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Abstract—The prevailing paradigm in industrial asset man-
agement couples radio-frequency identification (RFID) tags with
dense Internet of Things (IoT) scanner grids to maintain real-
time inventories. Such infrastructure demands substantial capital
investment, which many small- and medium-sized manufacturers
cannot justify. It is also unsuitable for assets whose geometry
or material properties hinder reliable tagging, such as metal
stock, sheet-metal stacks, or bulk items that reflect or shield
RFID signals. To address this gap, we investigate a device-free
localisation framework that dispenses with per-item tags by dele-
gating the search and identification tasks to a mobile robot. The
proposed pipeline integrates stereo and RGB-D vision sensors on
a Boston Dynamics Spot quadruped, employs a vision–language
model to identify assets, and synchronises detections with a
Snipe-IT asset-management dashboard via a lightweight REST
interface. Field trials achieved 64 % floor coverage with less than
13 % false identifications at an inference cost below USD 0.20
per inspection, demonstrating the practicality of the approach.
The system generated structured and verifiable asset records
without human intervention, highlighting the viability of robot-
assisted, vision-based localisation as a plug-and-play alternative
to infrastructure-heavy IoT or RFID solutions.

I. INTRODUCTION

Routine misplacement of assets represents a significant op-
erational cost in manufacturing. Saxena et al. [1] attribute dis-
crepancies between recorded and on-hand inventory to aggres-
sive supply chain strategies that surprisingly led to increases
in holding costs for misplaced or unaccounted-for items.
This highlighted the need for more agile asset-management
practices. Recent research has explored modernising these
processes through Digital Twin (DT) technology and other
IoT-based approaches. In a systematic review [2], Alhadi et al.
trace the historical development of DTs and conclude that they
can integrate seamlessly into Industry 4.0 asset-management
workflows by leveraging advancements in artificial intelli-
gence (AI), the Internet of Things (IoT), augmented reality
(AR), and geographic information systems (GIS). However,
the associated infrastructure and implementation costs can be
prohibitive for small- and medium-sized enterprises (SMEs).
These organisations face many of the same challenges as larger
manufacturers but lack the economies of scale and capital
reserves to address them effectively, including the expense of
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installing and maintaining IoT tracking infrastructure, diffi-
culty in tagging irregular or high-turnover items, and limited
personnel capacity for regular audits. In [3], adoption costs
and human resources were identified as significant barriers for
SMEs pursuing Industry 4.0 implementation. Consequently,
SMEs often operate with incomplete or outdated inventory
records, leading to delays, misplaced tools or components, and
unplanned downtime.

In most industrial contexts, asset-management software
serves as the primary tool for mitigating inefficiencies, main-
taining a centralised register of assets with associated metadata
such as location, condition, and maintenance schedules. These
platforms can integrate with barcode or RFID scanning to
update records, automate replenishment through purchasing
systems, and, at higher sophistication, host a DT for simu-
lation, predictive maintenance, and spatial analytics [4]. This
implementation is commonly termed Real-Time Location Sys-
tem (RTLS). However, their effectiveness depends on timely
and accurate data entry—an area where SMEs often struggle
due to limited automation in data capture [3]. The resulting lag
between the physical and digital factory states compromises
operational efficiency, underscoring the need for automated,
real-time asset-localisation methods that minimise human in-
tervention and reduce infrastructure costs.

Effective asset tracking in factories often depends on RTLS,
which integrates asset tagging devices such as RFID readers,
ultra-wideband (UWB) beacons, or Bluetooth Low Energy
(BLE) nodes with software to monitor tagged items contin-
uously. These systems provide constant visibility over tools,
components, and work-in-progress items, enabling process
optimisation, root-cause analysis, and bottleneck identifica-
tion, while reducing search times, delays, and redundant pur-
chases [5], [6]. However, where RTLS coverage is incomplete,
asset visibility gaps are typically addressed through ad hoc
searches and manual record updates by personnel [7]. This
reliance on human intervention increases labour costs and
diverts skilled personnel from higher-value activities, high-
lighting the need for more flexible, infrastructure-light asset-
tracking solutions.

