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Abstract— This study explores the potential of automating
robotic laboratory readiness assessment by integrating Large
Language Models (LLMs) with robotic data acquisition. It
investigates the capability of LLMs to detect equipment motion
and operational status using visual and auditory information.
Despite the challenges LLMs face in spatial analysis, this study
also investigates LLM grounding methods to ensure accurate
workspace assessment. By inspecting a robotic cooking setup
with camera-equipped robotic arm, LLMs can detect the motion
of custom equipment via color-coded marks, and identify
the operational status of kitchen appliances from a single
image without any physical augmentations. Additionally, device
operation perceived through the emission of loud noises can
be assessed by post-processing sound recordings and analyzing
loudness and sound frequency metrics presented in a visual plot
form. For simple spatial tasks like saucepan positioning, LLM
provides accurate assessments when grounded with a single
image, while complex workspace safety assessment task requires
extensive knowledge of past experiences. By reviewing status of
each checklist item, the LLM can decide whether experiment
needs to be halted or requires human intervention, offering a set
of troubleshooting steps. These findings demonstrate feasibility
of the self-assessment approach for robotic laboratory systems,
paving the way for future deployments.

I. INTRODUCTION

Robots are increasingly being deployed for lab science
automation, with notables successes seen in chemistry [1],
materials science [2] and fluid dynamics [3]. These complex
systems integrate heterogeneous robots with diverse instru-
ments and equipment, making the system sensitive and prone
to failures and user setup errors. As such, the evaluation
of equipment and workspace environment before and during
operation is fundamental for intelligent robotic automation.
It not only safeguards the personnel and equipment [4], but
also guarantees that experiment will be performed under
anticipated conditions. Traditionally, visual inspection is per-
formed by a human before starting an experiment, manually
checking against a detailed checklist. While comprehensive,
this method is time-consuming and prone to errors due to
human fatigue, potentially overlooking critical issues. These
oversights can compromise safety, damage equipment, or
yield inaccurate data, leading to false conclusions and waste
of time and resources. As robots are deployed into lab and
scientific environments, it is important that they can perform
some ’self checks’ and inspection protocols, to enhance
efficiency and reduce risks, saving time and resources [5].

Robotic visual inspection is a growing field in both
academia and industry, leading to widespread adoption of
robots in field operations [6], [7]. However, currently, much
of the research and industrial applications target environ-
ments with large footprint or inherent danger, such as in-
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Fig. 1. Self-assessment process of the robotic laboratory system

dustrial plants or outdoor structures [8]. These applications
typically involve legged robots or drones navigating prede-
termined paths to capture images of specific equipment or
assess the environment more broadly, using human analysis
or pre-trained vision models for data interpretation [9], [10].
The inspection effectiveness can be further enhanced by
collecting sensor data from industrial systems, offering in-
depth insights and enabling quick detection and correction
of hazardous conditions [11]. By integrating external and in-
ternal inspection methods and executing them by robots, the
system can conduct a thorough and robust self-assessment.
Despite advancements in large-scale environments, the po-
tential for robotic inspection in compact benchtop settings,
such as those found in chemistry or food laboratories remains
underexplored due to limited integration of robotic automa-
tion. Furthermore, the diversity of lab experimental setups
requires generalizable and adaptable image data analysis
that exceeds the capabilities of pre-trained vision models,
necessitating an approach that can mimic human reasoning.
This strategy would enable robotic visual inspection systems
to evaluate unseen conditions and offer the flexibility nec-
essary to accommodate any changes in the lab environment
or inspection processes [12], [13]. Existing research in the
lab automation domain primarily focuses on automated ex-
perimentation [14], [15]. However these systems still require
human intervention for fault detection and correction.

To investigate the potential of robotic inspection and ’self-
checks’ in laboratory settings we propose combining robotic
data capture with Large Language Models (LLMs) for data
analysis. This combines the capabilities of the robots to sys-
tematically and efficiently capture visual and audio data, with
the contextual prediction capabilities of LLMs [16], reducing
the need for extensive prior knowledge. Our research aims
to transform a traditional human-defined inspection check-
list into a robotic framework that autonomously performs
individual checklist tasks, evaluating both equipment and
environmental conditions.

