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Abstract— Spatial cognition refers to the ability to gain
knowledge about their surroundings and utilize this information
to identify their location, acquire resources, and navigate their
way back to familiar places. People with blindness and low
vision (pBLV) face significant challenges with spatial cognition
due to the reliance on visual input. Without the full range of
visual cues, pBLV individuals often find it difficult to grasp a
comprehensive understanding of their environment, leading to
obstacles in scene recognition and precise object localization,
especially in unfamiliar environments. This limitation extends to
their ability to independently detect and avoid potential tripping
hazards, making navigation and interaction with their environ-
ment more challenging. In this paper, we present a pioneering
wearable platform tailored to enhance the spatial cognition
of pBLV through the integration of multi-modal foundation
model. The proposed platform integrates a wearable camera
with audio module and leverages the advanced capabilities of
vision language foundation model (i.e., GPT-4 and GPT-4V), for
the nuanced processing of visual and textual data. Specifically,
we employ vision language models to bridge the gap between
visual information and the proprioception of visually impaired
users, offering more intelligible guidance by aligning visual data
with the natural perception of space and movement. Then we
apply prompt engineering to guide the large language model
to act as an assistant tailored specifically for pBLV users to
produce accurate answers. Another innovation in our model
is the incorporation of a chain of thought reasoning process,
which enhances the accuracy and interpretability of the model,
facilitating the generation of more precise responses to complex
user inquiries across diverse environmental contexts. To assess
the practical impact of our proposed wearable platform, we
carried out a series of real-world experiments across three
tasks that are commonly challenging for people with blindness
and low vision: risk assessment, object localization, and scene
recognition. Additionally, through an ablation study conducted
on the VizWiz dataset, we rigorously assess the contribution of
each individual module, substantiating the integral role in the
model’s overall performance.

I. INTRODUCTION

The prevalence of visual impairment poses a significant
global health challenge, impacting over 253 million indi-
viduals with a spectrum of social, emotional, and physical
difficulties [1]. These challenges extend beyond mere vision
loss, contributing to decreased mobility and an increased risk
of falls, injuries, and comorbidities, which in turn, exacerbate
unemployment rates and quality of life compromises [2]. The
World Health Organization (WHO) predicts a continuous rise
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in these numbers, underscoring the urgent need for effective
assistive technologies [3]. Visual impairment, ranging from
moderate to severe, hampers an individual’s ability to per-
form visual searches—locating specific targets in cluttered
environments—a task that even those with unimpaired vision
find challenging [4]. This difficulty is compounded for those
with various forms of vision loss, including peripheral, cen-
tral, or hemi-field vision loss, making it strenuous to navigate
or identify objects within their surroundings. Similarly, those
with blurred vision, nearsightedness, color-deficient vision,
or low-contrast vision face added hurdles in distinguishing
objects from their background. Furthermore, the capability
to assess potential risks and hazards in one’s environment
is crucial for ensuring personal safety, a task that demands
detailed spatial awareness and understanding [5], [6].

Previous assistive technologies for people with blindness
and low vision have made strides by utilizing computer
vision for object recognition [7], [8], GPS for navigation
[9], and text-to-speech tools for information conveyance [10].
Despite the value they offer, these technologies encounter
limitations, particularly in delivering a comprehensive under-
standing of complex scenes and providing helpful guidance
tailored to the specific requirements of visually impaired
users. Often, the focus of such tools is on specific functional-
ities like obstacle detection or route mapping, but they may
not provide the nuanced descriptions and contextual infor-
mation necessary for a more complete and independent in-
teraction with the environment. Moreover, previous systems
often restrict visually impaired users to passive reception of
interpreted information, lacking interactive capabilities. For
example, RFID tag placement framework was proposed for
in-building navigation [11], yet such systems may primarily
offer one-way communication, limiting user engagement.
Additionally, [12] explored blind guidance using mobile
computer vision, which, while promising, may not provide
sufficient interactivity for users to actively engage with the
environment. In contrast to these challenges, our wearable
platform addresses these limitations by providing more ef-
fective and comprehensive information and enabling active
interaction with the environment. By leveraging wearable
technology, our platform offers real-time feedback and inter-
action, thereby enhancing the autonomy and user experience
for blind and visually impaired individuals.

