
dents continue to occur, often caused by lapses in personal protective
equipment (PPE) compliance, unsafe worker behaviors, or overlooked
hazards in dynamic and cluttered environments [2]. Conventional mon-
itoring solutions rely on computer vision pipelines that detect isolated
safety elements, such as helmets, gloves, or safety jackets, using object
detection or scene classification models [3,4]. While these systems have
contributed to raising safety awareness, their capabilities remain nar-
row, fragmented, and limited to single tasks. They often lack contextual
reasoning, struggle under occlusion or low illumination, and produce
outputs that are precise but difficult for safety managers to interpret in
real-time [4,5].

The advent of vision-language models (VLMs) represents a paradigm
shift from perception-driven detection toward a holistic, interpretable,
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SafeVision integrates two complementary reasoning modules: the Scene-
Aware Reasoner (SAR), which captures global layout and semantics,
& Region-Focused Neural Reasoner (ReFiNER), which focuses on fine-
grained PPE and hazard verification [13]. These features are fused
through a cross-modal adapter and aligned with a large language
model for multimodal reasoning. A task formatter uses explicit tokens
[scene], [region], [vqa] to disambiguate task intent, while parameter-
efficient Low-Rank Adaptation (LoRA) ensures the language model to
adapt the safety-specific semantics without retraining the vision back-
bone. The outcome is a lightweight yet robust system that generates
grounded, human-readable outputs for real-time hazard prevention and
post-incident auditing.
The key contributions of this paper are summarized below:

Dual-path global and region-level reasoning: A unified VLM pipeline
that couples a frozen CLIP-ViT encoder with two complementary rea-
soning modules to jointly capture global scene context and localized
safety-critical details.

Token-conditioned multi-task control: A task-conditioned mecha-
nism using explicit control tokens to enable seamless execution of
scene classification, region-level PPE compliance verification, and
visual question answering within a single framework.

A lightweight adaptation strategy using LoRA and a cross-modal
adapter, reducing trainable parameters while maintaining inter-
pretability and real-time performance suitable for deployment on
resource-constrained UxV platforms.

The remainder of this paper is structured as follows. Section 2
reviews existing literature. Section 3 introduces the proposed method-
ology. Section 4 describes the experimental setup. Section 5 presents
and discusses the results. Section 6 provides an ablation study. Finally,
Section 7 concludes the paper.

2. Literature review

The proposed SafeVision framework draws upon advancements
across three interrelated research domains: conventional safety mon-
itoring systems, vision-language models (VLMs) for hazard detection,
and recent VLM-based systems for workplace compliance. Each line of
research provides valuable insights, yet also exhibits specific limitations
that motivate the design of a unified, robust, and interpretable safety
framework for industrial settings.

2.1. Conventional safety monitoring systems

Traditional safety monitoring approaches have relied heavily on
sensor-based technologies such as RFID, Zigbee, and GPS to track worker
locations or verify PPE compliance [14,15]. While effective in controlled
environments, these methods require substantial infrastructure and are
difficult to scale across heterogeneous worksites. The advent of com-
puter vision enabled the deployment of object detection models e.g.,
Faster R-CNN and YOLO for tasks like helmet detection, posture recogni-
tion, and PPE verification [16,17]. Although these models demonstrated
strong detection accuracy, they were typically designed as single-task
systems with limited adaptability to complex, cluttered environments
and lacked explainability [18]. Consequently, they fell short in deliv-
ering comprehensive and interpretable safety assessments in dynamic
industrial settings.

2.2. VLMs for hazard detection

The integration of vision and language has enhanced safety systems
by extending their capabilities beyond visual detection to explana-
tory reasoning and contextual understanding [19,20]. In the context
of autonomous driving, HazardVLM was proposed as a lightweight
video-language model capable of real-time hazard description [6,21].
By employing adaptive frame sampling and a task-specific tokenizer, it
reduced computational overhead and minimized hallucinations, improv-
ing descriptive accuracy under dynamic conditions [22]. However, these
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models remain highly task-specific, primarily designed for road envi-
ronments, and lack generalization to broader industrial domains where
environmental hazards and safety contexts differ significantly [23,24].

Recent work has highlighted vulnerabilities in vision-language ac-
tion systems deployed in safety-critical robotics. Wang et al. [25] demon-
strate that semantic adversarial patches and trajectory-aware attacks can
reduce task success rates by up to 100 %, exposing the risks of directly
coupling perception and language to actions. Cheng et al. [26] further
show that physical adversarial perturbations can degrade monocular
depth estimation, underscoring the need for hazard-aware perception
to incorporate robustness against real-world adversarial threats.