The costs of asset tagging and work-hours pose a unique
challenge, which encourages exploration into whether it is
possible to localise assets using “Device free localisation”
(DFL) approaches. In [8], a comprehensive study to broaden
the taxonomy of DFL approaches was conducted. This work
highlights the necessity that asset localisation plays in indus-
trial environments and delineates between active and passive
localisation approaches based on whether or not the asset
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itself “carries a tag or attached device.” Passive localisation,
corresponding to DFL, primarily relies on radio and radar-
based sensing to detect assets, differentiating their presence
using machine learning or statistical approaches [8], [9]. In
manufacturing, DFL has been demonstrated using RF-based
sensing networks to track the movement of high-value tools
and mobile equipment within defined “areas of interest” (AoIs)
on the shop floor[5]. These systems continuously monitor radio
wave propagation characteristics to detect the presence and
movement of objects without requiring them to carry tags.

For asset management, AoI-based RF sensing can provide
coarse-grained localisation, sufficient for determining whether
an asset is in a designated storage zone, in use on a par-
ticular production line, or misplaced in a restricted area.
However, while this level of spatial resolution is valuable
for high-level inventory control, it is often insufficient for
tasks requiring precise asset location, such as rapid retrieval
or automated handling. Vision-based methods, such as RGB-
D or stereo imaging, differ from RF-based approaches by
providing fine-grained localisation down to individual grid
cells in an occupancy map, enabling reliable geotagging and
visual confirmation of assets.

Vision-based DFL systems fit a unique niche by leveraging a
host of public training sets and tools, and are also low-cost. In
Naggar et al. [10], low-cost cameras and open source software
such as OpenCV was demonstrated to achieve localisation
accuracy within 1 cm as well as the coordination of multiple
robots to in formation. They effectively benchmarked the
capability of indoor positioning systems in a very controlled
environment. This approach, however, lacks generalisability
in large-scale dynamic environments because it focused on
localisation in a fixed reference frame. Furthermore, Pub-
licly available datasets, such as MS-COCO and ImageNet,
combined with a highly competitive ecosystem of machine
learning models, have made it feasible to train and deploy
sophisticated visual recognition pipelines without prohibitive
cost or bespoke data collection [11]. These advances in optical
sensing and computer vision have dramatically expanded the
capabilities of automated perception systems in industrial
contexts. This creates a timely opportunity to re-evaluate how
asset tracking can be implemented in factories, particularly in
environments where physical tagging is impractical.

Bouman et al. [12] demonstrated that autonomous platforms
can navigate and map extreme or hazardous environments
without human intervention, providing a strong foundation
for industrial applications. When integrated with advances
such as scene and semantic recognition as presented in [13]
and [14], these systems can construct detailed 3D models
from RGB-D input, segment and identify 2D objects within
them, and infer semantic context about their role or state
in the environment. In a factory setting, these capabilities
enable autonomous systems not only to operate robustly in the
presence of noise, variable lighting, and cluttered backgrounds
but also to exploit the environmental structure to improve
localisation and classification. For example, consistent object
arrangements, fixed workstations, and recurring asset layouts

Fig. 1. Overview of the UTS:RI Boston Dynamics Spot [15] with an
additional sensor array and compute unit.

can be leveraged as priors. Semantic segmentation of point-
cloud datasets suck as KITTI [14] would constrain the set
of plausible labels for an object, increasing classification
confidence and reducing false positives in dynamic production
environments.

