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ABSTRACT 
Searching for objects in unfamiliar scenarios is a fundamental challenge for people 
with blindness, requiring target specification, detection, and intent-specific details, 
such as navigating toward the object and understanding its surroundings. However, 
existing description- and detection-based assistive technologies fail to address this 
multifaceted nature of interactive object search. We present ObjectFinder, a wearable 
prototype with smart glasses (RGB-D sensing), a bone conduction headset, and an 
edge computing unit for interactive object search by people with blindness. Users 
query target objects with flexible wording; once detected, ObjectFinder provides real- 
time egocentric localization information and lets usersinitiate different branches to 
gather intent-specific details. ObjectFinder integrates open-vocabulary object detec
tion with a multimodal large language model into an intent-driven pipeline, devel
oped iteratively with a blind co-designer. In a study with eight participants with 
blindness, ObjectFinder’s flexible target specification, egocentric and allocentric cues, 
and targeted context around the target were valued, with lower NASA-TLX task load 
than the baseline.
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1. Introduction

People with blindness often face challenges when searching for objects in unfamiliar environments 
(M€uller et al., 2022; Zhang et al., 2021), such as independently searching for far away objects (e.g., an 
information desk in a spacious lobby (Constantinescu, M€uller, et al., 2022)), identifying and understand
ing objects with insufficient tactile cues (e.g., finding the shampoo bottle among similar containers in an 
unfamiliar hotel bathroom (Brady et al., 2013)), and searching for items on large surfaces that are incon
venient to explore by touch (e.g., finding specific tools on a cluttered tabletop (Herskovitz et al., 2023)).

To search for an object, users need to ask for the target object, and then select a candidate. In order 
to determine if it is the desired one, both egocentric (e.g., “11 o’clock, 2.4 meters away”) and allocentric 
(e.g., “next to the desk”) information are necessary for a user with blindness to understand the object in 
its surroundings (Martolini et al., 2021; Reginald, 1999). Upon locating the target object, the user’s 
intent may vary. As shown in examples of Figure 1, once the coffee table is detected, the user may pre
fer a description of the items on the table over immediate physical interaction. Conversely, if the target 
is a fan, the user might wish to navigate toward it to turn it on. Throughout the search, there may also 
be an interest to explore the surroundings for better navigation and potentially discover other targets 
for subsequent searches (Jain, Teng, et al., 2023).

Such an interactive object search task is multifaceted. While assistive technology, broadly defined 
as products and systems that maintain or improve an individual’s functioning (World Health 
Organization, 2016), has been increasingly applied to support people who are blind in understanding 
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their surroundings, no current system provides a unified solution that handles all associated sub
tasks. We categorize the existing assistive technologies for people with blindness into description- 
based and detection-based systems. Description-based systems can provide detailed descriptions of 
photos (BeMyAI, 2023), brief captions (Lee, Herskovitz, et al., 2022; Liu et al., 2023; Microsoft 
Corporation, 2024), or descriptions with dynamic granularity and latency (Chang et al., 2024). 
However, difficulty in aiming the phone camera limits these systems’ ability to localize a specific 
object in unfamiliar environments (Chang et al., 2024; Xie et al., 2024). (Challenge 1, C1). 
Detection-based systems (Google, 2024; V7, 2024; Zheng et al., 2024), on the other hand, either 
allow only the search for a limited number of pre-defined objects (Ahmetovic et al., 2020; 
Constantinescu et al., 2020; Google, 2024; Kacorri et al., 2017; Schauerte et al., 2012; V7, 2024; Wen 
et al., 2024; Yi et al., 2013) or provide filtered information (Herskovitz et al., 2024), limiting under
standing of unfamiliar scenes. Therefore, when using current detection-based systems in an unfamil
iar environment, users with blindness may not know what is in a room comprehensively and miss 
items that could be of interest (Challenge 2, C2).

The challenges also exist in Remote Sighted Assistance (RSA). The procedure by which the remote 
agents (Aira Company, 2024; BeMyEyes, 2024; TapTapSee, n.d) help to identify objects and describe 
surroundings involves capturing images from the video feed and zooming in to obtain the necessary 
visual information (Lee et al., 2020). In this context, it is time-consuming for remote agents to adjust 
the video frame, and they find it challenging to continuously orient the users (Xie, Reddie, et al., 2022). 
Moreover, recognizing landmarks presents significant difficulties for the agents (Kamikubo et al., 2020; 
Lee, Reddie, et al., 2022; Xie, Yu, et al., 2022). Thus, in this work, we aim to investigate:

How to integrate the advantages of description- and detection-based assistive systems to support inter
active object search by people with blindness?

To this end, we designed ObjectFinder, which seamlessly combines open-vocabulary models, an 
Open-Vocabulary Object Detector (OVOD) (Cheng et al., 2024), and a Multimodal Large Language 
Model (MLLM) (Achiam et al., 2023), to facilitate an interactive process that ranges from object detec
tion to description for object search. Users can input any target using voice commands for object detec
tion, and then scan the scene. Once a candidate is detected, the system will notify the user to stand still 
to orient to the target, and it will provide real-time egocentric information (distance and direction). 
Following this, users can acquire targeted scene context tailored to their post-search intent, based on 
the keyframe captured at the time of detection. This process helps users recognize candidate options 
and unexpected targets, which can then be explored in further detail during subsequent iterations. The 
subtask definition and pipeline refinement were conducted with a co-designer who is blind across two 
months and four iterations.

Figure 1. ObjectFinder system for open-vocabulary interactive object search. It seamlessly integrates open-vocabulary 
models, i.e., an open-vocabulary object detector (e.g., YOLO-World) and a multimodal large language model (e.g., GPT- 
4). (a) a user specifies a target with flexible wording on smart glasses. Once it is found, the user is informed with ego
centric localization information in real-time. (b) Upon detecting the target object, the user may have various intentions 
toward it, such as perceiving what is on the coffee table or navigating toward a fan to turn it on. During the inter
action, the user may discover other objects of interest for subsequent searches, e.g., cookies on the coffee table.

2 R. LIU ET AL.



To evaluate the effectiveness of ObjectFinder in supporting interactive object search, we conducted a 
user study with eight participants with blindness. The results show that the targeted scene context 
enabled by the seamless integration of detection and description enhanced not only the search process 
itself but also the post-search intentions. It provided essential information for object search, including 
egocentric localization (distance and direction), and allocentric relationships among objects. 
Additionally, route planning was a valuable feature of ObjectFinder for searching objects. Participants 
valued the ability to specify targets flexibly. Although ObjectFinder provides feedback based on users’ 
intents, individual variations in procedures and information preferences, also influenced by the scope 
and familiarity of the scenario, underscore the need for customization and personalization, as discussed 
later. Despite the rich information provided by the MLLM, the 79.8% direction accuracy in route plan
ning and 82.5% spatial accuracy in scene description observed in the original system highlight the need 
for continued improvements in spatial reasoning capabilities. The system’s code will be made publicly 
available to contribute to the open-source development of assistive technologies (Buehler et al., 2015). 
The contribution of this study can be summarized as follows:

� To the best of our knowledge, ObjectFinder is the first system to seamlessly integrate open-vocabu
lary object detection with a multimodal large language model, enabling a flexible, intent-driven 
object-search experience for people with blindness in unfamiliar environments.

� We iteratively developed the pipeline with a co-designer with blindness. In a study with eight partic
ipants who are blind, users reported a new object-search experience in which they could flexibly 
specify targets, stay oriented with egocentric and allocentric cues, and receive targeted scene context 
supporting both search and post-search intents.

� Beyond the technical implementation, this work contributes design insights and empirical findings 
that can inform the broader development of AI-powered assistive technologies balancing flexibility, 
reliability, and user agency.

2. Related work

In this section, we introduce the task of object search for individuals with blindness and provide an 
overview of existing description-based and detection-based systems designed specifically for them, 
which can partially address the task. To design an assistive system for object search in unfamiliar envi
ronments, we draw on procedures from embodied AI, which typically model human search behavior. 
This forms the background knowledge for our study.

2.1. Object search in unfamiliar scenarios

Object search is a multifaceted task that involves object detection, exploration, navigation, and more. In 
addition to small items that individuals with blindness frequently search for in daily life, such as smart
phones, keys, and wallets (netz-barrierefrei.de, n.d), they often look for large, salient objects as land
marks to improve orientation in unfamiliar environments (ATMAPS Project, n.d; Yang et al., 2010). 
When searching for objects in unfamiliar environments, people with blindness typically seek an initial 
overview of the space, followed by specific details as required (Chang et al., 2024; Shneiderman, 1996). 
If the target object has been found, people with blindness may have various intentions regarding it. For 
example, they might navigate to the object to interact with it (Herskovitz et al., 2023) (e.g., find a free 
chair and sit on it), identify a specific object (Brady et al., 2013; Hong & Kacorri, 2024a) (e.g., check 
whether a bottle is shampoo), or perceive the surroundings of the object (e.g., the tabletop (Herskovitz 
et al., 2023)), which may be too far or inconvenient to touch (Gonzalez Penuela et al., 2024). A partici
pant in (Herskovitz et al., 2023) described locating an empty chair in a classroom and envisioned an 
object search system that detects the chair via smart glasses and provides walking directions, avoiding 
the need to wave a phone in a crowded space.

Some technologies have been proposed to partially address the challenges of object search (Table 1). 
Vizwiz-LocateIt (Bigham et al., 2010) lets users photograph target objects, ask questions to a remote 
worker on Mechanical Turk, and navigate via sonification. Tools such as AIRA (Aira Company, 2024), 
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Vizwiz (Gurari et al., 2018), and BeMyEyes (2024) use crowdsourcing to connect users with blindness 
with sighted assistants for real-time remote support, including object search. However, repeatedly ask
ing users to move their phone to adjust the camera view is time-consuming (Lee et al., 2020). 
WanderGuide (Kuribayashi et al., 2025) has subfunctions for object search implemented on a suitcase, 
but is designed primarily for exploration without specific consideration of the object search procedure. 
Gamage et al. (2023) suggest that the conversational interface on wearable devices is suitable for the 
complex task of providing environmental information. We categorize existing AI-based assistive tech
nology related to object search into description-based and detection-based systems.

