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Abstract. Virtual and Mixed Reality platforms such as Meta Quest
and Apple Vision Pro have accessibility challenges for Blind and Low
Vision (BLV) users due to their dependence on visual cues. Existing
accessibility features like color filters and text resizing have limited sup-
port which makes users with severe vision loss unable to fully engage.
In this research, a novel solution has been developed that integrates 3D
scenic descriptor generation within Unreal Engine User Interface using a
modular client server architecture. The developed system implements a
locally hosted Vision Language Model (VLM) to generate scene descrip-
tions. During the comparative testing of VLMs, Llava 7B was identified
as the most effective in balancing semantic accuracy and perceptual qual-
ity. A key innovation is a multi-prompt strategy that can guard rail the
complex scenes into structured and comprehensive audio segments that
cover objects, spatial layout, and mood. As the functionality of scene
description is activated with a simple key press, the system provides tai-
lored feedback that enables BLV users to integrate with VR environment
independently.
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1 Introduction

Virtual and Mixed Reality environments have become an integral part of gaming,
cinematic arts, design and education. These platforms offer immersive experi-
ences by simulating the real life scenarios [1], visualising complex 3D information
[2], and enabling interactions through 6 degrees of freedom (DOF) movement
[3][4][5]. However, the current generation of VR and XR systems, such as Meta
Quest and Apple Vision Pro, is fundamentally built upon visual interaction. Key
functionalities heavily rely on on-screen text, visual gestures and colour-coded
indicators to convey information and signal interactivity. This deep reliance on
visual centric design creates significant accessibility barriers for Blind and Low
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Vision (BLV) users [6][7][8]. Standard accessibility features are often limited,
typically limited to basic functionalities like colour filters, or adjustable text
sizes, which fail to serve users with conditions beyond colour vision deficiency
or those requiring general magnifications [9][10]. Comprehensive tools for in-
dividuals with total blindness, central vision loss or blurred vision are scarce.
Crucially, advanced tools such as 3D screen readers have yet to be introduced,
and developer support for creating them remains to be complicated [11][12]. As
most of the platform like VRSight uses cloud based GPT 4V to provide the
real time scene description, however it requires constant internet connectivity to
work and sends visual data to third party servers killough2025demonstration.
However, the recent advancements in Artificial Intelligence (AI) particularly in
object recognition, scene interpretation and depth sensing offer a promising path
forward for enhancing the VR accessibility [13][14][15]. These technologies have
already shown good results in Augmented and Mixed Reality systems, support-
ing features like text magnification [16] and enabling BLV users to interact with
touchscreens [17]. The system developed in this study pioneers an innovative
solution to address the accessibility gap by integrating Vision Language Models
(VLMs) with the Unreal Engine.

2 Selection of VLM

Vision Language Models (VLMs) are the models designed to process both visual
and textual data by mapping them into a shared representational space. They
are available in two main deployment types which are local VLMs, that run
on-premise to ensure data privacy, offline capability, and customisation [18][19],
and API based VLMs, which are hosted by third parties for ease of use and
scalability but raise data privacy concerns [20][21]. For this study, local VLMs
were selected to meet data privacy requirements and the objective of creating a
standalone plugin for Unreal Engine. Due to an 8 GB size constraint, the selection
focused on compact models, resulting in the choice of L1aVA-7B, which is widely
recognised for its performance [22][23][24][25], BakLLava-7B, Moondream-2B; a
lightweight "Nano-LLM" with just two billion parameters [26][27].

(a) (b) (c)
(f) (g

Fig. 1. Selected Images for VLM testing.
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The VLM for this study was selected based on VIEscoring [28], which is a
comprehensive evaluation framework for conditional image synthesis. VIEscor-
ing combines Semantic Consistency (SC), which measures the accuracy of con-
tent understanding and alignment with image semantics and Perceptual Quality
(PQ), that evaluates the realism, fluency and user comprehensibility of gener-
ated descriptions. The VLMs were tested on the image illustrated in Fig.1 and
the performance scored in terms of SC, PQ abd the composite VIEscore are
presented in following table.

Table 1. Model Performance Comparison

Rank Model VieScore SC Score PQ Score Recommendation

1 Llava 0.477 0.761 0.406  Balanced Performance
with highest VieScore
2 Bakllava 0.236 0.643 0.121  Good for semantic task but

poor perceptual quality
3 Moondream 0.189 0.690 0.097 Inconsistent results

3 Technical Details

A modular client server architecture integrates Llava-7B into our VR environ-
ment to improve accessibility for BLV users. A custom plugin, ReadLocal TXT,
imports text descriptions (.txt) into dynamic widgets, while file media source
components handle VLM generated audio (.wav). This converts visual scene
data into text and speech for users. The system consists of a VR client work-
station and a server workstation hosting the VLM. They communicate using
HuggingFace Hub, ensuring smooth VR experiences despite heavy model pro-
cessing.
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Fig. 2. General Methodology.
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The methodology starts when the user presses a key to capture a screenshot
of the VR screen (i, Fig.2), which is saved locally (ii, Fig.2). A Watchdog script
uploads the image to the HuggingFace Hub (iii, Fig.2), where the server detects
it and forwards it for VLM processing (iv, v, Fig.2). The VLM applies ten pre-
defined prompts to generate text and audio description (vi, Fig.2). The prompts
are mentioned in Table 2.