The improved energy efficiency and increased payload
capacity of modern autonomous mobile robots make them
well-suited to carrying advanced sensing and processing sys-
tems for industrial tasks. Many platforms also provide turn-
key solutions for autonomous navigation, including tools for
planning and configuring repeatable routes [15], [16]. These
capabilities enable the robot to follow predefined paths through
a facility and perform data collection at key waypoints. In this
study, we employ Boston Dynamics’ Spot as the autonomous
platform, selected for its payload capacity, mobility, and
compatibility with custom sensing and software integration,
as shown in Figure 1.

One of the most significant advances in processing raw
visual data has been the introduction of transformer architec-
tures, which enable highly parallelised computation and su-
perior performance in tasks requiring long-range dependency
modelling [17]. Vision transformers adapt this architecture for
image analysis by dividing an image into patches, embedding
them as tokens, and processing them through self-attention
layers to capture both local and global context [18]. This
approach has demonstrated competitive or superior accuracy
to convolutional neural networks (CNNs) on a range of object
detection, classification, and segmentation benchmarks.

Given the relative ease with which mobile autonomous
systems can collect high-resolution camera data during navi-
gation, transformers provide a compelling means of converting
this unstructured input into actionable asset-management in-
formation. For example, raw RGB-D frames acquired by a
robot such as Spot can be processed through a transformer-
based model to segment the scene, classify identified assets,
and associate each detection with a geospatial coordinate.



These structured outputs can then be ingested by an asset-
management platform, where they update inventory records,
flag anomalies, and inform retrieval or maintenance actions.

The primary contribution of this paper is the development
of a transformer-based approach for camera-driven industrial
asset tracking that overcomes key challenges in vision-based
inventory systems. Specifically, it enhances classification ro-
bustness in cluttered and visually complex environments, mit-
igates false positives caused by similar object appearances,
and enables seamless integration of vision-based detections
with existing asset-management platforms, thereby providing
a practical and low-infrastructure alternative to traditional
RFID–IoT solutions.

This paper is organised into two main sections following the
introduction. The methodology describes the approach used to
implement the proposed asset-tracking system, beginning with
an overview of Spot’s kinematics and operational advantages
in industrial environments, followed by the configuration of a
fixed-path inspection routine. It then outlines the optimisation
strategies employed for frame selection to balance computa-
tional efficiency and detection accuracy, and details the setup
of the specific use case examined in this study. The results
section presents the findings from field trials, including the
generated map and the integration of detection outputs into the
asset-management dashboard. It also discusses the actionable
insights derived from the data, before reporting on inspection
time, response time, and associated costs.

II. METHODOLOGY

The methodology for this study encompasses three principal
components: the implementation of the asset-tracking system,
the configuration of the asset-management software, and the
implementation of the use-case study.

Spot has been deployed in a wide variety of industrial envi-
ronments, demonstrating its versatility in navigating complex
spaces due to its quadrupedal structure [12]. This mobility,
combined with its ability to carry diverse payloads, enables
the collection and transfer of sensor data to support the
development of larger and more sophisticated systems. The
Robotics Operating System (ROS) serves as the middleware
that enhances Spot’s functionality and sensor integration. By
maintaining a multi-threaded interface between sensors and
processes, ROS allows onboard hardware to publish collected
data. It enables other programs to subscribe to it in real time.
This architecture facilitates efficient communication between
independent hardware and software components, effectively
allowing the integrated system to operate as more than the
sum of its parts.

An outcome of this implementation is that Spot develops a
situational awareness of its environment through the analysis
of collected frames via the OpenAI API. Results from [14]
indicate that, when provided with sufficient contextual infor-
mation, Spot can generate observations that contribute valu-
able insights into the state and configuration of the factory
floor as visualised in Figure 2. The following sub-sections
describe the key elements of this perception pipeline: (i) the

Fig. 2. Overview of the experimental workspace showing the robot’s
predefined navigation zones: Zone 1 (Storage), Zone 2 (Assembly), and Zone 3
(Tools). These zones correspond to AoIs used for contextual asset localisation.

prompt-engineering strategy used to maximise the relevance
and accuracy of the model outputs, and (ii) the rationale for
selecting the specific transformer architecture employed in the
analysis.