2.2. Description-based systems for people with blindness

Description-based systems typically capture a still image and generate description for it. Seeing AI 
(Microsoft Corporation, 2024), ImageExplorer (Lee et al., 2022a), and OpenSU (Liu et al., 2023) provide 
brief captions for scenes captured by a mobile phone and support tactile exploration on touchscreens. 
BeMyAI (2023) powered by GPT-4, offers richer scene descriptions and interactive question answering; 
however, prior studies (Xie et al., 2024, 2025) show that it struggles with intent recognition and often 
requires multiple images to convey accurate information. NaviGPT (Zhang et al., 2025) focuses on 
navigation by describing the road ahead, while LifeInsight (Mathis & Sch€oning, 2025) extends GPT-4– 
based question answering to wearable settings. Other work targets specific object attributes, such as 
material (Zheng et al., 2024), transparency (Zhang et al., 2021), or hazards (Yang, Bergasa, Romera, 
Cheng, et al., 2018; Yang, Bergasa, Romera, Huang, et al. 2018). However, description-based applica
tions require users with blindness to aim and maintain the camera toward the target object, which is 
difficult in unfamiliar environments (Gurari et al., 2018; Yang, He, et al., 2024). In our user study, par
ticipants with blindness reported that photo descriptions did not help them infer where objects were 
located in real space (e.g., relative direction or distance), consistent with prior findings (Kacorri et al., 
2017).

WorldScribe (Chang et al., 2024) provides dynamic scene descriptions by concurrently integrating 
YOLO-World (Cheng et al., 2024) and GPT-4 (Achiam et al., 2023) to describe the current camera 
view, rather than to support targeted object search. YOLO-World offers fast word-level cues, while 
GPT-4 generates sentence-level descriptions; user intent (e.g., “find the laptop”) is only used to rank 
mentioned content for open-ended exploration, not to localize a specific target. Although WorldScribe 
can partially support object search, prior findings report that users may struggle to aim and maintain 
the camera view and that essential objects may be omitted. Guided by the task–artifact cycle theory 
(Carroll & Rosson, 1992), we argue that task-specific designs provide distinct value. In contrast, 
ObjectFinder is explicitly goal-oriented: YOLO-World first localizes the target object, after which GPT- 
4 supplies targeted scene context aligned with the user’s post-search intent, e.g., route planning for 
navigation or focused scene description for perception.

2.3. Detection-based systems for people with blindness

Detection-based systems are designed to provide real-time outputs of identified objects or features of 
interest. Lookout (Google, 2024), AIPoly (V7, 2024), and Supersense (2024) exemplify this capability by 
identifying the nearest object within the phone’s field of view. Various studies have developed wearable 
systems (Islam et al., 2023; Liu, 2023; Sugashini & Balakrishnan, 2024) with similar functionalities, 
offering real-time object information through multiple interaction modes. Research has explored the 
detection of personal objects using methods such as SIFT (Constantinescu et al., 2020; Schauerte et al., 
2012; Yi et al., 2013) and advanced deep learning networks (Ahmetovic et al., 2020; Kacorri et al., 
2017; Wen et al., 2024). ProgramAlly (Herskovitz et al., 2024) allows users to customize filters to detect 
specific object features, suggesting that fixed, predefined object-category lists are less suitable for open- 
ended exploration. Recent work has further incorporated open-vocabulary detection into wearable 
assistive systems; for instance, Feng et al. (2026) integrate YOLO-World into a pipeline for construction 
site hazard detection for people who are blind. However, their system targets a fixed hazard category 
rather than user-specified objects during live use. Navigation assistive systems utilize detection-based 
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methods for obstacle avoidance (Bala et al., 2023; Liu et al., 2021; Ou et al., 2022), risk assessment 
(Wang et al., 2024), object finding (Duh et al., 2020; Hu et al., 2022; Li et al., 2023), shopping (Boldu 
et al., 2020) and passable path planning (Hong et al., 2024; Jain et al., 2023a; Surougi & McCann, 2023; 
Zou et al., 2023). These systems autonomously select information, which may limit user agency in 
actively specifying targets. Constantinescu et al. (2020) propose a system that allows users to choose 
from a limited set of objects to receive audible feedback in their vicinity. Detection-based systems typic
ally report only information within a predefined range, such as objects from a fixed list, personal 
objects, or feature-based filters, which prevents broader scene understanding during object search and 
leaves them vulnerable to failures under challenging real-world conditions such as poor lighting, occlu
sion, or cluttered backgrounds.

2.4. Reference procedure for object search

Since no existing AI system fully addresses the challenges of object search for users with blindness, we 
examine the object-search procedures of embodied AI to guide the design of an assistive object search 
system. Object search is widely recognized as a challenging task that integrates both perceptual and 
cognitive processes (Sun et al., 2025). Typically, embodied agents (Aydemir et al., 2013; Singh Chaplot 
et al., 2020; Yokoyama et al., 2024) first receive an object query from the user, analyze their surround
ings, hypothesize the potential location of the target object, and then plan a navigation path accord
ingly. Recent workflows leveraging LLMs, such as UniGoal (Yin et al., 2025) and SG-Nav (Yin et al., 
2024), allow robots to continuously explore their environment and match discovered objects with the 
intended target. CogNav (Cao et al., 2024) models the cognitive process of object search, in which an 
agent repeatedly explores the environment in a broad, contextual manner to build a cognitive map. 
Once a potential target is observed, the agent verifies the candidate using information from the sur
rounding context before confirming it as the target object. Taioli et al. (2024) equipped the object 
search agent with a self-questioning module and an interaction trigger, enabling it to refine its detec
tions through dialogue about the target object. In our work, we explore the multifaceted subtasks 
involved in object search and integrate them into a unified pipeline specifically designed for users with 
blindness, taking advantage of both description- and detection-based systems.

3. ObjectFinder

ObjectFinder is a wearable prototype designed for interactive object search. Users with blindness can 
specify their target using flexible wording. Once the target is detected, they receive real-time egocentric 
localization information. They can further obtain detailed feedback based on their intentions 
toward the targets. We co-designed ObjectFinder with a person with blindness P0 (see Table 2). Firstly, 
the co-designer proposed an envisioned use scenario for searching for a socket, which we used to build 
an initial prototype. We then conducted four refinement iterations over two months, each a 30-minute 

Table 1. Comparison of different systems that can be used for object search.
System Purpose Enabling source Interaction Device

RSA (e.g., Aira Company, 2024, 
BeMyEyes, 2024)

Multi-Purpose Human Dialogue Smartphone

ProgramAlly (Herskovitz et al., 
2024)

Object Search AI Filter Customization Smartphone

WorldScribe (Chang et al., 2024) Exploration AI Intent Customization Smartphone
WanderGuide (Kuribayashi et al., 

2025)
Exploration AI Dialogue, Button-Driven 

Option Selection
Robot

BeMyAI (2023) Description AI Dialogue Smartphone
Lookout (Google, 2024) Exploration AI – Smartphone
Find My Things (Wen et al., 2024) Object Search AI Teachable Object 

Recognition
Smartphone

LifeInsight (Mathis & Sch€oning, 
2025)

Question and Answering AI Dialogue Wearable Device

ObjectFinder Object Search & Exploration AI Dialogue, Button-Driven 
Option Selection

Wearable Device
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session where P0 freely explored the living room (Figure 8a) and office (Figure 8b) settings with the 
iteratively refined ObjectFinder.

3.1. Envisioned scenario

In an initial step, we began by defining the use case according to the principles outlined in Cockburn 
(2000). To achieve this, we conducted a workshop involving the co-designer with blindness, a devel
oper, and two experts in accessibility and usability, one of whom is blind.

The co-designer suggested a use case for object search: searching for a socket in an unfamiliar office. 
We refined the use case regarding the interaction sequence between the co-designer and the wearable 
object search system as the envisioned scenario (Carroll, 1995), serves as the basis for our system 
design, as illustrated in Figure 2 and depicted as follows:

Martin enters an unfamiliar office, his phone battery depleted. In need of power, Martin activates an 
object search system and commands it to “Find a socket.” The system acknowledges the command, and 
assures Martin that it has understood the request. After Martin confirms, the system signals with a 
sound, indicating readiness to begin searching (Figure 2a).

As Martin scans the room through the system, he prefers not to be bombarded with information 
about every detected object; instead, he wants the system to announce only when it detects a socket. 
Upon identifying a socket, the system provides feedback on its egocentric location, including distance 
and direction, as well as its allocentric relationship with points of interest.

Using this information, Martin evaluates the suitability of the socket’s location. In Figure 2b, the first 
socket detected, located near a trash bin about 4 meters away at a 10 o’clock direction, is deemed 
inconvenient because Martin intends to work at a workstation. Therefore, he continues his search for a 
more suitably placed socket.

Table 2. Demographics of participants.
User ID Gender Age range Vision level, onset Experience of apps

P0 Male 30–39 Light perception, since about 2004 BeMyAI, Seeing AI
P1 Female 20–29 Light perception, since about 2022 BeMyAI, Seeing AI
P2 Male 50–59 Fully blind, since birth BeMyAI, Seeing AI
P3 Male 20–29 Fully blind, since birth BeMyAI
P4 Male 20–29 Fully blind, since 2010 Lookout
P5 Female 30–39 Light perception, since birth Seeing AI, Envision
P6 Female 50–59 Fully blind, since about 1989 Seeing AI
P7 Male 70–79 Fully blind, since birth None
P8 Male 30–39 Light perception, since 2015 Seeing AI

P0 is the co-designer who helped to adapt the system to the needs of the target group. P1–P8 were participants of the user study.