2.3. VLMs for workplace safety compliance

Domain-specific adaptations of VLMs have recently been explored
for compliance tasks such as PPE verification and hazard captioning.
For instance, Clip2Safety [6] leverages visual prompts and scene recog-
nition for verifying safety gear usage in varied workplace contexts.
Similarly, CLIP-based methods [38-42] and fine-tuned variants such
as CLIP-LLaVA [43,44] demonstrate potential in hazard description
and compliance reporting. Despite their promise, these models face
notable limitations: many operate only on static images, neglecting tem-
poral dynamics; others depend on large pretrained backbones, limiting
their deployment on resource-constrained platforms. Furthermore, most
lack modular reasoning pipelines that integrate both global situational
awareness and localized hazard detection [45,46].

Sun et al. [47] introduce FAST, a general-purpose visual agent that
integrates fast (System 1) and slow (System 2) reasoning through a
switch adapter and a chain-of-evidence pipeline. While not explicitly
designed for safety-critical tasks, FAST performs robust hierarchical rea-
soning over image, region, and pixel-level cues. Its separation of global
context and localized evidence aligns conceptually with our dual-path
architecture.

2.4. Research gap and positioning of SafeVision

Across conventional and VLM-based approaches, three key research
gaps emerge. First, most existing models are narrowly scoped focus-
ing either on hazard recognition or compliance checking, but rarely
integrating both. Second, many vision-language systems are computa-
tionally intensive, posing challenges for real-time deployment on UAVs
and other edge-constrained platforms. Third, there is a lack of unified
frameworks capable of combining global scene understanding, localized
hazard detection, and task-conditioned reasoning into a single coherent
system.

At the same time, robustness-oriented studies on VLA systems and
depth estimation [25,26] indicate that safety-critical perception must be
evaluated not only for accuracy but also for vulnerability to adversarial
perturbations. Existing workplace safety VLMs rarely consider these at-
tack surfaces, leaving a gap between robust robotic safety analysis and
PPE-focused compliance checking.

As summarized in Table 1, prior approaches span a diverse range
of paradigms, including classical computer vision pipelines augmented
with large language models (LLMs), captioning-based vision-language
models (VLMs), and domain-specific models tailored for personal pro-
tective equipment (PPE) compliance. While each of these systems con-
tributes useful capabilities, none simultaneously achieves (i) dual-path
reasoning that integrates global scene understanding with localized re-
gion analysis, (ii) token-conditioned, multi-task control across scene
description, region-level inference, and visual question answering, and
(iii) parameter-efficient adaptability suitable for real-time deployment
on uncrewed vehicles (UxVs). As indicated in the final row of the
comparison table, SafeVision uniquely combines all three capabilities
within a unified framework. By addressing these gaps, SafeVision of-
fers a lightweight yet interpretable architecture designed specifically for
high-risk industrial environments, enabling robust hazard detection and



S.M.H. Abidi, S.M. Raza and S.Y. Shin

Neurocomputing 669 (2026) 132479

Table 1
Comparative Overview of Vision-Language Models for safety monitoring systems, their Applications, and functional modules.

VLM model Application Year Img. Cap. Scene Visual QA

Classical CNN encoder + EKF-aided localization UAV-UGV cooperative mapping & material mapping (Shepherd AR 2022 v

[27] plugin)

BERT + BiGRU + Self-attention + Siamese answer- Automated Q&A system to generate and match safety-hazard 2023 v

selection [28] management measures on construction sites

Hierarchical planner + classical vision (no language Monocular downward-facing UAV inspection for dynamic obstacle 2023 v

model) [29] avoidance & scene classification

Vision Transformer (ViT) [30] Converting construction-site images into semantic process/safety 2024 v v
descriptions

ChatGPT + CV modules [31] Auto-generated daily construction management reports from video 2024 v

YOLOvV5 + GPT-3 [32] Automated detection/assessment of indoor building defects 2024 v

X3D + Transformer video-to-text with BPE Real-time hazard description for Automated Driving Systems (ADS) 2024 v

tokenizer & adaptive optical-flow [33]

Deep Learning-based vision-language query system AR-augmented safety monitoring & real-time hazard queries on 2024 v v

(CNN + LLM prompts) [34] construction sites

MiniGPT-v2 style VLM: EVA ViT backbone + Head-mounted AR & handheld drones for postural ergonomic risk IC 2024 v v

LLaMA2-7B LLM & VQA

HazardVLM: Video Language Model (X3D encoder Real-time hazard description for Automated Driving Systems (video- 2024 v

+ Transformer decoder) [33] to-text)

CLIP-based VLM [6] Fine-grained PPE compliance detection in varied workplace 2025 v v
environments

CLIP-based VLM w/ prefix tuning [35] Automated safety-inspection reporting via contrastive learning + 2025 v
attention

Domain-tailored CLIP VLM [36] Real-time safety compliance monitoring with ontology-enhanced 2025 v
reasoning

LoRA-fine-tuned CLIP ViT + LLaVA-1.5 [37] Static/robot-mounted cameras on construction sites; automated 2025 v v
hazard captioning & classification

SafeVision (ours) Unified context-aware safety monitoring on UxVs: joint scene 2025 v v v

classification, region-level PPE/machinery reasoning, and safety VQA
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Fig. 1. An overview of SafeVision a multi-task safety monitoring framework. A CLIP-ViT encoder extracts global scene embeddings via SAR (V) and region-specific
features via ReFINER (Vg ringr)> Which are fused and projected via an MLP Adapter (V). Task-specific prompts (7,,,) from annotations are fed along with vision

features into a Flan-T5-base LLM. The system performs scene classification, region-level reasoning, and visual question answering (VQA). Final outputs (Y

grounded labels and natural language safety feedback.

safety compliance monitoring through integrated hierarchical reasoning
and cross-modal alignment (Fig. 1).