Table 2. Prompt Descriptions for Image Analysis

No/Name Prompt

1. Brief Description Provide a brief, clear description of this image in exactly 30-40 words.
Focus on the main subject and key elements. (Key = A)

2. Detailed Description Provide a detailed description in exactly 60-70 words covering main
subject, setting/environment, visual details, actions, text content,
spatial relationships, notable features, and mood/atmosphere. (Key

3. Main Subject Identify the main subjects and objects in exactly 30-40 words. De-
scribe their appearance and what makes them the focal point. (Key

4. Setting/Environment Describe the setting and environment in exactly 30-40 words. Include
location type, indoor/outdoor, and background context. (Key = D)

5. Visual Details Describe colours, lighting, and composition in exactly 30-40 words.
Focus on visual characteristics and artistic elements. (Key = E)

6. Actions Describe what actions or activities are happening in exactly 30-40
words. Focus on movement and behaviours. (Key = F)

7. Text Content Read and transcribe any visible text in exactly 30-40 words. Include
signs, labels, or writing. State "No text visible" if none. (Key = G)

8. Spatial Relationships Describe object positioning and spatial arrangement in exactly 30-40
words. Focus on how elements relate to each other. (Key = H)

9. Notable Features Point out interesting or unusual aspects in exactly 30-40 words. High-
light what stands out as unique or significant. (Key = I)

10. Mood/Atmosphere Describe the mood and emotional feeling in exactly 30-40 words. Focus
on the atmosphere and impressions the image conveys. (Key = J)

The processed .txt and .wav files are returned by the Huggingface Hub (vii,
Fig.2), saved in Unreal monitored directories (viii, Fig.2), and can be accessed
with designated keys (ix, Fig.2). This pipeline ensures automated scene capture,
analysis and accessible output without manual intervention (x, Fig.2).

The digital 3D models used in this work were created using Bentley Systems
Itwin Capture Modeler and then imported into Unreal Engine as presented in
previous work [29].

4 Results

Based on the results presented in Table 1, L1aVA-7B was selected in this study
for the image analysis. For testing, a sample image was taken as illustrated in



Fig. 3 and evaluated

Title Suppressed Due to Excessive Length 5

using the ten pre-defined prompts (Table 2). The results

are presented in the Table 3.

Fig. 3. Image of an indoor environment.

Table 3. Image Analysis Results by Prompt

Prompt

Results

1. Brief Description

2. Detailed Description

3. Main Subject/Objects

4. Setting/Environment

5. Visual Details

6. Actions/Activities

7. Text Content

8. Spatial Relationships

9. Notable Feature

10. Mood/Atmosphere

The image shows a man standing in a kitchen, with a yellow sticker
on his shirt. He appears to be looking at something out of frame.
The kitchen has white cabinets and appliances, including an oven
and sink.

The results obtained from it are mentioned from prompts 3 to 10.

The primary subject in this image is a person standing in a kitchen
area. The individual appears to be facing away from the camera,
towards what looks like a dishwasher. The person is wearing a black
shirt with a yellow stripe on the sleeve and a black cap.

This image seems to be taken indoors, specifically in a kitchen or
a room that resembles one. There are cabinets visible, suggesting
a functional space designed for food preparation and storage. The
lighting is artificial, with overhead lights illuminating the scene.

The colors in the image are muted, with the person’s shirt providing
a contrast to the otherwise neutral tones of the kitchen environment.
There is no visible text or writing in the image.

The individual appears to be either looking at something on the
countertop or possibly interacting with the dishwasher. Their posture
suggests they are standing still, not engaged in any immediate action.

There is no visible text in this image.

The person stands between two cabinets and to the left of what
appears to be a dishwasher. The cabinets flank the individual on
both sides, framing them within the kitchen space.

One notable feature is the yellow stripe on the person’s sleeve, which
stands out against their black shirt. Additionally, there are various
kitchen items visible in the background, such as a sink and what
looks like a microwave or oven.

The image conveys a sense of everyday life, with no strong emotions
or dramatic actions taking place. It appears to be a candid moment
captured within a domestic setting.
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The results have both brief and detailed analyses. The detailed analysis in-
cludes the following prompts: main subjects/objects, setting/environment, visual
details, actions/activities, text content, spatial relationships, notable features,
and mood/atmosphere. Accordingly, selecting prompt 2 yields results that inte-
grate the output obtained from all eight prompts (from 3 to 10).

5 Relevance and Impact

The developed system addresses a significant gap in the accessibility of the VR
by providing a platform to the BLV users to experience an interactive environ-
ments through VLM driven scenic descriptions. With the integration of a locally
hosted VLM with Unreal Engine, the system demonstrates how multimodal Al
can transform visual content into meaningful auditory feedback. The system’s
approach scopes participation in VR and XR platforms by offering inclusive
design possibilities that could be reached to underrepresented communities. In
addition to that, the developed system highlights a novel intersection of acces-
sibility, AI and multimedia systems for the multimedia modeling community by
providing a strong foundation for future research on inclusive content generation
in a VR environment.

6 Conclusions and Future Works

This study addresses the accessibility gaps in VR for BLV users by integrating
a VLM driven 3D screen reader into Unreal Engine. The system is built on
a modular client server architecture which automates scene capture, analyses
it and processes the audio and text descriptions. LIaVA-7B was selected over
Moondream and BakLLaVa for its balanced accuracy and quality which enables
scenic descriptions without hindering VR performance. A multi-prompt strategy
deconstructs complex visuals into clear insights, allowing users to explore objects,
layouts, and environmental context through auditory feedback. However, there
is a significant latency due to separate client server deployment with an average
response time of 36 seconds per command. This latency could be reduced by
deploying the complete system in a single workstation. Future works includes
developing an Unreal Engine plugin, BLV user testing, user feedback system
and expanding functionality to support tasks like multimodal integration and
real time navigation system.
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