Figure 2. Initial concept of an envisioned assistive object search system and its usage scenario. Martin walks into an 
unfamiliar office and uses an object-search system to search for a socket to charge his smartphone. (a) Martin first 
specifies the target to the system, which then repeats it for confirmation. (b) While scanning, candidates are detected. 
The socket “4 meters away at his 10 o’clock next to the trash bin” is not what he wants. (c) However, another socket “3 
meters away at his 2 o’clock next to the workstation” is the desired one, as he plans to study there. (d) After confirming 
the target, Martin may ask for more details. In large rooms, the system should navigate him to the socket.
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Eventually, a socket near a workstation, just 3 meters away at the 2 o’clock direction, catches 
Martin’s interest, as in Figure 2c. He requests more details about this socket, such as how to reach it 
and its height on the wall. The system advises Martin to navigate around obstacles, guiding him with 
instructions like, “Walk around the clutter … ” (Figure 2d).

Using his cane to detect and avoid clutter, Martin reaches the workstation located on his front right 
and successfully charges his phone using the nearby socket.

Five functions can be inferred from the envisioned scenario: (F1) object detection to detect a socket, 
(F2) localization to provide its egocentric position, (F3) navigation guidance (route planning) for large 
spaces, (F4) scene description to convey allocentric context around the socket, and (F5) open-ended 
querying to obtain additional details (e.g., the socket’s height). Together, these functions allow the co- 
designer to verify whether a detected socket is the desired one and then obtain targeted scene context 
to support subsequent intentions or movement. These functions are modularized and integrated into a 
flexible, intent-driven pipeline to support interactive object search.

3.2. Design goals

In general, drawing on related work on object search and the envisioned scenario, we designed 
ObjectFinder with three primary goals:

G1-Providing flexibility in target queries and information retrieval. According to the envisioned sce
nario for ObjectFinder and the expected procedure for object search in Herskovitz et al. (2023), users 
would like to directly query a target object. Generally, conversational interfaces are preferred for con
veying environmental information (Gamage et al., 2023) and supporting goal-oriented visual querying 
(Mathis & Sch€oning, 2025). ObjectFinder should facilitate seamless conversational interactions using 
open-vocabulary models to bridge wording gaps.

G2-Supporting various subtasks during search. According to the envisioned scenario, object search is a 
complex task with sequential subtasks including target specification, detection, and feedback gener
ation, which aligns with the expected procedure (Herskovitz et al., 2023). This structure is also 
reflected in how remote sighted assistants support object search (Lee et al., 2020; Xie et al., 2024) and 
in embodied systems that mimic human cognition for object search (Aydemir et al., 2013; Singh 
Chaplot et al., 2020; Yokoyama et al., 2024). ObjectFinder should simplify this process by organizing 
these subtasks into a user-friendly pipeline with accessible interaction features.

G3-Adapting to the user intent of the target object. People with blindness may have diverse intents 
after a target is identified, including navigation, e.g., going to the socket for charging in the envisioned 
scenario, perception, e.g., understanding a tabletop (Herskovitz et al., 2023), and information query
ing, e.g., asking about the state of household systems (Turkstra et al., 2025). These intents require tar
geted scene context (Buehler et al., 2015; Hong & Kacorri, 2024a). Prior work suggests that systems 
should enable users to efficiently articulate and refine evolving intents (Chang et al., 2024). 
ObjectFinder should therefore provide efficient interactions that allow users to obtain intent-specific 
feedback from the system.

3.3. Hardware and interaction features

According to the related work (Gamage et al., 2023; Herskovitz et al., 2023) and the envisioned scenario 
with the co-designer, a pair of glasses with a camera is assumed to be preferred over holding a smart
phone for an object search system. We utilize the following hardware to implement this system. 
Figure 3 presents the system diagram, which comprises a pair of KRVision smart glasses (KR Vision, 
n.d) coupled with a waist bag. The smart glasses are equipped with an Intel RealSense R200 RGB-D 
camera, enabling real-time egocentric acquisition of RGB and depth frames at a resolution of 640� 480 
at 30 FPS, with a depth horizontal field of view of 70� : In addition, a bone conduction headset is incor
porated, enabling auditory output while maintaining the perception of environmental sounds. In the 
waist bag, an NVIDIA Jetson Nano, a compact and powerful processor, is utilized for efficient data 
processing, accompanied by a power bank for energy supplementation. The waist bag features two 
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buttons that are programmed for target confirmation and function selection. A microphone is attached 
to the collar for audio input: participants simply speak commands to specify targets or ask questions 
after triggering open questions (G1, G2). This version of the ObjectFinder is only an initial prototype. 
We aim to further integrate all hardware components more compactly to improve the user’s daily 
experience in real-world use, e.g., with smart glasses similar to Ray-Ban’s Meta Wayfarer coupled to a 
smartphone (Waisberg et al., 2024).

3.4. Function implementation

Based on the envisioned scenario described in Section 3.1, we decomposed the object search task into 
five functions: object detection (F1), localization (F2), route planning (F3), scene description (F4), and 
open questions (F5) (G2). To integrate these five functions into a flexible, intent-driven object search 
pipeline, we define three modules: the user specifies the target, the system detects the target, and the 
system generates feedback, see Figure 4 (G2). In this pipeline, two models serve as the main functional 
components: an open-vocabulary object detector (YOLO-World-Large (Cheng et al., 2024)), which 
accepts flexible natural-language queries and detects the target object, and a GPT-4 (Achiam et al., 
2023), which generates targeted scene context around the detected object via API (G1, G3). Both mod
els are used in the zero-shot setting.

3.4.1. Module 1: User specifies target
The first module, User Specifies Target, is demonstrated in Figure 4a. When the system is turned on, 
the smart glasses automatically capture the frame of the scenario. GPT-4 then generates a list of objects 
based on the frame to initialize YOLO-World (Cheng et al., 2024). To enable flexible target queries 
(G1), the user specifies the target object using the command frame, “Find< target>.” After receiving 
the command, the system will repeat the target object: “You want to find< target>, please confirm.” 
For confirmation, the user should press one of the buttons on the waist bag, while the other button is 
for respecification. Speech-to-text is processed by Google Speech Recognition API, and text-to-speech is 
handled by the pyttsx3.

The relationship between the specified target objects and the initialized object list in YOLO-World 
falls into three types: match, related to, and unrelated to, as shown in Figure 5.

Figure 3. Hardware design and components of the wearable system ObjectFinder. It incorporates a stereo camera to 
capture visual information about the user’s surroundings, a pair of buttons, and a microphone to collect the user’s com
mands. Simultaneously, it executes algorithms through a lightweight processor. To provide a comprehensive and 
immersive experience, the system delivers spatial-aware informational feedback directly to the user via bone-conduction 
headphones integrated into the smart glasses.
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We define match as the case where an object list entry’s name appears as a substring of the target 
query. This is important because recorded speech can sometimes be unclear due to the co-designer 
rephrasing, such as “Find the chair, no, office chair.” and the surrounding conversations.

For other cases, we tokenize the specified target query and each YOLO-World object class, and 
embed them using all-MiniLM-L6-v2 (Reimers & Gurevych, 2021). The cosine similarity between the 
embeddings of the target object and each class is calculated. If the maximum similarity is at least 0.8, a 
threshold chosen empirically, the target object is deemed to be related to the most similar class in 
YOLO-World. The mapped class is then used for subsequent detection, avoiding re-initialization. 
Otherwise, the target object is considered unrelated to current object list of YOLO-World. In this case, 
YOLO-World should be re-initialized with the object list updated to include the new target object. 
During the YOLO-World initialization process, a 3 Hz beep is played in the background to assure the 
user that the system is still operating (G2).

3.4.2. Module 2: System detects target
After YOLO-World is initialized with the target object, the user will hear an earcon to signal the start 
of scanning (Figure 4b). The system successfully detects the target (F1) when the confidence level of its 
bounding box exceeds the empirically set threshold of 0.3. This threshold was calibrated by pre-testing 
all target objects in both study environments to eliminate false positives, which are particularly detri
mental to user trust (Hong & Kacorri, 2024b). The system captures a keyframe that includes both RGB 
and depth information. At the same time, another earcon sounds, signaling the user to pause and 

Figure 4. ObjectFinder system architecture integrates five functions into three modules for interactive object search. (a) 
Initially, an open-vocabulary object detector, e.g., YOLO-World, is initialized with a list of objects extracted from a sce
nario capture, allowing the user to identify a target object. If the target is not on the list, the object detector is reinitial
ized. (b) The user scans the environment. If the target is detected, localization information is provided in real-time. If 
not, the user can trigger scene understanding to identify what exists in the scenario. (c) The user may activate a sub- 
branch to obtain further information based on their intent using a multimodal large language model. (d) If the user dis
covers other objects of interest or becomes disoriented, they can reorient themselves to locate the target.

Figure 5. Initialization with target identification: (a) the list of detectable objects in YOLO-World is initialized with the 
first capture of the scenario. The target objects can be categorized into three types: (b) match, where the object 
matches an item in the list; (c) related, where the object is related to one item in the list (e.g., “couch” is related to 
“sofa” with 0.85 similarity); and (d) unrelated, where the object does not relate to any item in the list. In cases where 
the object is unrelated, the list is updated by adding the target to it.
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orient themselves toward the target object. This frame is used to calculate localization information (F2), 
which is provided once in real time after the pause signal, and to query for further intent-based long- 
text feedback (F3–F5). If the target object is not detected within a time limit of 45 s, it is considered 
absent in the scenario. The user can choose to activate scene understanding (F4) or re-specify the target 
object (G2).