3. Proposed methodology
3.1. Overall system

The proposed SafeVision framework integrates visual and textual pro-
cessing components in a unified pipeline for safety monitoring across
complex industrial scenes. The system takes as input an RGB image and
its corresponding structured annotations, including scene labels, region-
level bounding boxes, and task-specific queries. These inputs are first
processed by a frozen CLIP-ViT(L-14) encoder to extract dense visual
features at the patch level. The visual embeddings are simultaneously

roj
) include

output

routed into two specialized modules: the Scene-Aware Reasoner (SAR),
which captures global semantic context, and Region-Focused Neural
Reasoner (ReFiNER), which attends to localized region-specific cues.
The outputs from SAR and ReFiNER are fused and projected into the
language space via an MLP Adapter.

Concurrently, the task formatter constructs a task-guided textual
prompt from the scene and region annotations, prepending appropri-
ate task tokens ([scene], [region], [vgal). Both the visual projection and
task prompt are then passed to a Flan-T5-base [48] language model,
which has been fine-tuned using LoRA to support efficient multi-modal
reasoning. The LLM fuses the cross-modal information and generates
the final response, which may include scene classification, visual ques-
tion answering, or spatially grounded descriptions. The entire system
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is designed for modularity, parameter efficiency, and alignment with
safety-critical environments.

3.2. SafeVision architecture

The SafeVision architecture consists of four primary components:
Task Tokens, Visual Backbone, MLP Cross-Modal Adapter, and Large
Language Model (LLM) integrated into a unified pipeline designed
for safety-critical visual reasoning tasks, including scene classification,
visual question answering, and region-level detection.

3.2.1. Visual encoder

A frozen CLIP-ViT (L-14) encoder [49], pretrained at a resolution of
504 x 504, has been repurposed for the safety monitoring. To accom-
modate higher-resolution inputs the positional embeddings have been
interpolated, resulting in an increased patch count from 576 to 1296.
This adaptation enhances the model’s sensitivity to fine-grained safety
hazards, such as small chemical spills or missing PPE.

3.2.2. Scene-Aware Reasoner (SAR)

The Scene-Aware Reasoner (SAR) consumes the global feature map
generated by the Vision Encoder and produces a global scene represen-
tation denoted as Vyug € R4, where d is the embedding dimension.
This representation captures high-level contextual semantics such as
the environment type (e.g., construction site, office, indoor) and global
spatial layout. The output V5, enables the model to remain globally
grounded, providing situational context essential for accurate reasoning
in downstream tasks. Formally, the CLIP-ViT encoder outputs a patch-
level feature map X € R¥*P, where N denotes the number of image
patches and D = 1024 is the embedding dimension. SAR applies global
average pooling followed by a linear projection to obtain a single scene
descriptor Vgag € R™?, with d = 1024. This descriptor aggregates
high-level semantics such as site type and coarse spatial layout.

3.2.3. ReFiNER: region-focused neural reasoner

ReFiNER operates on region-specific features derived from the same
CLIP-ViT feature map X € R*P. For each annotated bounding box
by, a binary mask selects the subset of patch tokens falling inside the
box. These tokens are average-pooled to obtain a region embedding
r, € R™P, Stacking all K regions in an image yields R € RKXD,
A lightweight two-layer Transformer encoder refines these embed-
dings and an attention-pooling layer produces a single region summary
Vreringr € R4, This summary emphasizes safety-critical cues such as
worker pose, PPE status, and machinery proximity.

The global and regional descriptors are combined through a gated
fusion operator,

Viused = Vsar @ VReriner: (@]

where @ denotes gated concatenation.

Concretely, [Vsar: Vreringr] € R'*? is first formed by channel-wise
concatenation, and a learnable gate g = 6(W,[Vgag; Vreringrl ) € [0, 114
modulates the relative contribution of global and regional cues:

Viused = 8 © Vsar + (1 — 8) O Viyeriner-

This design matches the “gated fusion” configuration reported in
Table 10.