We test this method on a robotic cooking system with
various failure modes. Our findings show that the robotic



inspection system effectively identifies both anomalous and
normal conditions with minimal reference data. Although
the system’s ability to evaluate the overall environment is
limited in situations with sparse reference information, it
demonstrates complete accuracy and robustness when pro-
vided with contextual data like past conditions and additional
images. By assessing feedback from individual inspection
tasks, the robotic system can autonomously decide whether
an experiment can proceed, should be halted, or requires
human intervention, along with set of troubleshooting steps.

In the remainder of the paper we introduce LLM anal-
ysis methods for captured data before providing details of
the robotic and LLM implementation. Furthermore, we test
performance of the robotic inspection system across several
scenarios and conclude with a discussion on future steps.

II. METHODS
Checking the status of an experimental setup is crucial

for laboratory experiments and this repetitive task is usually
performed by humans. We propose system ’self-checks’ by
combining robotic automation for data capture with LLM
data analysis to identify system status. Our approach uses a
robot equipped with a camera and a microphone to collect
data, which the LLM analyzes to determine system status,
provide troubleshooting steps, and offer reasoning (Fig. 1).

A. Test Platform

The developed method is generalizable, however we de-
ploy it for a robotic cooking setup that includes a commerical
6 Degrees of Freedom (DoF) robotic arm and a custom 3 DoF
Cartesian arm as seen on Fig. 5 a). This setup requires checks
for equipment functionality, presence of cooking ingredients
and detection of unexpected or foreign objects.

B. Defining the checklist

We define each item of the checklist Ci by specifying it
in the following format:

Ci = Robot Data Capture, LLM Assessment Strategy

where Robot Data Capture defines the position of the
robotic arm in joint space, camera orientation, the type
of recorded information (image or sound) and data post-
processing method. Furthermore, LLM Assessment Strategy
details the analysis method of captured data, including the
type and quantity of the necessary grounding information.

Fig. 2. Comparison of marker detection strategies across varied motions
of the Cartesian platform.

C. Self-Checks

We classify the type of checklist tasks into different groups
(i.e. malfunctioning equipment) and introduce the various
robotic self-tests and how they can be made robust.

1) Detection of Equipment Malfunction:
a) Test for equipment motion: A primary failure mode

of automation equipment is lack of motion, caused by
hardware malfunctions, power outages or calibration dis-
crepancies. To understand motion, LLMs typically analyze
pairs of images taken before and after motion. This tech-
nique is effective for standard equipment like robot arms,
with motion analysis task communicated to LLM through a
textual prompt. However, for specialized robotic equipment
like Cartesian arms, this approach is insufficient, as textual
context does not accurately capture the device’s operation as
seen on Fig. 2. We propose an alternative approach using
color-coded markers to highlight motion, where a missing
marker of specific color indicates specific movements. This
method not only improves accuracy and robustness but also
requires analysis of just one image taken after the motion.

b) Test for equipment status: A wide range of devices
display visual indicators that reflect their working conditions
and settings (e.g. on/off buttons, LED screens). By inter-
preting these visual cues, LLM can determine equipment
status. Although LLMs perform well at analyzing unedited
camera images, their performance drops significantly when
processing images crowded with various features and objects,
typical in laboratory and industrial settings, and further
degrades with images in incorrect orientation. To overcome
these limitations, post-processing the original image, such as
reorienting or cropping to emphasize key details is important.
This step not only improves image understanding and rea-
soning but also reduces token usage and latency as seen on
Fig. 3, a crucial metric for time intensive applications such as
cooking. Analyzing full-resolution images with LLMs typi-
cally requires more tokens and takes longer than analyzing
cropped images. If crucial details are divided between two
smaller images, separate LLM queries for each image might
be necessary to ensure accuracy, increasing token consump-
tion and extending processing time. However, including all
essential details into one cropped image, reduces latency due
to a single LLM request, maintaining low token usage despite
the larger image size. The efficiency can be further improved
by adjusting the crop size or scaling the cropped image.

a) b)

Fig. 3. LLM performance metrics for processing full or one or two cropped
images. a) Token utilization, b) latency.