If the target is detected successfully, the egocentric localization information will be calculated using 
the keyframe and delivered in the format Object-Distance-Direction, as proposed by Constantinescu, 
Neumann, et al. (2022), as illustrated in Figure 6. When multiple objects of the same class appear 
within the keyframe, the egocentric information of the one with the highest confidence is provided. 
Egocentric information is presented in a clockwise orientation and distances in meters. Distance estima
tion from bounding boxes can be inaccurate (Liu et al., 2023). To improve accuracy, we added 
MobileSAM (Zhang et al., 2023), a compact variant of SAM (Kirillov et al., 2023), to generate segmen
tation masks M for YOLO World detections (Cheng et al., 2024). The distance of the object is calcu
lated as the average depth from the key frame’s depth map, masked by M.

Distance ¼
P
ðdepth map�MÞ

P
M

: (1) 

To determine the clock direction, we use the center of the bottom edge of the frame, ðxc, ycÞ; as the 
clock center. We then compute the angle h between the upward vertical direction and the ray from 
ðxc, ycÞ to the bounding box center ðxbbox, ybboxÞ as

h ¼ atan2ðxbbox − xc, yc − ybboxÞ �
180
p
: (2) 

The resulting angle is then mapped to coarse clock-direction cues within the camera view, where 9 
and 3 o’clock denote the leftmost and rightmost bounds of the camera view, respectively.

3.4.3. Module 3: System generates feedback
If the target object is detected, the system plays an earcon to prompt the user to pause and orients 
them toward the target. Simultaneously, it sends a keyframe from the user’s egocentric view that con
tains the target object to the MLLM to generate long-form feedback for the user’s subsequent intents, 
as in Figure 4c.

During refinement with the co-designer, we observed that he primarily had two intents after an 
object was detected. The co-designer either wanted to navigate to functional objects for interaction, 
e.g., finding a charger to charge a smartphone, or to perceive regions of interest, e.g., identifying items 
on a tabletop without interacting with them. Subsequently, the co-designer often asked follow-up 

Figure 6. Object detection and localization: Each video frame is processed by YOLO-World to detect key frames in 
which the confidence level of the bounding box around the target object exceeds a certain threshold. Subsequently, 
the segmentation map generated by the bounding box, combined with the depth map, is used to provide precise local
ization information, including distance and direction.
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questions for additional details. Therefore, we currently implement two intent branches in this module 
(G3), with the possibility of adding more in the future.

3.4.3.1. Generating feedback based on user intent. In the process of generating intent-based feedback, 
the system initially uses the keyframe for the first query, while subsequent queries are based on the cur
rent egocentric frame of the user. In the navigation branch, the user initiates route planning (F3). After 
the user takes a few steps, the target object may leave the field of view. In that case, the system may no 
longer be able to provide updated route guidance. Consequently, the user has the option to either 
repeat the instruction or trigger a scene description (F4) for orientation. For example, if the user is 
aware that there is a desk on the route to the fan and understands from the scene description (F4) that 
the desk is directly in front of them, they will know “I’m getting close to the fan.” If the user still feels 
lost, they can revert to the target specification to relocate the target object (G2). In the perception 
branch, the user can use scene description (F4) to detail the surroundings of the target object, or dir
ectly ask open questions (F5) to engage in a conversation about the target object and its surroundings 
over several rounds (G2, G3). As the co-designer always discovered objects of interest or rejected the 
candidate after learning about the detailed information surrounding it, the user can respecify the target 
object at any step with ObjectFinder (G1, G3).

3.4.3.2. Optimizing interaction features. Following prior work (Awad et al., 2018; Hersh, 2022; 
Tahoun et al., 2020), we programmed the two buttons on the waist bag to access the system’s modular 
functions and to accommodate users’ evolving intents. During refinement, we chose buttons over 
speech commands because speech input is susceptible to environmental noise and users may find it dif
ficult to express evolving intent in a few sentences (Chang et al., 2024; Oumard et al., 2022). In 
ObjectFinder, speech input is therefore used only for target specification and for asking open-ended 
questions (F5), supporting efficient object search (G1, G2).

3.4.3.3. Enhancing feedback accessibility through prompt engineering. According to VIALM (Zhao 
et al., 2024), GPT-4 performs best among evaluated models for assisting users with blindness, across 
both human ratings (correctness, actionability, and fluency) and automated metrics. We therefore chose 
GPT-4 to implement the MLLM functions (F3–F5). Effective prompt engineering (OpenAI, 2023) is 
crucial for making MLLMs more useful and accessible to users with blindness (G1, G3). The response 
length is to the maximum within common social media alt-text limits (100–500 characters) (Perkins 
School for the Blind, 2024) to accommodate users’ preferences for vivid responses. Notably, the co- 
designer scans the environment by turning his head rather than his body. When a target object comes 
into view, he typically pauses in his current posture, and his head and body are often misaligned. 
Therefore, if the system provides egocentric instructions like “Please walk two steps forward.” or “The 
desk is in front of you,” it can lead to confusion. To resolve this ambiguity, we precede each MLLM 
response with the prompt “Please align your body with the direction of your head.” This helps the sys
tem feedback accommodate different scanning strategies. For route planning, ObjectFinder provides 
step-based instructions, which are easier for users with blindness to follow (Gamage et al., 2023), and 
emphasizes landmarks rather than turn-by-turn directions (Jain, Teng, et al., 2023) (G3). The prompts 
are detailed in the supplementary material.

Users receive detailed information through the MLLM feedback. They may discover new target 
objects, lose track of the current target, or receive no detection result. In these cases, the user can trig
ger “continue searching” to redefine the target object, as illustrated in Figure 4d.

3.4.4. Latency
YOLO-World ran locally on the NVIDIA Jetson Nano, whereas GPT-4 was cloud-based. At the time 
we developed the prototype and conducted the user study, practical local deployment of open-source 
MLLMs was not feasible in our hardware setup. To assess the system’s responsiveness, we report the 
latency of each module in our pipeline. Upon entering a new scene, YOLO reinitialization takes 110.9 s, 
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followed by 0.07 s per word for similarity calculation. Object detection takes 0.5 s, localization takes 
1.1 s, and GPT response generation takes 3.5 s.

4. User study

To understand how ObjectFinder can support interactive object search in unfamiliar environments, we 
conducted a user study with eight participants. Specifically, we focus on the following research ques
tions (RQs):

RQ1: To what extent does ObjectFinder provide the essential information needed for an effective object 
search?

RQ2: How do people with blindness perceive the targeted scene context provided by ObjectFinder’s 
integrated design to facilitate their multifaceted object search?

RQ3: How do individuals with blindness perceive the functionality of ObjectFinder for object search 
compared to description-only, detection-only, and disjointly integrated systems?

RQ4: What insights from participants’ interactions with ObjectFinder can guide the design of future 
object search systems?

4.1. Evaluation methodology

To evaluate the effectiveness, limitations, and potential of ObjectFinder, we adapt an evaluation 
approach used in prior work (Chang et al., 2022; Kuribayashi et al., 2023; Xie, Yu, et al., 2022). This 
involves comparing ObjectFinder with a strong, self-built baseline, ObjectFinder_Base, which uses 
closed-vocabulary object detection YOLOv8 (Varghese & Sambath, 2024). This baseline offers similar 
functionalities: objects can only be detected within an extensive set of predefined object classes (Lin 
et al., 2014) (F1), while the localization (F2) and route planning (F3) functions are available only for 
these detectable classes. For undetectable objects, participants can choose to trigger scene descriptions 
(F4) to gain an understanding of the front view. By partially decoupling detection from description, the 
baseline allows participants to experience the limitations of each component: unfocused descriptions 
(C1) and inflexible detection (C2). This way, the baseline prototype reflects the common capabilities of 
existing description-only and detection-only applications such as BeMyAI and Lookout, while using 
identical hardware to our ObjectFinder to enable a more objective comparison.

The evaluation is carried out in two controlled indoor environments, an office (7.95 m2) and a living 
room (15.96 m2), which participants explore using a within-subjects crossover design (Jones & 
Kenward, 2014), as detailed in Section 4.3.

To provide retrospective context (Russell & Chi, 2014) for evaluating ObjectFinder, participants were 
briefly exposed to two commercial applications, BeMyAI and Lookout, which represent description- 
only and detection-only approaches. We considered a direct comparison out of scope due to differences 
in hardware, the lack of object search specificity, and the participants’ prior familiarity with these appli
cations. Instead, participants used each application to search for two objects in the living room to recall 
their core functionalities. This exposure refreshed their understanding of the application capabilities 
and supported more grounded reflections on the integrated design of ObjectFinder.

In daily life, individuals with blindness commonly rely on tactile exploration (Withagen et al., 2013) 
and auditory feedback (Kolarik et al., 2014) for object search, which are risky, limited in range, and 
unable to provide comprehensive environmental awareness. Remote sighted assistance (e.g., Aira (Aira 
Company, 2024), BeMyEyes (2024)) typically requires time-consuming screen sharing and frequent 
reorientation (Lee et al., 2020). In contrast, AI-based systems offer promising alternatives by providing 
real-time environmental understanding and spatial guidance. We therefore center our evaluation and 
discussion on AI-based systems to better understand effective computational approaches for object 
search assistance.
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4.2. Participants and procedure

We recruited eight participants (P1–P8 in Table 2) from the local community via an existing mailing 
list. The participants ranged in age from 20 to 80 years (l ¼ 40:75 years, r ¼ 17:945), including three 
women and five men. All participants were legally blind (vision � 5% for both eyes (World Health 
Organization, 2021)), with seven having acuity � 2%: Four of them were born with blindness. For 
scene understanding, six of the participants had previous experience using description-based applica
tions such as Seeing AI, BeMyAI, and Envision, while only one participant used a detection-based 
application, Lookout. In Table 2, we consider only the use of these applications for scene understand
ing, and exclude other purposes such as document reading. This study was approved by the Ethics 
Committee of Karlsruhe Institute of Technology (KIT), Germany. The committee issued a formal ethics 
approval without assigning an approval number. The video and audio recording were consented to by 
the participants. Participants received a compensation of e 40 for taking part in the study and were also 
reimbursed for their travel costs.