ReFiNER is trained with a detection-style objective in addition to
language supervision. For each region embedding r,, a linear classifier
predicts the presence of each region label from the taxonomy (worker,
helmet, no_helmet, machinery types, etc.) using a sigmoid cross-entropy
loss. Region scores from this head are used to compute the AP and mAP
metrics reported in Section 5.2. The same region embeddings are also
passed to the LLM via the fused descriptor V.4, linking region-level
predictions to the generated textual answers.
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3.2.4. Pre-processing: task formatter
Each input is prefixed with a unique task-specific token to disam-
biguate the intended operation. The token set is defined as

t € {[scenel, [regionl, [vqal},

corresponding respectively to scene classification, region-level reason-
ing, and spatial grounding tasks. These tokens are prepended to the
textual inputs to guide the LLM behavior and ensure task alignment. For
queries that do not require visual grounding, such as pure text-based
instructions, the prompts are forwarded without visual augmentation.
The task formatter module aggregates scene-level annotations A,
region-level descriptions A,,,, and the user query Q into a unified
task-oriented prompt:

Tprompl = WTF(t’ Ascene’ Aregion’ Q) (2)

where y denotes the formatting function that maps task type 7 and
input components into a structured textual representation T, used
by the LLM.

Task tokens are prepended at the beginning of the textual prompt.
Three representative formats are:

« Scene
image?
Region query with bounding box: [region] bbox = (x1, yi,
x2, y2). Is the worker wearing a helmet?

VQA-style safety query:

wearing gloves?

query: [scene] What type of site is shown in the

[vqa] How many workers are not

Bounding boxes are linearized as normalized coordinates (x;, y;, X,, ¥,)
in image space and embedded as plain text inside the prompt. During
training, scene labels and region annotations from the dataset are in-
jected into such templates to form supervision signals for all three
tasks.

3.2.5. MLP cross-modal adapter

The adapter transforms the frozen CLIP-ViT (L-14) [49] visual fea-
tures X € RNX102% where N = 1296 denotes the number of image
patches for 504x504 inputs with patch size 14, into the Flan-T5 embed-
ding space R!924, It consists of a two-layer MLP with GeLU activation:

H=GelU (XW," +b,), Z=HW, +b,,
where

« W, € RIOXIZ T e R4% project each 1024-dimensional CLIP
token into a 4096-dimensional hidden representation;

« GeLU(-) introduces nonlinearity and smooth gradient flow;

o W, € RI02940% 1, ¢ R1924 map the hidden representation back to
the 1024-dimensional space expected by the Flan-T5 encoder.

All adapter parameters { W, W,,b,,b,} remain trainable, while the
CLIP-ViT encoder is kept frozen. The resulting representations Z &
RNX1024 are pooled into a single visual descriptor and integrated with
the SAR and ReFiNER outputs before being injected into the language
model.

Let Vgagr, Vreringr € R¥10%* denote the global scene and region-
focused descriptors, respectively. These are fused by channel-wise
concatenation followed by a learned projection:

Viused = [Vsar: Vreringr] € R1X2048, 3)

mej = ¢MLP (Vfused) ’ (4)

where ¢y p @ RI}2048  RIXI024 jg 3 linear layer that projects the con-
catenated descriptor into the Flan-T5 embedding space. The projected
vector V. is then treated as a single visual token and prepended to
the text token sequence fed to the Flan-T5 encoder, enabling seamless
cross-modal conditioning of the language model on the fused scene and
region information.
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3.2.6. Large language model

The Google/flan-t5-base [48] (LLM), an enhanced variant of the orig-
inal T5 architecture developed by Google Al has served as the core lin-
guistic reasoning component within SafeVision. This open-source model
has been selected for its strong zero-shot generalization capabilities and
compatibility with instruction-tuning protocols.

To encode spatial semantics such as bounding box coordinates,
region-level annotations are converted into natural language descrip-
tions, which are concatenated with task-specific instructions in the
prompt. This combined prompt enables the LLM to generate grounded,
interpretable outputs informed by both visual and textual modalities.

Efficient fine-tuning of the LLM has been achieved through the Low-
Rank Adaptation (LoRA) technique [50], which introduces a set of
low-rank matrices into the attention layers without updating the full
pretrained weight matrices. Specifically, LoRA technique was applied to
the self-attention projections W, W, W,, reducing the number of train-
able parameters while preserving the base model’s linguistic knowledge.
During inference, the LoRA-adapted layers are merged with the original
model to produce a compact and performant reasoning module.

The final output is generated by conditioning the LLM on two inputs:
the projected multimodal features V,,,; from the MLP Adapter, and the
text prompt T},omy constructed by the task Formatter:

Youlput = <I)LLM(Vproj ’ Tprompl) 5)

Here, Y, denotes the model generated response, encompassing both
textual descriptions and grounded reasoning over visual content.

4. Experimental analysis
4.1. Multimodal dataset construction

The proposed dataset consists of approximately 10,000 images,
specifically curated to support three vision-language tasks: scene classi-
fication, region-level annotation, and visual question answering (VQA).
Six scene categories were defined to ensure broad industrial cover-
age: construction site, mining site, outdoor, indoor, garden, and office.
Representative samples of these categories are presented in Fig. 2, which
illustrate diverse scenarios such as on-site safety surveillance, worker be-
havioral assessment, PPE compliance, and heavy equipment operation.
Each category contains approximately 2500 annotated images, yielding
a balanced dataset across task dimensions.