Fig. 4. Image provided to a LLM for analyzing a sound intensity across
frequencies. Two latest and two reference recordings are provided.

c) Test for equipment noise: For devices like mixers
and pumps, sound analysis is more effective than visual
analysis for determining their status. Instead of developing
a specific LLM for audio analysis, raw sound data can be
converted into text or visual plots. Utilizing their image
analysis capabilities, LLMs can examine and interpret plots,
comparing reference data with latest information to evaluate
equipment status, as shown in Fig. 4. In this instance, we as-
sess operation of instruments by transforming sound record-
ings into frequency/magnitude plots. With this information,
we can capture the unique sound signature of a specific
device, enabling LLM to detect unfamiliar tones within
certain frequencies, such as high-pitched sounds. Supplying
the LLM with baseline silence recordings alongside the
standard operating condition, provides necessary contextual
insight. To enhance the LLM comprehension, both current
and reference recordings are displayed as plots within a
single image, using distinct colors for each plot.

D. Prior knowledge

Textual information effectively describes typical scenarios
and identifies specific features within images, such as hob
temperature (Fig. 5 g), but it cannot accurately identify object
locations. By grounding LLM with imaging data, there is
notable improvement in object localization tasks (Fig. 5 f).

E. Automated Data Augmentation

For tasks that evaluate spatial conditions, LLMs need
extensive reference information to perform robustly, rather
than minimal or no input. Providing a comprehensive back-
ground information of previous scenarios and maintaining
awareness of recent developments enhances LLM reasoning.
This strategy is particularly beneficial for tasks that exhibit
considerable situational variability, such as workspace safety
evaluation (Fig. 5 h). By leveraging historical data, LLMs can
identify patterns and make informed decisions, thus boosting
their adaptability in dynamic workspace settings.

F. Error handling

Our inspection method detects robotic system anomalies
exclusively through external observations. By obtaining con-

clusions for each task in the checklist, LLM determines
the overall status of the setup and provides troubleshooting
steps if necessary. In case of major faults, like equipment
failure, the experiment is stopped as mitigation of such
condition requires significant amount of time. However,
for minor anomalies, such as missing cooking ingredients,
human intervention is requested before the experiment can
proceed. The LLM can also offer set of troubleshooting
steps by identifying root causes of problems using its general
knowledge and checklist task conclusions.

III. EXPERIMENTAL SETUP

A. Experimental system description

The robotic cooking setup presented on Fig. 5 a) and
b), features UR5 6 DoF robotic arm with mounted spat-
ula. Additionally, a camera with integrated microphone is
mounted atop a Dynamixel actuator on the cover of the 6th
joint, enabling 360 degree rotation. This camera is utilized
for inspecting the setup, while the robotic arm navigates
the workspace through the set of waypoints. The rest of
the cooking setup includes a custom 3 DoF Cartesian arm
equipped with motorized spice dispensers and two syringe
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Fig. 5. Overview of the experimental setup and sample images for the
LLM image analysis. a) Overall robotic cooking setup, b) spice dispensers,
c) cropped image used for checking presence of ingredients in the spice
dispensers, d) dispenser button press check, e) cartesian arm, f) saucepan,
g) hob and h) workspace image check.
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pumps for precise ingredient handling. Actuators trigger the
dispensers by pressing a button, and stepper motors drive
the syringe pumps, ensuring accurate liquid dispensing. The
cooking process takes place in a saucepan positioned on a
induction hob, secured between aluminum profiles.

B. Implementation

1) Large Language Models: Captured data is analyzed
using OpenAI GPT-4 model through Completions and As-
sistants API. Due to model limitations, image analysis is
exclusively performed via Completions API, employing gpt-
4-1106-vision-preview model [17]. For tasks requiring access
to historical data, the Assistants API, utilizing gpt-4-0125-
preview model is used. To ensure consistent output, the
Completions API is configured by temperature parameter set
to 0 and the fixed seed parameter [18].

2) Equipment operation - Image: Detecting operation of
Cartesian platform (Fig. 5 e), induction hob (Fig. 5 g) and
ingredient dispenser (Fig. 5 d) is performed using LLM
vision capabilities, with context provided in textual form
within a prompt. A single image, typically captured during
operation or after a motion event is analyzed by the LLM.
Specifically, for spice dispensers, visual inspection method
is utilized as alternative approach.