The Vision–Language Model (VLM) layer processes the
data collected by Spot using a detailed, context-rich prompt,
as shown in Figure 3. This prompt is designed to prime
the VLM to recognise specific asset classes within the en-
vironment and to structure its output in a format that can be
directly synthesised by downstream components of the asset-
management pipeline. This structured, context-aware output
underpins the novelty of the proposed approach, enabling the
seamless integration of natural-language model reasoning with
automated inventory tracking.

The motivation behind this architecture was to evaluate
the feasibility and effectiveness of using LLMs—or more
specifically, vision-language models (VLMs)—for scene un-
derstanding and asset identification in mobile robotics appli-
cations [19]. VLMs, powered by transformer architectures,
are pre-trained on vast and diverse datasets and are capable
of interpreting multi-modal input. This characteristic allows
them to generate semantic insights from visual data without
requiring extensive fine-tuning for specific environments.

This contextual understanding is integrated with a topo-
logical map of the environment, identifying waypoints and
traversal zones as illustrated in Figure 2 and Figure 4. The
map defines Areas of Interest (AoIs) of 20 m2 each, aligned
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Fig. 3. Frame-selection and API bridge workflow for transmitting candidate
images from onboard the Spot to a remote vision–language model for asset
detection.



Fig. 4. Topological waypoint map used for the factory tour: Open cicrcle ◦
indicates the start/home, filled circle • represents the intermediate waypoints
visited in sequence, red lines denote planned traversal paths, and T marks the
terminus/docking point. The background grid corresponds to AoIs of 20 m2

each, aligned with the 2D occupancy map generated from Spot’s recorded
trajectory.

precisely with the 2D occupancy map generated from Spot’s
recorded trajectory.

The generated topological map enables operators to plan
survey routes more effectively and provides spatial context
that reduces false positives or “hallucinations” in the Vi-
sion–Language Model (VLM) output. Assets detected outside
their designated Areas of Interest (AoIs) on the map are
flagged for review, allowing location verification and record
updates. These AoIs are defined within a location dictionary
specifying expected positions for each asset type. By integrat-
ing ROS with the VLM, sensor data streams are fused into
the topological map in real time, enabling Spot to localise
assets accurately, cross-reference detections with the location
dictionary, and minimise misclassifications through context-
aware mapping.

Spot’s payload capacity allowed the integration of a ZED2
stereo camera from Stereolabs. This addition was neces-
sary because the robot’s onboard cameras publish only
monochrome images, whereas the VLM requires RGB input.
The ZED2 also offers compatibility with NVIDIA’s vision
AI frameworks, enabling accelerated processing for future
extensions. The camera drivers were configured to publish
a 360p, 30 Hz video feed, producing a continuous stream of
frames from which candidate images could be selected for
analysis. Along with the video stream, the ZED2—through its
ROS driver—also published IMU and odometry data, enabling
estimation of Spot’s pose and orientation within the work-
shop. This multimodal data capture supported experimentation
with frame-selection strategies while demonstrating that the
approach can operate effectively at relatively low resolution,
thereby reducing computational and bandwidth demands.

The captured video stream was subsequently encoded as a
Base64 string and transmitted to an external large language
model (LLM) for processing. Unlike traditional object detec-
tion pipelines that rely on locally deployed convolutional neu-
ral networks (CNNs) or other deep learning classifiers [2], this

approach leveraged the Spot platform’s networking capabilities
to offload computation to a remote LLM.

To achieve that, an API bridge was developed to evaluate
specific metrics before uploading, as shown in Figure 3. These
approaches looked for a delta in the variables listed in the
table and determined the appropriate frame to assess. This led
to other benefits paired with a reduced computational load on
the system.