At the region level, annotations capture safety-critical entities, in-
cluding workers; PPE such as helmets, gloves, and safety jackets; and

Personal Protective Equipment (PPE) Compliance
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construction machinery and tools. The frequency distribution of an-
notated region categories is summarized in Table 2, highlighting the
diversity and richness of localized safety cues represented in the dataset.
These fine-grained annotations are essential for enabling region-level
reasoning tasks such as PPE compliance detection and machinery hazard
identification.

In addition to scene and region labels, the dataset incorporates VQA
pairs designed to enhance multimodal reasoning capabilities. Two dis-
tinct types of VQA annotations are included. The first type addresses
global scene understanding, with questions such as “What is the scene
shown in this image?” and answers like construction_site or office.
The second type targets safety compliance, focusing on worker con-
ditions and hazard risks, for example: “Is there any worker lacking
safety gear?” or “How many workers are missing helmets?” These VQA
pairs enable the dataset to support both descriptive reasoning and
compliance-focused assessments.

All images were collected from open-source repositories and manu-
ally annotated using the Label Studio tool. By combining diverse visual
scenes with structured multimodal annotations, the dataset provides
a unified benchmark for evaluating models across scene classifica-
tion, region-level safety monitoring, and vision-language reasoning.
Together with the representative categories shown in Fig. 2, the dataset
establishes a foundation for advancing interpretable, real-time safety
monitoring in high-risk industrial domains.

Label taxonomy and definitions
Scene labels. Six mutually exclusive scene categories are defined:

construction_site: outdoor areas where active construction is taking
place, typically containing scaffolding, heavy machinery, materials,
and workers in PPE.

mining site: open-pit or underground mining environments with haul
trucks, loaders, excavators, stockpiles, or ore-processing infrastruc-
ture.

outdoor: non-construction outdoor environments around industrial
facilities (e.g., yards, parking areas, site perimeters) without active
construction or mining.

indoor: generic indoor spaces within industrial plants, warehouses,
or corridors that are not dedicated office areas.

garden: landscaped or green areas on or near industrial campuses,
including grass, trees, and planted zones.

Heavy Equipment and Site Operations

Fig. 2. Sample categories from the constructed safety dataset. The dataset comprises four primary classes: (a) On-site safety surveillance, (b) Worker behavioral
assessment, (c) Personal Protective Equipment (PPE) Compliance, and (d) Heavy Equipment and Site Operations. Each category contains approximately 2,500
annotated images, with multi-task labels supporting scene classification, region-level detection, and question—answer pairs for visual question answering (VQA). This
design enables comprehensive benchmarking across global scene understanding, localized hazard identification, and context-aware reasoning tasks.
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Table 2

Dataset Frequencies and Distributions. Region-based labels rep-
resent annotated entities and their occurrence counts, while
scene-based labels denote the number of images per category.

Region-based Labels Scene-based Labels

Region Frequency Scene Images
Worker 9084 Construction Site 3585
Helmet 3168 Mining Site 2555
No_helmet 2500 Outdoor 613
Gloves 1555 Indoor 473
No_gloves 2748 Garden 251
Jacket 2542 Office 85
No_jacket 2445 -

Dumper 2083 -

Loader 1333 -

Excavator 971 -

Truck 557 -

Crane 137 -

Vehicle 332 -

Ladder 166 -

« office: administrative indoor environments with desks, computers,
and office furniture, where workers primarily perform desk-based
tasks.

Region labels. Region annotations are defined over bounding boxes and
capture workers, PPE, and machinery:

worker: A human subject engaged in or present near industrial
activities.

helmet / no_helmet: the presence or absence of a safety helmet on
a worker’s head. The no_helmet label is assigned when a worker is
visible and no helmet is worn.

gloves / no_gloves: the presence or absence of protective gloves on a
worker’s hands.

jacket / no_jacket: the presence or absence of high-visibility or
protective safety jackets.

dumper, loader, excavator, truck, crane, vehicle: heavy machinery and
vehicles commonly found on sites, each annotated with a bounding
box around the full machine.

ladder: portable or fixed ladders used to access elevated work areas.

Each region label is attached to an individual bounding box, and mul-
tiple labels may co-occur for a single worker (e.g., worker + helmet +
gloves).

Train/Validation/Test splits

The images were sourced from publicly available collections hosted
on platforms such as Kaggle and Roboflow. Because many scenes contain
workers in close proximity to heavy machinery, identity protection is
critical. Prior to public release, visible faces will be blurred or otherwise
anonymized using a semi-automatic pipeline followed by manual inspec-
tion. The dataset captures real-world industrial activities and therefore
involves potential ethical risks related to worker privacy and the down-
stream use of automated safety assessments. To mitigate these risks,
annotations focus on safety-relevant categories (workers, PPE, machin-
ery) rather than personal attributes. The dataset is partitioned into
disjoint train, validation, and test splits using an 80/10/10 ratio mea-
sured at the image level. To reduce scene leakage, images are grouped
according to their original source collections (for example, download
batch or video sequence), and all images from a given group are as-
signed to a single split. This strategy prevents frames from the same
physical location or short video segment from appearing in both train-
ing and evaluation sets, thereby providing a more realistic estimate of
generalization.