Each user study lasted about two hours and consisted of the following steps: (1) an introduction and 
tutorial of our prototype; (2) exploration of both scenarios using ObjectFinder and ObjectFinder_Base 
in a crossover manner (Jones & Kenward, 2014), each followed by (3) the completion of a question
naire featuring Likert-scale items assessing function, and the NASA-TLX (Hart, 2006) for assessing cog
nitive load, accompanied by a short semi-structured interview; (4) short exploration of the living room 
scenario using the commercial applications BeMyAI and Lookout, followed by (5) another semi-struc
tured interview in a retrospective context about the commercial applications. The interview guideline is 
provided in the supplementary material.

4.3. Scenario exploration

As in Section 2.1, individuals with blindness usually search for large objects as landmarks to construct 
mental maps of unfamiliar environments, and explore small objects on the tabletop. Thus, in each of 
our scenarios (living room or office), participants were asked to find six target objects: three large 
pieces of furniture to establish spatial orientation, followed by three smaller objects on the coffee table 
or desk. Although the co-designer identified the socket as a daily target object in the envisioned sce
nario, locating it by touch poses safety risks during the user study. Figure 7 describes a simplified pro
cedure involving the five functions F1–F5. Table 3 specifies the target objects that need to be found in 
sequence and the initial MLLM functions to be triggered as the assumed initial intent when each target 
is detected. The layout and order of the search targets are shown in Figure 8. To our knowledge, we 
are the first to engineer prompts that generate route planning instructions for individuals with blind
ness, guiding them to objects. Therefore, our primary focus is on testing the route planning function 
(F3). Since the closed-vocabulary ObjectFinder_Base can only detect a limited number of target objects 
(Lin et al., 2014), we categorize the six target objects in each scenario into three groups: unrelated to 
(two objects), related to (three objects), and exact in (one object) COCO2017. Regarding the related tar
gets, we hint participants to look for related objects in COCO2017 when they are using the baseline, 
but they experienced a vocabulary gap between the wording used for target specification and that in 
the MLLM feedback. As for the unrelated objects, the participants cannot even specify the target objects 
(C1). So we provide the option for the participants to trigger the scene description function (F4) at any 
time to find the objects. Cookies are the bonus target, and we observe whether participants can discover 
it themselves to validate the capability of our system to prompt subsequent searches of unexpected tar
gets (C2). Figure 9 illustrates examples of how participants detected target objects and received feed
back from the system during the user study. Participants navigated the environments through tactile 
exploration without white canes. A sighted volunteer accompanied each participant to ensure their 
safety throughout the sessions.

In the living room, participants briefly used Lookout (Google, 2024) and BeMyAI (2023), two com
mercial applications they were familiar with but that are not designed for object search, to locate a fan 
and a teapot and to refresh their understanding of the applications’ capabilities.
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4.4. Data analysis

We have both qualitative and quantitative data. For qualitative data, the user study transcripts were 
analyzed using the hybrid process of inductive and deductive thematic analysis proposed by Fereday 
and Muir-Cochrane (2006). The first author led the analysis by repeatedly reading the transcript for 
familiarization and coding it in multiple rounds, with questions regarding coding being resolved 
through discussion, and resulting themes being critically appraised within the research team. In add
ition to data-driven inductive coding, we applied deductive coding to interpret the system’s capability 
to identify regions of interest (C1) and to facilitate the discovery of unexpected targets (C2). In a 

Figure 7. Simplified user study procedure focusing on two representative target objects: a large piece of furniture (an 
office chair) and a smaller object (a plate of cookies). The user walks into an unfamiliar environment, the office in this 
example. To sit in front of a desk, he or she should find an office chair first and navigate to it. Then the user sits on 
the office chair and defines the desk as the region of interest. The user will know what is on the desk through the 
scene description function, a plate of cookies in this example, and get additional information through open questions.

Table 3. Target objects in each scenario.
Scenarios Target objects Names in COCO (Lin et al., 2014) dataset

Office Furniture trash binF3; deskF4; office chairF3 <None>, dining table, chair
Smaller objects monitorF5; keyboardF3; headphoneF3 (cookiesF3) TV, keyboard, <None> (<None>)

Living room Furniture fanF3; coffee tableF4; sofaF3 <None>, dining table, couch
Smaller objects teapotF3; bananaF3; flowerF5 <None>, banana, potted plant

The superscript objectF denotes the function that is activated first upon finding the target objects. F3: route planning; F4: scene descrip
tion; F5: open questions.

Figure 8. Layout of the two scenarios and the order of target objects. The 7th object in the office, a plate of cookies, is 
the bonus, to determine if participants are aware of its existence through the system. The photos are taken at the start
ing points of the task in each scenario.
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workshop, the research team assigned 243 data points to 69 codes, which were further refined to 12 
codes, and finally, four themes were crafted and are presented in Section 5. For quantitative data, we 
report only descriptive statistics (Prem, 1995) due to the small size of the user group.

5. Findings

5.1. RQ1: To what extent does ObjectFinder deliver the necessary information for effective 
object search?

Participants found that ObjectFinder provides an adequate amount of information, including the 
obligatory egocentric (distance and direction) and allocentric (relationships between the target and its 
surrounding objects) information, for object search. On the other hand, participants have varying per
ceptions of the optional information (e.g., color and alert information).

5.1.1. Amount of information
The average system feedback length for route planning (F3) and scene description (F4) was 62.90 
words, with a standard deviation of 19.11. System feedback for open questions (F5) is relatively shorter. 
When asked whether they preferred more or less information, three participants initially described the 
amount as adequate. After being asked to choose between the two options, four preferred more infor
mation, while four preferred less. We noted that preferences for information quantity relate to individ
ual differences in processing information: Some participants could ignore excess information, others 
felt overwhelmed. Those who preferred more information generally wanted as much information as 
possible. As one participant noted, “as much as you can get. It is completely blank for me, so the more I 
have, the better.” (P5). P4 expressed that “things that don’t interest me, I can just ignore.” Conversely, 
P6 and P7 preferred less information because they were not accustomed to processing such large 

Figure 9. The first column shows examples of postures, while the second column displays key frames captured when 
target objects were detected (F1) along with the corresponding real-time egocentric localization information (F2). The 
third column presents system feedback generated by the MLLM, which uses route planning (F3) to reach both large 
and small items, employs scene description (F4) to describe the coffee table, and utilizes open questions (F5) to gather 
additional details.
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amounts of visual information and found it overwhelming. P8 suggested that the information provided 
could perhaps be reduced after getting the first overview: “it could maybe be a little bit less, so if you 
know once there are some objects on the table, then you don’t really need this information the second or 
third time unless you ask the system what is on the table.” Additionally, we observed that the necessary 
amount of information varies across system functionalities. BeMyAI, used solely for scene description, 
received praise from three participants for its “detailed” information, although one deemed it excessive. 
In contrast, the participants noted that our ObjectFinder provided more information than necessary for 
efficient route planning.

5.1.2. Obligatory information
Half of the participants commented that the egocentric localization information, including both the dis
tance and direction of the target object, was helpful for object search. We found that the participants 
preferred clear and intuitive distance interpretation. P1 highlighted the usefulness of different distance 
measures, noting, “I think the steps are good for like when it’s really near, so it’s just a few steps. But if 
there are longer distances. I think sometimes meters might be more useful [ … ] So it sometimes has like 
0.1 meter [ … ] you could have said ‘right in front of you’ or ‘one step’ like that.” Participants noted that 
the distances reported by the system often seemed larger than they experienced while approaching the 
object. Upon reviewing the video, we observed that participants interpreted the system’s head-to-object 
distance as a horizontal distance. This inaccuracy may be more obvious in our small indoor settings, 
where larger pitch angles are more common. The left–right direction in the system feedback was also 
sometimes inaccurate. P5 suggested to “specify a 20 centimeters margin,” noting that if an object is 10 
centimeters to the left or right, it’s still considered in the front.

Most participants also mentioned that contextual information around the target was helpful for 
object search. This includes allocentric relationships among the target and nearby objects, as well as 
egocentric localization of those surrounding objects. For example, P3 noted, “it’s good that the objects 
around it are announced, so you have some idea where the object you want to find is in relation to other 
objects.” P8 added that such descriptions should also include distance, “when you make the description, 
it holds everything, but it does not really talk about the distance.”

5.1.3. Optional information
Participants expressed mixed feelings about the relevance of color and alert information, highlighting 
the importance of personalizing the information to individual needs. For example, P5 and P6 appreci
ated the unsolicited color details. “It told me the color of the remote control without my asking [ … ] it 
helps me to visualize the environment around.” (P5). In contrast, P2 criticized excessive information, 
remarking, “I want to walk from A to B, and I don’t want a literature presentation of the color and the 
landscape description which can fill books.” Regarding alert information, P2 valued the directness of cer
tain cues: “what I liked was the description. It directly tells people to be careful ‘move your arms’, and I 
think it was a very clear description.” However, P3 found it superfluous, commenting, “about the whole 
flavor text about ‘not bumping into an object’, ‘sitting down’, ‘carefully turning the chair toward me first’. 
This is all not really necessary.”

5.2. RQ2: How do people with blindness perceive the targeted scene context provided by 
ObjectFinder’s integrated design to facilitate their multifaceted object search?

Participants perceived the targeted scene context as helpful not only during the search process but also 
in supporting their post-search intents.