VLMs trained on large-scale image–text datasets can de-
liver superior zero-shot performance, but such models require
substantial computational resources to run locally [19]. To mit-
igate this constraint, images were offloaded to an online API,
allowing inference to be performed remotely. This approach
enabled the use of a more advanced identification model
without increasing the onboard computational load. Offloading
inference also provided the flexibility to experiment with mul-
tiple frame-selection strategies, facilitating the identification of
the most suitable frames for analysis.

We evaluated three complementary heuristics to decide
whether a new frame warrants analysis:

1) Temporal spacing — enforce a minimum time interval
∆t between successive evaluations.

2) Odometry delta — trigger only when the robot’s dis-
placement exceeds a threshold ∆s.

3) Pixel-wise change — compute grayscale and HSV dif-
ferences; proceed if the mean absolute error exceeds τp.

A. Use-Case Setup

This section details the use-case setup for implementing
Spot’s autowalk and developing the contextual understanding
of the environment detailed above. The API Bridge uploads
the image with the following prompt:

“You are an asset-managing robot that is very spe-
cific about what its looking for. Evaluate these
frames for the following objects(model id-label): 1-
Laptops, 2-3D Printer, 3-Storage Units, 4-Robots, 5-
Desktops, 6-Tablets, 7-Tools, 8-Miscellaneous. List
the objects you see in the frames along with their
model id and assign a random asset tag. Provide the
output in the form of a CSV table with the following
columns: name, asset tag model id(integer), notes.
Provide exactly four columns of data.”

The API Response is then exported as a CSV, and Spot
resumes its route. This CSV column is then uploaded to the
SnipeIT API where the dashboard is prepared. This keeps
the tasks in a fixed format and informs the users about the
misplaced items in the space. This lets the user list the various
items that Spot has analysed.

Misplaced items are identified by cross-referencing detec-
tions against the location dictionary; in the example shown in
Figure 5, the asset “ROBOT” was found in Zone 8 rather than
its designated location. Such cases are flagged as “deployed,”
and the dashboard is updated accordingly. Equipped with this
information, operators can target their search to the identified
zone, aided by the captured frame in which the item was



Fig. 5. Snipe-IT asset-management dashboard populated with detections generated by Spot. Each entry includes an autogenerated asset name, asset tag,
category, status, and associated location metadata. Assets identified outside their default zones (e.g., “Zone 8” instead of “Zone 4”) are flagged for operator
review.

detected, allowing them to visually confirm and locate the asset
on the workshop floor.

III. RESULTS AND ANALYSIS

Figure 5 presents the Snipe-IT asset-management dash-
board populated with detections generated by the proposed
pipeline. Each record contains an autogenerated label, loca-
tion coordinates, and associated metadata, providing operators
with actionable inventory information. The pipeline integrates
seamlessly with the dashboard interface and creates structured,
searchable asset entries without the need for manual tagging
or data entry. This demonstrates its potential for deployment
in diverse industrial layouts where rapid configuration and
minimal operator workload are priorities.

Spatial coverage of the test environment was assessed using
the robot’s recorded trajectory and occupancy-grid mapping, as
shown in Figure 6. The plotted path reveals both high-density
traversal zones and unvisited regions, enabling segmentation
into asset-based AoIs consistent with industrial space-planning

Fig. 6. Pose trace and occupancy grid generated during Spot’s autonomous
survey of the workshop environment. The red trajectory represents the robot’s
recorded path, while the overlaid occupancy grid (1 m × 1 m cells) indicates
surveyed and unsurveyed regions. The map aligns with the global coordinate
frame used for waypoint planning.

practice. This analysis is important for assessing the complete-
ness of the asset survey and identifying spatial blind spots that
could affect localisation performance.