For transparency, the final split statistics are reported per scene cat-
egory, including the number of images in train, validation, and test sets
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Fig. 3. Evaluation of pipeline outputs for scene-level queries. SafeVision
demonstrates consistent performance in classifying diverse environments (e.g.,
mining site, outdoor, construction site, garden) based on user-provided scene-
related questions. These examples highlight the framework’s ability to generate
accurate and context-aware scene classifications.

for each class. These splits are fixed for all experiments and will be
released together with the dataset to support consistent benchmarking.

4.2. Implementation details

All experiments have been conducted on a single NVIDIA GeForce
RTX 4070 Ti SUPER GPU. The model has been initialized with pretrained
weights from CLIP-ViT [49] for the vision encoder and T5-base [48] for
the language model. Fine-tuning has been performed using Low-Rank
Adaptation (LoRA), which has targeted the attention projection matrices
Wy, Wi, and W,. The LoRA configuration has used a rank of 16, with
lora_alpha set to 32 and a dropout rate of 0.05.

Training was conducted for 100 epochs with a fixed image resolution
of 504 x 504. The AdamW optimizer [51] was employed in conjunction
with a cosine learning rate scheduler. A batch size of 8 was maintained
throughout. Each training step incorporated task-specific multimodal in-
structional templates designed to support a range of vision-language
tasks, thereby facilitating robust and generalizable learning.

5. Results and discussion
5.1. Scene-Aware Reasoner (SAR)

Fig. 3 presents the qualitative examples that further illustrate cor-
rect scene predictions across diverse industrial environments. The
Scene-Aware Reasoner (SAR) is evaluated on six scene categories: con-
struction site, mining site, indoor, outdoor, garden, and office. Using the
frozen CLIP-ViT encoder, SAR achieved an overall test accuracy of
87.4 %.

Table 3 scene-wise precision, recall, and F1-score. Performance is
consistently high across all categories, with slightly lower values for
outdoor and mining site (Fig. 4).

5.2. ReFiNER: region-focused neural reasoner

The Region-Focused Neural Reasoner (ReFiNER) is designed to per-
form fine-grained recognition of safety-critical entities, including work-
ers, PPE items, and heavy machinery. Region-level evaluation on the
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Table 3
Scene-wise precision, recall, and Fl-score of the
Scene-Aware Reasoner (SAR) on the test split.

Scene Precision Recall Fl-score
construction_site 0.838 0.848 0.843
mining site 0.861 0.899 0.879
indoor 0.911 0.889 0.900
outdoor 0.805 0.815 0.810
garden 0.857 0.853 0.855
office 0.905 0.874 0.899

Confusion Matrix

construction_site 0.07 0.01 0.01 0.03 0.04 08
mining_site - 0.03 0.04 0.04 0.7
0.6
o indoor -
8 0.5
i
E 0.4
= outdoor :
0.3
arden -
2 0.2
office 1 ro.l
7
&
&
&
S

Predicted label

Fig. 4. Normalized confusion matrix of the Scene-Aware Reasoner (SAR) on the
test split.

Table 4

Region-level detection performance of the ReFiNER
module on the test split. Each row reports per-class
AP@O0.5, precision, and recall.

Class AP@0.5 Precision Recall
worker 0.916 0.92 0.91
helmet 0.853 0.86 0.85
no_helmet 0.882 0.89 0.87
gloves 0.834 0.84 0.83
no_gloves 0.868 0.87 0.85
jacket 0.811 0.82 0.80
no_jacket 0.754 0.76 0.74
dumper 0.875 0.88 0.87
loader 0.812 0.82 0.81
truck 0.891 0.80 0.88
excavator 0.763 0.77 0.75
crane 0.702 0.71 0.69
ladder 0.688 0.79 0.77

test split yields mAP@0.5 of 89.6 % and an mAP@0.5:0.95 of 77.0 %.
Per-class performance for key PPE and machinery categories is sum-
marized in Table 4, with high scores for frequently occurring classes
such as worker and helmet, and moderate performance on less frequent
categories such as crane and ladder. Qualitative examples in Fig. 5 fur-
ther illustrate accurate localization of multiple entities under clutter and
occlusion, including correct identification of missing PPE items, which
supports the suitability of ReFiNER for PPE compliance verification and
hazard detection.
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Fig. 5. Evaluation of region-based reasoning with the ReFiNER module. The
figure illustrates how SafeVision localizes workers and PPE through bounding
boxes and generates responses to region-specific safety queries. Across different
examples, the framework accurately identifies missing gear (e.g., jackets, gloves)
or confirms full compliance, demonstrating its effectiveness in fine-grained,
region-level safety assessment.