5.2.1. During search
During the object search process, participants oriented themselves and explored search options through 
the targeted scene context. As P1 noted, “I was very positively surprised at [ … ] how easy it is [ … ] to 
find myself in the scene.” The value of targeted scene context for orientation is also evident by contrast: 
when exploring ObjectFinder_Base, P2 remarked, “I have a description, but I have no idea where I 
should start searching the fan.” (C1). P6 highlighted the benefits of discovering additional options (C2) 
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and understanding their arrangement, “I didn’t know there was another chair there. It gives more infor
mation about objects and their arrangement.” Apart from the targeted scene context during object 
search, we observed that the challenge of unknown-unknowns (Bigham et al., 2017) for search options 
in unfamiliar environments persists. This can be mitigated by providing an initial overview of the envi
ronment: “I could imagine if you really don’t know the room, and you want to first [have an] overview 
of what is in the room, it was pretty detailed.” (P8).

5.2.2. After search
In addition, the targeted scene context also facilitated post-search intents, such as navigation and per
ception of the region of interest, while reducing the need for physical exploration. For navigation, P1 
noted when searching for the fan with ObjectFinder: “I think it was very good [to know] where I am. 
When it said where my target object was, it also told me the surrounding objects, because maybe if I find 
the surrounding object first, then I know, OK, I’m close.” P6 particularly valued the feature, noting: “if 
it’s a new desk, I don’t have to feel around to know where the computer is. I don’t have to move far right 
or left to find the position easily.” For perception, four participants mentioned that the system’s detailed 
output was helpful for discovering objects on the tabletop (C2), “When I first got into the scene, I got a 
very detailed description of the coffee table [ … ] so I knew what I could expect to find there.” (P1)

5.3. RQ3: How do individuals with blindness perceive the functionality of ObjectFinder for object 
search compared to description-only, detection-only, and disjointly integrated systems?

Participants appreciated the ability to actively specify targets and the provision of comprehensive ego
centric and allocentric information for object search, in contrast to description- and detection-only 
applications. Despite having similar functions, participants observed a significant performance drop 
with the disjointly integrated system, due to untargeted descriptions and limited functionality for 
navigation.

5.3.1. Reflections on ObjectFinder in contrast to commercial systems
Regarding the differences between the commercial applications and the prototypes, participants valued 
that they could actively define the target objects with ObjectFinder, making it more reliable in search
ing for specific items. As P6 mentioned, “what I also liked about this system is speaking to it, I find that 
more targeted.” P3 echoed this sentiment, highlighting the biggest advantage: “The biggest advantage 
[ … ] contrary to BeMyAI is that you can specify what you want to find.” (C1). Furthermore, as previ
ously analyzed, ObjectFinder delivers essential information for object search: egocentric localization 
(distance and direction) and allocentric relationships between the target and surrounding objects. These 
cues are not typically supported by description- or detection-only systems. For example, after using 
BeMyAI, P8 mentioned, “BeMyAI had no information regarding the distances, so you have [ … ] a less 
sense of location.” The lack of localization information (P2, P8) and the absence of context regarding 
object relationships (P2) were mentioned as reasons why participants did not prefer Lookout, highlight
ing the potential for solutions that can combine multiple aspects of object search.

5.3.2. Workload differences between integrated and disjoint systems
The first two columns in Table 4 show workload ratings for object search tasks with ObjectFinder and 
the self-built baseline ObjectFinder_Base, which implements description and detection as disjoint com
ponents. Participants reported lower workload with ObjectFinder than with the baseline, especially in 
the performance dimension (M ¼ 4:69; SD ¼ 2:02 vs. M ¼ 7:25; SD ¼ 2:38). Six participants rated 
ObjectFinder lower than the baseline on the performance dimension, one rated the two systems equally, 
and one rated ObjectFinder higher. Mental demand and effort dimensions showed considerable vari
ability among subjects (SDs � 2 − 3:5), while temporal demand was low for both systems (M ¼ 2:63). 
These quantitative results suggest that ObjectFinder’s integrated design led to better performance under 
low time pressure. Regarding mental and temporal demand, P8 expressed, “The second time 
(ObjectFinder_Base), I was a bit more frustrated that he did not really find [specific things] or he did 
take much longer than the first example (ObjectFinder).” Other participants attributed their ratings to 
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the difference between ObjectFinder and ObjectFinder_Base in identifying target objects and providing 
targeted information. As P5 noted: “the second system (ObjectFinder_Base) was not able to identify prod
ucts easily. I needed to trigger scene description to understand the environment a lot, as opposed to the 
first system (ObjectFinder).” P1 noted that the functional limitations stem from the disjoint implementa
tion of description and detection components, “I couldn’t just get the navigation description, but had to 
go find it myself.”

5.3.3. Task performance differences between integrated and disjoint systems
Though not statistically significant with eight participants, we report task performance metrics for refer
ence. Each participant searched for six target objects with each system, yielding 48 target-object search 
trials per system (8� 6). ObjectFinder achieved 47=48 successes, versus 43=48 for ObjectFinder_Base. 
With ObjectFinder_Base, four participants (P3, P5, P6, P7) abandoned one search after the target object 
was repeatedly not mentioned in the descriptions (F4), while P1 gave up searching for the headphones, 
believing they were not present based on earlier descriptions. P2 abandoned the search for the trash 
bin with ObjectFinder after becoming disoriented. ObjectFinder successfully detected all target objects 
in the user study, while the detection accuracy of ObjectFinder_Base was 33% across all trials. 
Although the theoretical accuracy of ObjectFinder_Base is 66:7% according to Table 3, participants 
often made multiple attempts when objects were not detected, which lowered the overall accuracy. The 
average number of trials per object was lower for ObjectFinder (M ¼ 1:17; SD ¼ 0:37) than for 
ObjectFinder_Base (M ¼ 1:63; SD ¼ 1:13). Similarly, for trials requiring route planning (F3), task com
pletion time was shorter with ObjectFinder (M ¼ 70:97 s, SD ¼ 41:57) than with ObjectFinder_Base 
(M ¼ 79:41 s, SD ¼ 55:15).

5.3.4. Scenario effects on workload and system limitations
Regarding the impact of scenarios in Table 4, the temporal demand was in the living room (M ¼ 3:13;
SD ¼ 1:73) compared to the office (M ¼ 2:16; SD ¼ 1:46), with four participants rating them equally 
and four rating the living room higher. Two participants rated performance in the living room more 
than 4 points higher than in the office, and upon review, these participants used ObjectFinder_Base for 
exploration. In the living room, overlooking the coffee table as an obstacle on the way to the sofa was 
mentioned by four participants and may have made the scenario more challenging. For example, P1 
noted: “[ … ] the possibility of overlooking some obstacles like the coffee table [ … ] if I hadn’t known that 
there was the table, I would have just run into it, which is not that nice.” Retrieving keyframes for 
MLLM information reveals that the landscape orientation of the camera at eye level provides a limited 
vertical field of view, and participants were not accustomed to lowering their heads to detect obstacles. 
Although participants achieved the same task completion rate (45=48) in both settings, they took longer 
to complete each object-search task in the living room (M ¼ 83:22 s, SD ¼ 59:17) than in the office 
(M ¼ 67:09 s, SD ¼ 41:34).

Although ObjectFinder was evaluated in controlled indoor scenarios, P2 envisioned broader use 
cases, such as “[ … ] why not outdoor? For example, in a park to find a bench [ … ] in a hotel [ … ] to 
find an information desk,” which are often challenging due to limitations in tactile exploration.

Table 4. Assessment of workload required to complete tasks with two systems (ObjectFinder vs. ObjectFinder_base) 
and in two scenarios (office vs. living room) using NASA-TLX. Bold values indicate lower (better) workload scores.

Sub-scale

Systems Scenarios

ObjectFinder ObjectFinder_base Office Living room

Mean Std dev Mean Std dev Mean Std dev Mean Std dev

Mental demand 4.25 2.96 5.38 3.42 4.50 2.93 5.13 3.52
Physical demand 2.44 1.76 3.00 2.39 2.69 2.25 2.75 1.98
Temporal 2.63 2.00 2.63 1.30 2.13 1.46 3.13 1.73
Performance 4.69 2.02 7.25 2.38 4.94 2.43 7.00 2.27
Effort 4.13 2.03 5.38 3.11 4.75 3.11 4.75 2.25
Frustration 4.13 3.48 4.38 3.07 4.00 3.46 4.50 3.07

Scores represent workload assessed across both systems and both scenarios separately. Higher scores indicate higher workload (worse), 
except for performance where higher scores indicate poorer self-assessed performance.

18 R. LIU ET AL.



5.4. RQ4: What insights from participants’ interactions with ObjectFinder can guide the design 
of future object search systems?

Participants suggested that interaction features and hardware for object search should support personal
ization. Additionally, they considered object detection, localization, and route planning to be important 
functions of object search.

5.4.1. Interaction features
Participants highlighted the need for efficient and flexible interaction for both input and receiving 
information. Regarding target specification, P8 described the voice commands as “pretty, pretty easy,” 
while P4 suggested “maybe it’s better to have the ability to switch between a list of maybe recognized 
objects and voice commands.” P5 mentioned that she was not yet accustomed to the earcon indicating 
when to stand still. Besides the current earcons, P6 suggested replacing the current spoken option con
firmation with an additional earcon.

As mentioned before, some participants preferred more information, while they suggested 
“implementing a skip option” (P1) and the ability to “switch information on and off optionally” (P2). P4 
suggested adding a main menu to easily switch between object search (detection and navigation) and 
scene description. The importance of efficient information acquisition was also reflected in participants’ 
references to commercial applications. P1 highlighted the interaction feature of Lookout, “I don’t have 
to take a picture and wait for a response.” P2 shared his experience that receiving explanations from a 
sighted person on BeMyEyes “works better because it’s without delay.”