Table I summarises the performance of four frame-sampling
heuristics implemented within the API bridge to reduce redun-
dant inference calls. The ∆-Pose (5 %) method achieved the
highest coverage (64.0 %) and a low false-identification rate
(12.68 %), at an API cost equivalent to the time-sampled base-
line (5 s). The ∆-Greyscale (20 %) heuristic reduced frames
analysed to 2.19 % with a moderate drop in coverage (42.7 %)
and lower false IDs (13.07 %). In contrast, ∆-HSV (20 %)
minimised API usage to 1.17 % of frames but at the expense
of coverage (22.7 %) and increased false IDs (18.46 %). These
results indicate that motion- and pose-based triggers preserve
spatial coverage more effectively than purely colour-based
change detection in this environment, while still constraining
operating costs.

Overall, the combination of coverage analysis and cost
benchmarking demonstrates that selective frame evaluation
can substantially reduce cloud-inference expenses while main-
taining acceptable spatial coverage and detection reliability.
These findings validate the proposed pipeline’s viability for

TABLE I
FRAMES ANALYSED, COVERAGE, FALSE IDENTIFICATION, ASSETS, AND

COST.

Approach Frames Cov. False ID Assets Cost
(%) (%) (%) ($)

Time-sampled (5 s) 3.09 60.0 22.00 179 0.18
∆-Greyscale (20%) 2.19 42.7 13.07 153 0.22
∆-HSV (20%) 1.17 22.7 18.46 65 0.06
∆-Pose (5%) 3.29 64.0 12.68 205 0.18

Notes. Frames = proportion of captured images dispatched for inference
analysis. Cov. (%) = observed floor area coverage. False ID = percentage of
alerts requiring operator override (lower is better). Cost in USD ($) of the

API usage (inference) excluding infrastructure costs. Inference in these runs
used OpenAI’s o4-mini.



deployment in cost-sensitive industrial contexts, provided that
sampling heuristics are tuned to the specific environmental
dynamics and asset distribution patterns of the target facility.
While occlusion was qualitatively observed to affect certain
detections in cluttered areas, the proportion of detection fail-
ures specifically attributable to occlusion was not quantified in
this study. Attempts to resolve this issue remain a fundamental
locus of computer vision research as explained in section I.

IV. CONCLUSION

This research offers a glimpse into the future of asset
management by demonstrating how an autonomous quadruped
equipped with vision–language perception can integrate with
existing asset-management platforms to provide real-time, tag-
free localisation and classification of factory assets. Building
on the challenges in asset management identified by Alhadi et
al. [2] and Saxena et al. [1], this work leveraged recent ad-
vances in imaging and transformer-based analysis to produce
structured, actionable outputs, exemplified in Figure 5. These
results show that mobile vision systems can maintain human-
supervised inventory tracking in industrial environments.

Despite these promising outcomes, several limitations war-
rant consideration. First, the visual analysis pipeline incurs
a pay-per-call cost (Table I), which scales with the number
of frames processed and must be factored into operational
budgets. Second, the study was conducted in a single workshop
environment, limiting the generalisability of the results to
other facility types. Third, vision-only sensing is susceptible to
occlusion, lighting variation, and environmental noise, which
can affect detection reliability. Asset scale also presents chal-
lenges, as extremely small or large items may not be consis-
tently recognised or categorised correctly. Furthermore, Spot
performs its tally offline between shifts, meaning that mid-
shift changes to asset locations are not immediately reflected
in the database. The Spot platform itself carries a significant
capital cost, and the introduction of autonomous robots into
the workplace may encounter resistance from operators due to
perceived intrusiveness or workflow disruption.

Future work should address these limitations by validating
the approach across multiple factory types to assess cross-
domain robustness; refining frame-evaluation heuristics to
minimise cloud-processing costs; exploring low-cost sensing
platforms to improve economic viability; studying operator
workflows to ensure the system integrates smoothly into daily
operations; and investigating human–robot interaction factors
to improve acceptance and safety. Addressing these areas
will help translate the demonstrated potential into scalable,
sustainable asset-management solutions for a broad range of
industrial contexts.
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