3) Equipment operation - Sound: The operation of in-
gredient dispensers is primarily detected by analyzing 6-
second sound recordings, as these devices emit distinct loud
sound during operation. These recordings are post-processed
for every inspection to extract overall loudness and sound
frequency distribution. The loudness is quantified using the
LUFS (Loudness Unit Full Scale) metric, which measures
perceived loudness by averaging sound levels over time
[19]. This metric enables LLM to identify loud sounds and
is provided in text form. Furthermore, by analyzing sound
intensity across frequencies, LLM can differentiate dispenser
sounds from those of nearby equipment. This information is
passed to the LLM in the visual format, as shown in Fig. 4.

4) Container substance level monitoring: Measuring in-
gredient quantities in spice dispensers presents a challenge
for LLMs, allowing only detection of ingredient presence.
Additionally, analyzing full images often leads to inconsis-
tent outcomes, making it necessary to crop images to the
area of interest (Fig. 5 c). With such focused input, mini-
mal context within textual prompt suffices for the reliable
detection of common substances such as salt and pepper.

5) Object placement evaluation: Given the constraints
of LLMs in understanding spatial relationships, this task
requires comparison of a recent image with a reference
to accurately determine equipment status. In the analyzed
workspace, the LLM is tasked with assessing two factors,
the placement of the saucepan on the hob and the security
of its handle. Accurately addressing both questions may be
challenging for the LLM, raising the risk of overestimating
potential hazards. However, within the context of the overall
system evaluation, this concern is considered minor and can
be easily addressed with minimal human intervention.

6) Workspace assessment: Before starting the experiment,
the workspace must be inspected for unexpected objects that
could cause experiment failure or damage equipment. This
task poses a significant challenge for the LLMs, as it requires
precise differentiation between safe and hazardous condi-
tions, particularly in scenarios involving foreign objects. For
accurate task execution, LLM requires historical context of
past situations to make well-informed decisions. Currently,
the Assistants API cannot directly analyze images. There-
fore, the process begins with the Completions API, which
interprets images and generates textual descriptions which
are then forwarded to the Assistant for safety evaluation.

7) Overall system assessment: The evaluation of the
overall system is carried out via Assistants API, which
receives only the final status and reasoning for each checklist
task. This approach prevents over-contextualization, allowing
implementation of adaptive decision-making strategies to
maximize system availability. For instance, upon detecting
a fault, the LLM directs the robot to inspect faulty condition
using an alternative method. The system is only declared
unsafe if this secondary inspection also fails.

C. LLM Prompt Structure
For each interaction with the LLM via the Completions

or Assistants API, the prompt is organized into four distinct
sections: Objective, Instructions, Important Notes and Output
Indicator. The Objective section outlines the goal of the task,
while the Instructions section provides step-by-step guide
for problem analysis. Final conclusion alongside reasoning is
provided in format specified by the Output Indicator section.
Additionally, the Important Notes section provides the LLM
with additional task context. Typically, prompts are conveyed
as a single message, but for tasks requiring image compar-
isons or extensive prompts, these sections may be delivered
as separate messages to ensure better comprehension.
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Fig. 7. Performance of LLM in detecting marks on a Cartesian arm across
scenarios with objects a) similar in color but different in shape, b) similar
in both color and shape, and c), d) featuring a human wearing a yellow or
orange safety vest with matching color mark on the helmet.

IV. EXPERIMENTAL RESULTS

A. Detection of Cartesian Axis Motion

To detect Cartesian arm axis movements, the LLM relies
on detection of color-coded markers. The performance was
evaluated in a lab setting by assessing LLM’s ability to detect
markers on XYZ axes (Pass/Fail) and provide reasoning for
its decisions. This strategy effectively distinguishes between
similarly colored objects with different shapes as seen on
Fig. 7 a). However, it faces difficulties when objects share
both shape and color (Fig. 7 b). The LLM excels in scenarios
where a human is present and is wearing a similarly colored
vest and helmet with a matching color mark (Fig. 7 c, d).