5.4.2. Software requirements
We asked participants to rate the functions (F1–F5) before and after exploring ObjectFinder and 
ObjectFinder_Base, in terms of their importance and level of interest for object search, as captured by 
Likert scores (Figure 10). Among the five functions, localization information (F2) was rated as the most 
important. The functions of object detection (F1), localization information (F2), and route planning 
(F3) are important for the object search task (l > 4:0), with reduced standard errors after exploration. 
However, two of these functions (F2 and F3) are not available in description-only or detection-only 
commercial applications, as they rely on the integration of both components. P8 mentioned the advan
tage of ObjectFinder is “the distance and also the guiding function which is not really available for the 
other both apps.”

Additionally, we note that the software should make few mistakes. Half of the participants reported 
disliking Lookout’s frequent misidentifications. As P5 noted, “it misidentified objects [ … ], like there’s 
no dishwasher,” and at times, the teapot was mislabeled as a helmet or mouse.

5.4.3. Hardware requirements
Participants noted both advantages and disadvantages of capturing scenarios with glasses compared to 
a cellphone. Three participants experienced reduced mental effort in determining the camera’s orienta
tion when using glasses that capture the egocentric view. “It’s always harder for me to think exactly 
about what the phone is capturing with the phone camera, I found that better with the glasses.” (P6). 

Figure 10. Evaluation of the five functions in terms of importance and level of interest, using 5-point Likert scale 
(1¼ not at all, 5¼ very much), before and after exploring two scenarios. Error bars represent standard. F1: object detec
tion; F2: localization information; F3: route planning; F4: scene description; F5: open questions.
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On the contrary, users required external cues to lower their heads to capture objects lower in the scene. 
Two participants who explored the office using ObjectFinder_Base failed to capture items on the desk 
without lowering their heads and remained unaware of a plate of cookies that was also present. (C2) 
Additionally, using glasses poses a challenge, as they represent an extra item to carry and can be forgot
ten alongside smartphones (P4, P5). The price of the glasses was also mentioned to be considered.

6. Technical evaluation of MLLM outputs

To assess the reliability of the MLLM-generated feedback (Li et al., 2026), we conducted a post-hoc 
technical evaluation of all MLLM outputs collected during the user study and the tutorial before. In 
addition to GPT-4V (Achiam et al., 2023), which was deployed in the original system, we re-ran the 
same keyframes and prompts through two recent models, Claude Opus 4 (Anthropic, 2025) and 
Gemini 2.5 Flash (Gemini Team, Google, 2025), to examine whether advances in multimodal reasoning 
mitigate the spatial limitations observed in the original outputs.

6.1. Evaluation protocol

Two independent annotators with knowledge of indoor spatial layouts reviewed all 169 interactions (62 
route planning, 84 scene description, 23 open question) across three models, yielding 507 annotated 
responses in total. Each annotator worked with anonymized model labels whose assignment was 
randomized per interaction to prevent bias. The annotation scheme was designed per function type:

� Route planning (F3): Each response was judged on three binary dimensions: direction correctness 
(whether directional instructions match the actual scene), collision safety (whether following the 
instructions would avoid obstacles), and actionability (whether instructions are specific enough for a 
blind user to execute).

� Scene description (F4): Annotators extracted individual spatial claims from each response (e.g., “a 
sofa is on the left”) and labeled each claim for object existence (present vs. hallucinated) and spatial 
correctness (correct, incorrect, or ambiguous).

� Open questions (F5): Each response was rated for factual correctness (correct, partially correct, or 
incorrect) with respect to the visual content of the keyframe.

6.2. Route planning results

Table 5 summarizes the route planning evaluation. GPT-4V, the model used in the original user study, 
achieved a relatively low direction correctness rate of 79.8% and a collision safety rate of 77.4%. Both 
newer models showed substantial improvements, with Gemini 2.5 Flash reaching 92.7% direction cor
rectness and both Claude Opus 4 and Gemini 2.5 Flash achieving 87.9% safety. Actionability followed a 
similar pattern, rising from 82.3% (GPT-4V) to 89.5% (Gemini 2.5 Flash).

6.3. Scene description results

Table 6 presents the claim-level evaluation of scene descriptions. Across both annotators, GPT-4V pro
duced an average of 3.6 spatial claims per response with a hallucination rate of 10.7% and a spatial 
accuracy of 82.5%. The newer models showed marked improvements on all metrics. Gemini 2.5 Flash 
achieved the lowest hallucination rate (1.8%), while Claude Opus 4 attained the highest spatial accuracy 
(96.3%) and generated the most detailed descriptions (5.0 claims per response on average).

Table 5. Two independent annotators assessed 62 interactions per model across three dimensions. Bold values indi
cate better performance, i.e., higher directional correctness, higher collision safety, and better instruction actionability.
Model Direction " Safety " Actionability "

GPT-4V (Achiam et al., 2023) (original) 79.8 77.4 82.3
Claude Opus 4 (Anthropic, 2025) 91.9 87.9 86.3
Gemini 2.5 Flash (Gemini Team, Google, 2025) 92.7 87.9 89.5

Values represent the averaged positive rate (%) across both annotators.
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6.4. Open question results

For open questions, factual correctness improved from 80.4% with GPT-4V to 89.1% with both Claude 
Opus 4 and Gemini 2.5 Flash. The small sample size (23 interactions per model) limits the granularity 
of this comparison, but the trend is consistent with the improvements observed for the other two 
functions.

These results confirm quantitatively the spatial reasoning errors identified in Figure 9: GPT-4V’s 
route instructions carried a 22:6% collision risk and its scene descriptions contained 10:7% halluci
nated objects. Newer models substantially reduce but do not eliminate these errors, with the best- 
performing model still producing a 12:1% collision risk and a 1:8% hallucination rate. These 
residual errors suggest that no single information source should be trusted in isolation. Instead, the 
sensor-based egocentric localization (F1–F2) and the MLLM-generated contextual feedback (F3–F5) 
serve as complementary channels: users can cross-reference low-level spatial cues (e.g., distance and 
clock direction from depth sensing) against high-level scene context to form a more robust mental 
model of the environment, much as a sighted companion offers both precise directions and broader 
contextual narration.

7. Discussion

Our research highlights that object-search systems have potential as an assistive technology for people 
who are blind. Here, we want to discuss future directions for the development of such systems, outlin
ing challenges and opportunities for the Human–Computer Interaction (HCI) and accessibility research 
communities.

7.1. Enhancing interaction and information design for object-search systems

In our study, we uncovered a range of features and characteristics of ObjectFinder that offer interesting 
avenues for future work, either through iteration on our system or integration into comparable systems. 
This subsection focuses on interaction flow, context delivery, and intent handling.

7.1.1. Adapting seamless context delivery to dynamic scenarios and varying use cases
In our study, participants acknowledged that ObjectFinder effectively provides allocentric and egocen
tric information as targeted scene context for object search, yet they still expressed a desire for more 
seamless context: they wanted a brief overview of the scene before starting a search, as well as a simple 
main menu to choose between scene description and object search functions. While WorldScribe 
(Chang et al., 2024) is not a goal-oriented system, its ability to provide scene descriptions with dynamic 
latency and granularity could complement ObjectFinder’s goal-oriented capabilities. Future work could 
therefore investigate how to unify general-purpose exploration and goal-oriented object search, for 
example by introducing an explicit exploration mode and a goal mode, and allowing users to switch 
between them through lightweight controls (e.g., a dedicated button or short voice commands such as 
“help me find … ” to enter goal mode, and “stop searching” to return to exploration). Mode clarity could 
be enhanced through distinct earcons and consistent phrasing, building on customizable audio descrip
tions (Cheema et al., 2025; Natalie et al., 2024) and earcon-based mode awareness (Brewster et al., 
1993; Monsaingeon et al., 2023).

Table 6. Claim-level evaluation of scene description outputs (F4). Bold values indicate better performance, i.e., lower 
hallucination rate and higher spatial accuracy.
Model Claims Claims/resp. Halluc. # Spatial acc. "

GPT-4V (Achiam et al., 2023) (original) 302 3.6 10.7 82.5
Claude Opus 4 (Anthropic, 2025) 417 5.0 3.5 96.3
Gemini 2.5 Flash (Gemini Team, Google, 2025) 387 4.6 1.8 93.8

Two annotators independently extracted and assessed spatial claims from 84 descriptions per model. Hallucination rate measures the per
centage of claims referring to non-existent objects.
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7.1.2. Providing tailored and adaptive information for object search
Compared to systems based solely on descriptions or detection, and to the disjointed ObjectFinder_ 
Base, participants perceived that ObjectFinder’s seamlessly integrated design delivers essential informa
tion for object search, including egocentric cues (distance and direction to the target) and allocentric 
cues (relationships between target and surrounding objects), and enables crucial functions (object detec
tion, localization, and route planning). However, participants expressed mixed views about the amount 
of information and about optional details, e.g., color and alerts. Future object-search systems should 
allow users to adjust and personalize both the amount and type of information, e.g., by skipping ver
bose content and personalizing descriptive attributes.

Participants also suggested how information delivery could be improved. Participants wanted distan
ces not only to the target but also to surrounding objects, and preferred less repetition as they became 
familiar with a space. Future designs could therefore combine speech with spatial audio (Afonso-Jaco & 
Katz, 2022): speech feedback offers initial clarity when a user first encounters an object or scene, while 
spatialized earcons could provide continuous, low-cognitive-load tracking during active search and 
navigation (Blum et al., 2012; Katz et al., 2012). For instance, a spatial earcon mapped to the target’s 
location could update in real time as the user moves, with pitch or tempo modulations conveying prox
imity, as demonstrated by systems such as Microsoft Soundscape (Microsoft Research, 2018). As users 
build a mental model of the space, the system could gradually shift from speech-dominant to earcon- 
dominant feedback to further reduce cognitive load.