Table 5

VQA-style evaluation on the proposed safety ques-
tion set. Answers are normalized before computing
Exact Match (EM) and token-level F1.

Model EM F1

Flan-T5-base VQA 0.792 0.798
BLIP-style VQA variant 0.747 0.801
SafeVision(*) 0.803 0.846

5.3. Visual question answering (VQA)

The Visual Question Answering (VQA) component is evaluated on
two query types: (i) scene-level understanding (e.g., global context and
environment type) and (ii) safety-compliance verification (e.g., PPE sta-
tus, hazard presence, and object counts). The primary VQA metrics
follow standard practice and are computed over normalized answers:
tokens are lowercased, punctuation is stripped, and number words are
mapped to digits (e.g., “two” — “2”). Exact Match (EM) and token-level
F1 are reported on the held-out test split.

Table 5 compares SafeVision with two VQA-style baselines: a Flan-
T5-base VQA model conditioned on CLIP-ViT features and a BLIP-style
VQA variant adapted to the proposed dataset. SafeVision achieves the
highest EM and F1 scores, indicating more accurate and consistent
responses to both scene- and safety-oriented questions.

The VQA corpus follows the same image-level train/validation/test
split as the underlying dataset, ensuring that no question from a test im-
age appears in the training set. The answer vocabulary comprises short
categorical responses (e.g., scene types, yes/no, PPE status) and small in-
teger counts. Question templates are designed to avoid directly revealing
ground-truth scene labels, instead focusing on safety conditions, object
presence, and compliance-related attributes.

In addition to these quantitative results, Fig. 6 presents qualitative
outcomes of SafeVision across diverse industrial scenarios. The examples
illustrate correct scene classification, precise PPE compliance recog-
nition, and context-aware natural language responses, thereby high-
lighting the system’s ability to bridge visual perception with language
reasoning in real-world safety monitoring.

6. Ablation study

The robustness and effectiveness of the SafeVision are assessed
through a series of ablation studies that isolate the impact of (i)
LoRA-based parameter-efficient fine-tuning, (ii) the dual-path reason-
ing design (SAR and ReFiNER), (iii) alternative fusion strategies between
global and region features, and (iv) the choice of language backbone and
its implications for runtime efficiency (Table 6).
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[scene] What type of site is shown | ~
in the image?

[region] Is the worker missing
gloves or a jacket?
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[ |

The site shown in the image is a
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gloves, or a jacket.

Yes, the worker is not wearing,

{33,
] /EE\ | There is only one truck.

What is the environment shown
in the image?

The environment shown in the
image is a <construction site>.

Fig. 6. Qualitative results of SafeVision. From left to right: (Left) Scene classification results, where the system predicts the global site category (e.g., mining site,
construction site, office, indoor) based on holistic image context. The framework enables user control through task-specific tokens (e.g., [scenel, [region]), allowing
adaptation to multiple safety monitoring tasks. (Center) Region-focused reasoning via the ReFiNER module, where localized image crops are analyzed to answer
fine-grained safety queries such as PPE compliance detection (no helmet, no jacket, worker). Outputs are textual and spatially grounded in detected regions. (Right)
Object-centric analysis, in which the system estimates object counts (e.g., number of trucks) and infers environmental context. Across tasks, SafeVision can identify
object categories, count instances, describe attributes, and reason about relationships, enabling comprehensive multi-task safety assessment.

Table 6

Description Evaluation of SafeVision.
Model BLEU-4 ROUGE-L METEOR
Clip2Safety [6] 0.693 0.733 0.452
CLIP-LLaVA [52] 0.701 0.741 0.468
LLaVA-1.6 [53] 0.712 0.755 0.472
Gemini Pro [54] 0.705 0.749 0.475
GPT-4V [55] 0.727 0.761 0.489
HazardVLM [33] 0.714 0.784 0.477
SafetyViT [56] 0.687 0.721 0.469
SafeVision(*) 0.832* 0.796* 0.825*

Note: Performance comparison of SafeVision with
existing description generation models on safety mon-
itoring tasks. All models are evaluated on identical
description tasks using the constructed multimodal
safety dataset.

Table 7
Parameter Comparison of Model.

Model Total Params Trainable Params  Trainable %
SafeVision 248 M 248 M 100 %
SafeVision(*) 248 M 85M 3.40 %

Note: SafeVision(*) denotes the LoRA fine-tuned.