B. Detection of Equipment through Sound

For devices which emit noise during operation, sound
analysis is a preferred way to check functionality. Given
the prevalence of background noise in the labs, it is crucial
to evaluate LLM performance in both expected (e.g. mixer
noise) and unexpected (e.g. bell sound) noise conditions. For
each sound sample the LLM is tasked to detect operational
status of the spice dispenser (Pass/Fail/External noise) and
to provide brief reasoning. The results are given in Fig. 8.

b)

a)

Fig. 8. Influence of various sound metrics on the ability of LLM to detect
a) malfunctioning and b) operational spice dispensers.

Under ideal, noise-free conditions, the LLM accurately
identifies dispenser status with only one or both sound
metrics, as seen on Fig. 8 a) and b). In the presence
of background noise, the sound emitted by the dispenser
remains the most dominant, allowing reliable detection. In
contrast, when the dispenser is faulty, background noise
becomes a disruptive factor, impeding accurate detection in
scenarios where one of the sound metrics is not considered.

C. Detection of Equipment Location

Checking the correct placement of equipment prior to
experiments is crucial, but performing this task using LLMs
is challenging due to their limitations. By grounding LLM
with a single reference image that illustrates a safe condition,
we task LLM to assess various saucepan positions in a
workspace. For every inspection, the LLM accurately detects
significant alterations from the reference image, but fails to
identify hazardous conditions that resemble safe ones.

D. Workspace Safety Evaluation

Detecting presence and location of foreign objects, and
assessing their risk to the safety of the overall system is
a crucial task in system readiness assessment. By providing
information regarding safety rules, past scenarios and images
from different camera angles, we task LLM to classify
workspace as safe or unsafe for experimentation.

Considering the diversity of workspace scenarios, the
LLM underperforms when provided with no extensive con-
text, often overestimating risk and providing inaccurate jus-
tifications in nearly half of the correct decisions, as shown
in Fig. 9. With inclusion of historical data for both safe and
hazardous conditions, the LLM overestimates safe situations
but accurately justifies all correctly identified scenarios. Ad-
ditionally, LLM image textual descriptions often misinterpret
object sizes, for instance perceiving a pepper container for
being as large as a milk carton. However, using images
from three different angles mitigates these inaccuracies, thus
enhancing decision-making and reasoning capabilities.

E. Full System Deployment

Using each of the demonstrated unit tests, a full system
check can be performed. We simulate different errors, equip-
ment faults, and also minor problems that can be resolved
with quick human intervention. For four different scenarios,

Fig. 9. Ability of the LLM to accurately assess workspace safety conditions
with different levels of contextual information.
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a series of different checks, the status identified by the robot
and the final conclusion given by the robot are shown in
Fig. 10. The detection process accounts for downstream
effects. For example, a failure in early checks, such as
the Cartesian platform, also shows a failure in dispenser
ingredient evaluation due to its unexpected position. Fur-
thermore, the approach is flexible with ability to handle
alternative assessments, such as directing robot to visually
inspect dispensers, in case sound check fails.

V. DISCUSSIONS & CONCLUSIONS

In this work, we provide a method for combining robotic
data capture and LLMs for self assessment of the readiness
of robotic laboratory systems. This is applied to a robotic
cooking setup that utilizes this method to analyze visual and
auditory data captured by a camera-equipped robotic arm,
ensuring accurate assessment of equipment and workspace
readiness. Our findings show that color marker detection
from an image is effective for detecting motion and operation
of equipment, and correct device operation can be evaluated
from images where no contextual information is given.
For devices which signal their operation through sound, by
using two separate metrics, robust sound detection can be
performed even in presence of background noise. Regarding
overall system health, the LLM reliably differentiates crit-
ical from minor issues, distinguishing between equipment
malfunctions and minor faults that require quick human
intervention to resume experimentation.

This approach could be extended to allow for continuous
monitoring, providing more real-time insights, comparisons
between scenarios and early detection of errors. Further-
more, captured data can be used for optimization of system
parameters, allowing online adjustment of equipment for
optimal performance. Finally, if the robot capabilities could
be extended to incorporate failure recovery, this could enable
self checking and self recovery from failure.
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