7.1.3. Facilitating intent recognition in object search
Although LLMs can infer user intent as an auxiliary cognitive system, prior work shows that users with 
blindness struggle to articulate their complex intents in just a few sentences and often refine their goals 
during exploration (Chang et al., 2024). To address this, ObjectFinder offers intent selection via a set of 
refined prompts that users trigger with buttons, explicitly indicating their current intent and updating 
it with new triggers along the path. This design makes the interaction more controllable. However, 
since the current version of ObjectFinder is dedicated to unfamiliar scenarios, the options are prede
fined and relatively general, and not yet programmable (Herskovitz et al., 2024), which limits adapta
tion to users’ habitual, idiosyncratic intents (e.g., “find the laptop on my workstation”). Future systems 
could either make these intent options programmable, allowing users to define reusable intent pro
grams tailored to their own routines (Herskovitz et al., 2024; Wen et al., 2024), or incorporate online 
and continual personalization methods for LLMs that incrementally adapt to individual histories and 
preferences (Chen et al., 2024; Liu et al., 2025; Shi et al., 2026; Tan et al., 2024; Wo�zniak et al., 2024).

7.2. Strengthening robustness and real-world integration

This subsection focuses on practical deployment considerations, and how ObjectFinder can fit into 
established tools and strategies of users with blindness.

7.2.1. Improving system reliability and integration with other assistive technology
Unsurprisingly, participants expressed a preference for a system that is error-free and can accurately 
locate searched objects. The egocentric distance to the target should be measured horizontally instead 
of the current head-to-object distance d. With the pitch angle h from the IMU integrated in most smart 
devices, the horizontal distance can be approximated as d � cos h: Likewise, we noted instances when 
furniture fell outside the camera’s field of view. For example, living room furnishings were lower than 
those in the office in our laboratory setting, and the target coffee table was always missed. 
Incorporating additional sensing, like LiDAR (Liu et al., 2021) and omnidirectional camera 
(Kawaharazuka et al., 2024), could enhance scene perception over larger areas, reducing the need for 
physical scanning efforts. Wider FoV cameras, however, may exceed the coverage of depth sensors. In 
such cases, monocular depth estimation methods (Piccinelli et al., 2024; Yang, Kang, et al., 2024) could 
serve as an alternative for distance inference beyond the depth sensor’s range. In terms of software, 
once the infrastructure is upgraded to deploy all models on a remote server, SLAM (Matsuki et al., 
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2024; Yan et al., 2024; Zhu et al., 2024) and AI agents (LLMs with memory) (Xu et al., 2025; Yang, 
Yang, et al., 2025, Anthropic, 2025) can support holistic scene understanding.

The system should be lightweight and offer intuitive interaction features. Earcons should be learn
able, and a training session to acquaint users with the meanings of earcons at the outset is advisable. 
According to Jakob’s Law (Jakob, 1999), the design of object search systems should incorporate the use 
of daily tools of users with blindness, e.g., using cell phones to replace Jetson Nano for data processing.

7.2.2. Augmenting users’ established strategies with ObjectFinder
People with blindness rely on established orientation and mobility strategies to find objects, including 
cane (Scott, 2025), maintaining organized environments with consistent object placement and tactile 
labels (Bilal et al., 2025; Macular Disease Foundation Australia, n.d), and using systematic search pat
terns grounded in mental maps and salient landmarks (Guide Dogs for the Blind Association, 2025; 
Schinazi et al., 2016). Outdoors, they extend these strategies into route and survey knowledge (Ottink 
et al., 2022) anchored by “crucial objects” (Islam et al., 2024) such as crossings and traffic lights that 
structure exploration and help confirm their location. While active exploration remains central, partici
pants in our study reported that ObjectFinder can ease this process by making them aware of target 
candidates and tabletop items without extensive physical exploration, and by providing targeted scene 
context for orientation, although they still rely on their hands to locate the objects. This suggests that 
ObjectFinder augments, rather than replaces, tactile exploration. ObjectFinder is designed as a wearable 
to keep users’ hands free for tactile exploration. Future work should investigate which kinds of context
ual knowledge are most crucial for supporting these established strategies in different scenarios, and 
how mobility training and users’ strategies might evolve when they use such assistive systems.

7.3. Tensions and concerns regarding vision- and AI-based assistive technology

There are tensions and concerns that need to be resolved for systems such as ObjectFinder to effectively 
and safely support object searching.

7.3.1. User habits and needs regarding lighting conditions for camera-based systems
Although computer vision can compensate for vision loss, good lighting is crucial for camera-based sys
tems. However, this conflicts with the fact that light plays a different role in the lives of people with 
blindness: Persons who are legally blind may not use light in their homes and workplaces in the same 
way as sighted developers would anticipate (Gonzalez Penuela et al., 2024), and people who do have 
residual vision may not find lighting conditions required by camera systems comfortable. Considering 
such scenarios, future systems could explore integrating thermal imaging as an additional modality to 
complement RGB and depth, reducing dependence on bright, potentially uncomfortable lighting 
conditions.

7.3.2. Addressing safety concerns in the context of AI
The failure to detect low pieces of furniture can be attributed not only to technical constraints, but also 
to scanning strategy limitations, e.g., participants may not anticipate the height of certain furniture and 
therefore fail to direct their scanning downward to locate it. While established gaze-based environmen
tal scanning strategies exist for people who are blind or have low vision (Riddering, 2023), no specific 
scanning strategies for smart glasses tailored to individuals with blindness have been developed. With 
advancements in wearable systems, integrating these techniques into mobility training is now both 
viable and beneficial.

Despite new technological solutions (which may introduce additional challenges), this case illustrates 
a safety tension: Users are encouraged to rely on such systems, yet vision- and AI-based tools can be 
unreliable, e.g., in assistive technology (Alharbi et al., 2024). This gap between promise and reliability 
calls for transparent communication and collaboratively negotiated expectations with users who 
are blind, for instance by exposing calibrated reliability cues (such as confidence-linked phrasing) and 
co-designed fallbacks to established non-technological strategies.
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7.3.3. Understanding the limitations of technology for object search
Finally, the HCI and accessibility communities have previously questioned technologies that narrowly 
equate independence with individual self-sufficiency. Beatrice (2021) critically appraised navigation 
technologies for people with blindness, arguing that in some situations collaboration with others may 
be more appropriate than a technological solution. Building on the principle of interdependence 
(Bennett et al., 2018), assistive technology should account for the social context and collective access, 
raising questions such as: Is it really necessary for a person with blindness to rely on ObjectFinder at 
work, or could non-disabled colleagues instead make a greater effort not to misplace or alter their desk? 
Here, we would like to make clear that we envision systems such as ObjectFinder tools that can be 
leveraged by people with blindness in their day-to-day life, but that we do not believe that these should 
replace collective access labor and shared responsibility for everyday spaces.

8. Limitation and future work

There are a few limitations that need to be taken into account when interpreting our findings. This 
research, conducted in small indoor settings of our lab, does not investigate the effectiveness of 
ObjectFinder in larger, real-world public, private, or outdoor environments. In particular, real-world 
conditions introduce challenges that our controlled lab setting did not capture, including changing 
lighting, moving objects causing false detections or intermittent occlusion, and crowded scenes reducing 
detection confidence and depth estimation. Potential mitigations include temporal filtering, adaptive 
confidence thresholds, and object tracking. Our work takes a first step toward interactive object search 
for people with blindness, and we leave evaluation under dynamic real-world conditions for future 
work. We therefore recruited only participants from nearby regions.

Several integration challenges remain across the components of ObjectFinder. The confidence thresh
old was calibrated in a controlled laboratory environment to minimize false positives. Adapting this 
threshold to diverse real-world scenarios remains an open challenge, as environmental variability can 
shift the effective detection distribution. Although ObjectFinder possesses MLLM capabilities to infer 
surroundings beyond the immediate view, it cannot reliably remember explored spaces. Thus, each 
environment remains unfamiliar to the system, limiting its ability to provide a holistic understanding 
to the user. Furthermore, due to the latency of MLLM-based functions, feedback is generated from 
frames captured several seconds earlier and may no longer reflect the user’s current position, even 
when the user is signaled to pause. Future iterations could integrate continuous pose tracking to com
pensate for user movement during processing, keeping spatial feedback synchronized with the user’s 
real-time location. Even though glasses are preferred for orientation, the ObjectFinder prototype is 
equipped with relatively heavy hardware, as it is designed for upstream technology development rather 
than for everyday use at this stage.

Our first goal was to assess whether the interactive object-search system with seamless integration of 
description and detection components tackles the multifaceted object search task, and to define the 
future direction for the development of the object search system. After addressing the challenges and 
implementing the suggestions from participants, we intend to conduct a larger-scale quantitative evalu
ation of the system in comparison with business-as-usual approaches, engaging more participants with 
blindness in real private and public scenarios across different cities to evaluate ObjectFinder’s effective
ness in real-world conditions. Given the residual error rates observed in our technical evaluation, 
ObjectFinder should be used as a supplementary information source alongside existing mobility aids 
such as white canes or guide dogs, rather than as a standalone navigation system.

9. Conclusion

In this work, we explored the design and development of a prototype that integrates detection and 
description seamlessly to enable open-vocabulary interactive object search by people with blindness. 
With our prototype, we address limitations of existing systems that are either description- or detection- 
only: locating regions of interest and discovering incidental targets. The system feedback is tailored to 
various user intents. Our user study suggests that this approach is promising, as it provides essential 
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egocentric localization, allocentric relational cues, core functionalities, intent-driven scene context, and 
a conversational interface. Overall, our work represents an initial step toward developing AI-based 
assistive technology that supports the multifaceted object search, providing first insights into user 
requirements and application challenges. Here, we hope that our work will encourage and facilitate fur
ther development of object-search systems, and that it will inspire future studies into the experiences 
that blind people have with such technologies.
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