6.1. Effect of LoRA fine-tuning

The robustness and effectiveness of the SafeVision framework were
evaluated through a structured ablation study focusing on two key as-
pects. First, the impact of Low-Rank Adaptation (LoRA) fine-tuning was
assessed. Incorporating LoRA into the vision-language architecture led
to improvements across multiple performance metrics, including BLEU-
4, F1 score, and Exact Match accuracy. These results demonstrate that
LoRA enables efficient task-specific adaptation without requiring full
model retraining (see Table 8). Second, model parameter efficiency
was analyzed. The complete SafeVision architecture comprised approx-
imately 248 million parameters. After applying LoRA, the number of
trainable parameters was reduced to 8.5 million, representing only
3.40 % of the total. This substantial reduction highlights the suitabil-
ity of the framework for lightweight and resource-efficient deployment
(see Table 7).

Table 8
Ablation Study: Performance Impact of LoRA Fine-
tuning on SafeVision.

Model BLEU-4 F1 Exact Match
SafeVision 0.715 0.789 0.699
SafeVision(*)  0.832 0.846  0.803

Note: SafeVision(*) denotes the LoRA fine-tuned

version.
Table 9
Ablation on dual-path reasoning and task tokens.
Variant Scene Acc. mAP@0.5 (regions) VQAF1
Full SafeVision(*) 0.874 0.796 0.846
w/o SAR 0.761 0.781 0.729
w/0o ReFiNER 0.832 0.748 0.881

Table 8 indicates that LoRA consistently improves captioning-style
and VQA-style metrics, confirming that low-rank adaptation provides
effective task specialization without full end-to-end retraining.

6.2. Contribution of SAR, ReFiNER

To quantify the benefit of dual-path reasoning and token-conditioned
control, several variants of SafeVision are evaluated: (i) removing SAR
and relying only on ReFiNER (w/o SAR), (ii) removing ReFiNER and
using only SAR (w/o ReFiNER). Scene accuracy (SAR), region-level
mAP@0.5 (ReFiNER), and VQA F1 are reported in Table 9.

The results in Table 9 highlight that removing either SAR or ReFiNER
degrades performance in at least one core task. These trends support
the design choice of combining dual-path reasoning with explicit token-
based task control.

6.3. Fusion operator and language backbone

The fusion operator between SAR and ReFiNER features is also ab-
lated. A simple concatenation baseline is compared with a lightweight
gated fusion mechanism that learns channel-wise weights over global
and regional features. In addition, the language backbone is varied
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Table 10

Ablation on fusion mechanism and language backbone.
Variant Fusion LLM VQAF1 BLEU-4
Baseline concat Flan_T5-small 0.781 0.764
Gated fusion gated Flan-T5-small ~ 0.812 0.791

Gated fusion (SafeVision) gated Flan-T5-base 0.846 0.832

Table 11

Runtime and memory footprint for SafeVision on edge hardware.
Model Device FPS Latency. (ms) Mem. (GB)
SafeVision Jetson Orin NX 8 128 3.42
SafeVision(*) Jetson Orin NX 6 196 4.87

Note: SafeVision(*) denotes the LoRA fine-tuned version.

between Flan-T5-small and Flan-T5-base to assess trade-offs between
accuracy and efficiency. Table 10 summarizes these results.

The comparison indicates that gated fusion consistently improves
VQA and captioning metrics over plain concatenation, and that the Flan-
T5-base backbone yields higher performance than a smaller variant at
the cost of a modest increase in computation.

6.4. Runtime and efficiency on edge hardware

To support claims about suitability for unmanned vehicle deploy-
ment, runtime and memory measurements are reported for the LoRA-
based SafeVision and a non-LoRA baseline on representative edge hard-
ware. Table 11 shows throughput (FPS), per-frame end-to-end latency,
and peak GPU memory usage for inference on a fixed input resolution.

The LoRA-based configuration maintains comparable or higher
throughput while substantially reducing the number of trainable pa-
rameters (Table 7), which is advantageous for continual fine-tuning and
on-device adaptation in safety-critical UxV applications.

7. Conclusion

SafeVision, is a unified vision-language model (VLM) framework
designed for safety monitoring in high-risk environments, including con-
struction sites, heavy industries, and mining operations. The framework
is intended to assess worker compliance with safety gear requirements,
monitor worker activities, and record machinery operation status. The
architecture integrates a frozen CLIP-ViT encoder with two dedicated
reasoning modules: Scene-Aware Reasoner (SAR) and Region-Focused
Neural Reasoner (ReFiNER) to extract both global and localized se-
mantic representations. These visual features are fused and projected
into the language embedding space of a Flan-T5-based Large Language
Model (LLM) through a trainable MLP adapter. A parameter-efficient
Low-Rank Adaptation (LoRA) strategy is employed, enabling fine-tuning
with only 3.40 % of the total model parameters while preserving the gen-
eralization capabilities of the pretrained LLM. The system is developed
and evaluated on a custom annotated dataset with multi-task supervi-
sion, encompassing scene classification, visual question answering, and
region-level grounding. Experimental results demonstrate strong per-
formance in both zero-shot and fine-tuned configurations, generating
grounded and context-aware outputs. These findings position SafeVision
as a robust and efficient solution for vision-language reasoning in
real-world safety-critical applications.
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