In this project, we introduce ChatMap, a wearable platform
to augment the spatial cognition of people with blindness and
low vision through the integration of proprioception—the in-
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Fig. 1. Overview of ChatMap. (Left) The ChatMap wearable device, featuring a camera module for visual input and an audio module for auditory
interaction. (Right) The ChatMap Function, which processes the video input stream alongside user queries to generate answers and guidance for three
types of inquiries: scene recognition, object localization, and risk assessment.

nate sense that allows individuals to perceive the position and
movement of their body parts without sight, enabling users
to intuitively perceive and map their environment relative to
their own egocentric coordinate system. As shown on the
left side of Figure 1, our platform, equipped with a wearable
camera, utilizes a camera module to capture a continuous
video stream, providing a real-time depiction of the user’s
surrounding environment. Additionally, it features an audio
module dedicated to receiving user queries and delivering
the generated responses audibly to the user. This platform
harnesses the capabilities of advanced foundation models
to enhance visual perception, encompassing aspects such as
scene understanding, object localization, and risk assessment
as shown on the right side of Figure 1. By providing users
with detailed and comprehensive scene descriptions, along
with risk guidance tailored to their inquiries, our approach
empowers pBLV individuals with a deeper comprehension of
their environment. This facilitates not only the identification
and location of objects of interest but also the recognition of
potential hazards.

Our wearable platform includes three main components,
as illustrated in Figure 2: vision language model, prompt
engineering for pBLV, and large language model. Initially,
the system employs a vision-language model to extract a
detailed proprioceptive description of the user’s surrounding
environment from an input image. Following this, through
the use of prompt engineering, we integrate the scene de-
scription with the user’s query into a structured prompt,
specifically designed to guide the large language model
in producing responses that are finely tuned to the needs
of pBLV individuals. To ensure the responses are both
accurate and comprehensible, we incorporate a chain of
thought reasoning process that meticulously analyzes the
scene information and user query, delineating the logical
steps leading to the final answer. Our experiments demon-
strate that our system is able to recognize objects of interest
and provide detailed answers to user questions, significantly
enhancing the visual understanding of surroundings. Our
contributions are summarized as follows: 1) We introduce
a voice-controlled wearable platform to augment the spatial

cognition of pBLV, capitalizing on the strengths of multi-
modal foundation models. This advanced platform supports
users by providing detailed environmental descriptions, fa-
cilitating the recognition of scenes, pinpointing the location
of objects, and assessing potential risks. 2) We propose a
framework that employs a vision-language model to pro-
duce proprioceptive scene descriptions. Additionally, through
prompt engineering, we tailor the model to function as
a dedicated assistant for pBLV users. The integration of
chain of thought reasoning further refines the accuracy and
interpretability of responses, ensuring that the answers are
both precise and easily understandable for pBLV individuals.
3) We validate our wearable platform’s effectiveness through
rigorous testing on real-world data and VizWiz dataset. These
experiments demonstrate the system’s ability to accurately
recognize objects and provide accurate descriptions and anal-
yses of the environment, thereby directly addressing the core
research problem of enhancing navigation and interaction for
pBLV in diverse settings.

II. RELATED WORK

Numerous studies have addressed challenges in assisting
blind and visually impaired individuals through various tech-
nological approaches [13]. Manduchi and Bagherinia [12]
explored the use of mobile computer vision for guiding blind
individuals, with a focus on enhancing their mobility and
spatial awareness through real-time environmental perception
. Their study investigated the feasibility of leveraging mobile
devices equipped with vision-based technologies to provide
navigational assistance and enhance independent mobility
for visually impaired users. Krishna et al. [14] introduces a
wearable assistive device for the blind, enabling text-to-audio
conversion for enhanced accessibility to printed material. The
device, based on Raspberry Pi and equipped with a finger-
mounted camera, captures text pointed to by the user and
processes words using Optical Character Recognition (OCR).
Text-to-Speech (TTS) converter is then used to present that
text as audio. The work by Hao et al. [13] proposes using the
power of foundation models to augment spatial cognition in
individuals with low vision through proprioceptive guidance.
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Fig. 2. Flowchart of the ChatMap. Our system comprises three main components: a vision language model for providing a proprioceptive description of
the environment, prompt engineering customized for pBLV, and a large language model, enriched by chain of thought reasoning, for response generation.

Advancements in natural language processing have been
propelled by the development of language foundation mod-
els, designed to comprehend and tackle a diverse array of
linguistic tasks using a unified architecture. Models like GPT
[15] have set new benchmarks for understanding and gener-
alization capabilities. Each model brings distinct strengths:
GPT-2 [16] and BERT [17] laid the groundwork with their
deep learning frameworks, while PaLM [18] and GPT-3 [19]
expanded the horizons with their vast scale and nuanced
language understanding abilities. The latest iteration, GPT-
4 [20], builds upon these advancements, offering enhanced
language comprehension. These language foundation mod-
els, trained on extensive datasets, exhibit robust capabili-
ties for generalization and reasoning across a multitude of
tasks. Moreover, their structured approach to information
processing enhances their ability to reason through complex
tasks, leading to systematic chain-of-thought reasoning [21]
and significantly enhancing their proficiency in addressing
intricate problems.

III. METHOD

In this section, we delve into the methodology of proposed
wearable platform to augment spatial cognition using the
capabilities of multi-modal foundation model. The section
is systematically divided into three subsections for clarity
and depth. In III-A, we integrate a vision-language model
that employs proprioceptive view partition to deliver detailed
scene descriptions. III-B discusses the tailored prompt engi-
neering approach that aligns with the specific needs of blind
and low vision users. In III-C, we explore the incorporation
of chain of thought reasoning, a technique pivotal for refining
the accuracy and explicability of the responses provided by
the system

A. Proprioceptive Scene Recognition with Vision Language
Model

Proprioception, an innate sense crucial for perceiving the
position and movement of one’s own body parts without
visual input, inspires our approach to enhancing spatial
cognition for individuals with blindness and low vision
[22]. This internal sense is instrumental in navigating and
interacting with the surrounding environment, allowing for

an intuitive understanding of space relative to one’s own
body without sight. Our wearable platform, designed to be
worn on the head, leverages this fundamental human ability,
acknowledging that users naturally move their heads to scan
their environment.

Inspired by the concept of proprioception and the in-
stinctive head movements of users, we have engineered
our platform to divide the visual field captured by the
wearable device into three sectors: left, center, and right.
This segmentation mirrors the proprioceptive feedback mech-
anism, facilitating a more natural and intuitive exploration of
surroundings for pBLV. By adapting the device’s operation
to mimic these head movements, our model not only aligns
with how users typically perceive their environment but
also significantly enhances their ability to navigate and
understand their spatial context.

Once the environment is segmented, the model performs a
focused analysis within each sector, akin to how propriocep-
tion allows individuals to sense parts of their body in space
without visual cues. This is crucial for accurately addressing
queries about the location of objects. For instance, if a user
inquires, “Where is the chair?”, the model detects the chair’s
presence and responds with its position relative to the user’s
current orientation, such as “to your left,” effectively using
proprioceptive-like feedback to guide the user’s awareness to
the left sector.

The rapid advancement of foundation models, particularly
in the realm of foundation models, such as large language
model and vision language model, has brought about re-
markable capabilities in understanding and reasoning. These
models’ extensive pretraining on diverse datasets enables
them to exhibit a deep comprehension of various contexts
and nuances. In leveraging the power of these models, we
aim to harness their potential to significantly enhance the
functionality of assistive devices for the blind and low-vision
community.

Our system incorporates a vision-language foundation
model to articulate detailed descriptions of the scenes cap-
tured by the smart wearable device. We have chosen GPT-
4V [20] for its robust performance to serve as the vision-
language foundation model in our system. GPT-4V’s nuanced
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understanding of visual inputs allows for rich and detailed
depictions of the captured scenes, essential for the system to
obtain the comprehensive description of their surroundings.

B. Prompt Engineering for pBLV

In our wearable platform designed for individuals with
visual impairments, we bring in the prompt engineering
[23] to customize interactions specifically for our users.
This technique combines the visual insights gathered by
the vision language model with the queries posed by users
to create prompts that are both contextually relevant and
highly informative. Unlike conventional machine learning
strategies that rely on extensive datasets for model training,
our method focuses on crafting precise prompts to guide the
model’s responses, bypassing the need for model parameter
optimization.

The vision language model generates a detailed descrip-
tion. We include the prompt “I will provide you a description
of what I see now: {descriptions}” to integrate the scene
description results into an prompt. Furthermore, user queries
are integral to our prompt engineering process, enabling
us to tailor the system’s responses to the specific informa-
tional needs of the user. By embedding these queries within
our prompts, we ensure that each interaction is directly
aligned with the user’s current context and requirements. This
method ensures that responses are clear, concise, and tailored
to the user’s needs, while maintaining a conversational tone
that is sensitive and considerate. The model’s response is
designed to be informative without drawing unnecessary
attention to the user’s visual impairment, thereby ensuring
the communication is both helpful and respectful.

C. Chain of Thought Reasoning

In the section, we explore the integration of a multi-step
reasoning approach, inspired by chain of thought reasoning
in [21], to enhance the interpretability and accuracy of
answers generated by our system. We observed one single-
step reasoning processes have often fallen short in providing
the level of detail and precision necessary for addressing the
complex queries of users, particularly in the context of spatial
cognition for individuals with blindness and low vision.
To counter this, our approach adopts the chain of thought
reasoning, which allows for the sequential construction of
a detailed reasoning path, as depicted in reasoning process
box in Figure 2. Specifically, we first conduct a query
analysis (Step 1) to dissect and understand the user’s query,
identifying its key elements and objectives. This is followed
by a related sector analysis (Step 2), where we examine the
relevant sector information within the scene description to
ensure the reasoning process incorporates spatial informa-
tion pertinent to the user’s inquiry. Subsequently, through
contextual integration (Step 3), we amalgamate the insights
obtained from both the query and sector analyses to create a
unified and informed basis for the response. By articulating a
clear, stepwise reasoning path, our system provides responses
that users can easily understand and trust, thereby enhancing

the usability and effectiveness of our approach for pBLV
individuals.

The initial step in constructing a reasoning chain is to use
the user’s instruction and the prior reasoning step as inputs to
generate the current reasoning output, sequentially building
the complete reasoning chain. This step-by-step approach not
only facilitates an accurate buildup of reasoning but also
enhances the interpretability and reliability of the answer.
The formulation of the final answer follows a similar process,
applying the reasoning chain, the scene description, and
the user query as foundations to sequentially deduce each
component of the answer. This structured decomposition
into multiple conditional probabilities serves to refine the
precision of the output, culminating in a response that is
both informative and intelligible.

IV. EXPERIMENTS

A. Real-World Experiment

Experimental Setting: In our study, we conducted ex-
periments to assess the performance of the our wearable
system across various scenarios as shown in Table I. Our
system utilizes a head-mounted video camera, specifically
the Drift X3 [24], coupled with a smartphone to facilitate
seamless interaction between the user and the system. We
employed six distinct scenes to evaluate the system’s ca-
pabilities, posing a total of 24 questions categorized into
three domains: risk assessment, object localization, and scene
recognition. To establish a baseline for comparison, we
manually generated ground truth answers corresponding to
each question and scene frame. The distribution of questions
across categories was as follows: 7 questions pertained to
scene description, 8 focused on object localization, and 9
addressed risk assessment. This methodology allows for both
qualitative and quantitative assessments of similarity and
quality of responses generated by our system against the
manually established ground truth. For quantitative analysis
of our system’s question answering capabilities we employ
common evaluations metrics such as BLEU, ROUGE and
METEOR [25]. These metrics evaluate the similarity be-
tween system’s answers and established ground truth answers
on both structural and semantic levels.
Results: Both qualitative and quantitative evaluations of our
system’s responses demonstrate the performance across three
task categories: object localization, scene recognition, risk
assessment as shown in Table I and Figure 3. Our system
demonstrated best performance on the tasks related to object
localization with the scores of 76.6, 69.8, 85.6, and 73.3
for BLEU-1, BLEU-2, ROUGE, and METEOR respectively.
This means that most of the answers produced by our
system were the exact or very close matches to ground truth,
indicating strong assistive capabilities for blind and visually
impaired. The metrics for scene recognition are lower (refer
to Table I). However, scene recognition task requires more
articulation, therefore there are more ways to formulate a
correct answer. In other words, in some cases, system’s
responses scored lower across all metrics due to the variance
in language model’s text generation, not necessarily due to
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BLEU1 BLEU2 ROUGE METEOR
Rist Assessment 26.8 11.2 24.8 20.0
Object Locolization 76.6 69.8 85.6 73.3
Scene Recognition 43.1 17.9 58.2 30.0

TABLE I
QUANTITATIVE RESULTS ON THE REAL-WORLD DATASET.

Fig. 3. Qualitative Results of Random Selected Examples on the real dataset.

VLM LLM Prompt Proprioceptive Chain of BLEU1 BLEU2 ROUGE CIDER METEOREngineering Scene Recognition Thought Reasoning
Model 1 ✓ 25.4 14.5 25.7 19.0 10.4
Model 2 ✓ ✓ 34.7 22.3 28.5 28.7 13.3
Model 3 ✓ ✓ ✓ 43.9 26.1 29.7 35.4 15.2
Model 4 ✓ ✓ ✓ ✓ 46.3 28.3 30.6 38.1 16.4
Model 5 ✓ ✓ ✓ ✓ ✓ 48.0 29.3 32.6 41.2 16.9

TABLE II
QUANTITATIVE RESULTS OF ABLATION STUDY ON THE VIZWIZ DATASET.

wrong reasoning. Inspection of qualitative results indicates
strong performance in scene recognition as well.

B. Ablation Study on VizWiz dataset

Experimental Setting: In this section, we conduct exper-
iments to test the effectiveness of each component within
our system on the task of Visual Question Answering [26]
of VizWiz dataset. The VizWiz dataset [27] is a collection
of images taken by blind and visually impaired individuals,
specifically designed to evaluate computer vision algorithms
aimed at assisting visually impaired individuals. Our eval-
uation employs metrics such as BLEU, ROUGE-L, ME-
TEOR, and CIDEr [28], with a specific focus on BLEU-1
and BLEU-2 due to the typically concise nature of Visual
Question Answering responses.

To rigorously test the effectiveness of each component
within our system, we explore five distinct model settings.
In the first setting, we directly apply a vision language
model (i.e., GPT-4) to derive answers from the user query
and the current frame as shown in Table II. The second
setting progresses by first generating a scene description
from the current frame using VLM, then employing a large
language model (i.e., GPT-4) to formulate answers based

on the textual scene description and user query. The third
setting introduces prompt engineering, refining the model
to act as an assistant tailored specifically for people with
blindness and low vision, aiming to produce answers that are
more relevant and supportive. The fourth setting considers
human proprioceptive abilities to perceive head movement,
integrating a proprioceptive scene description that segments
the frame into three distinct sectors—left, center, and right.
Finally, in the fifth model setting, we incorporate chain of
thought reasoning to further enhance answer accuracy and
interpretability by explicitly generating a reasoning chain
alongside the final answer. Through these diverse settings,
we aim to validate the impact of each system component on
improving assistance for pBLV individuals.
Results: Examining the performance outcomes depicted in
the table, we observe that using a Vision-Language Model
alone yields limited success. While VLM excels in interpret-
ing and describing images, it does not inherently provide the
comprehensive reasoning needed to generate precise answers
tailored to the specific inquiries of people with blindness
and low vision. Consequently, the integration of a Large
Language Model with VLM in Model 2 delivers superior per-
formance, highlighting the LLM’s contribution to more nu-
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anced understanding and response generation. Performance
further improves with the integration of prompt engineering
tailored for pBLV, confirming its effectiveness in customizing
responses. Including proprioceptive scene descriptions that
divide the visual input into three sectors—left, center, and
right—aligns with natural human spatial cognition, leading
to even better system performance. The most significant
advancements are observed in the fifth model setting, where
the incorporation of chain of thought reasoning markedly
enhances answer accuracy and interpretability, as demon-
strated by the highest scores across all evaluation metrics.
This progression validates the layered approach to system
development, with each added component contributing to
a more sophisticated and user-centric platform for pBLV
individuals.

V. CONCLUSIONS

In this paper, we introduce a novel wearable platform
designed to significantly enhance the spatial cognition ca-
pabilities of individuals with blindness and low vision. By
integrating a multi-modal foundation model, including GPT-
4V, the platform offers a nuanced processing of visual
and textual data through a wearable camera complemented
with audio capabilities. Our system utilizes vision language
models for proprioceptive scene recognition, aligned with
the natural head movements of users, and employs prompt
engineering to tailor the Large Language Model to serve as
a personalized assistant for pBLV users. The integration of
these elements, alongside the innovative chain of thought
reasoning process, ensures that our model delivers not only
detailed scene understanding and object localization but also
efficient risk assessment. The efficacy of our platform has
been validated through real-world experiments and a compre-
hensive ablation study on the VizWiz dataset, demonstrating
significant improvements in the way pBLV users interact
with and understand their environment, thereby paving the
way for greater independence and safety in their daily lives.
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