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Abstract—The rise of self-driving laboratories has seen
significant growth across various research domains, particularly
in chemistry, materials science and life science. However, a
major challenge persists—the majority of self-driving systems
are costly due to the use of highly precise lab equipment,
robotic platforms, and case-specific algorithms, rendering these
systems less accessible for educational purposes. This paper
takes a multidisciplinary approach; we first introduce a small-
scale self-driving experiment platform tailored for educational
use, focusing on liquid materials mixing tasks commonly seen
in chemistry and life sciences. To understand the operational
status in real-time while maintaining self-driving capability
and efficiency, we propose a novel system concept: employing
a mobile robot as the lab supervisor to monitor the experi-
ment process across multiple identical self-driving platforms.
Specifically, this paper focuses on implementing a vision-based
monitoring system. A deep learning architecture with a new
training strategy is presented to jointly address two tasks:
(a) vessel and content material segmentation and (b) volume
estimation. The two tasks can be trained independently but
can be inferred end-to-end by integrating them into the Mask
R-CNN framework. Through evaluating the monitoring module
on a real dataset, the results showcase promising detection
capabilities, good real-time performance, and compatibility
with the self-driving platform, indicating the feasibility of our
proposed system.

I. INTRODUCTION

Research activities in chemistry, materials science and
life science often involve extensive laboratory work, which
demands continuous physical presence, considerable time
and expertise from researchers. To address this challenge,
materials acceleration platforms (MAPs) or self-driving labs
(SDLs) have gained prominence, often jointly referred to as
‘lab automation’ [17, 3, 1, 2]. SDLs require multidisciplinary
skill sets, as they integrate robotic platforms, advanced lab
equipment, and Al algorithms to execute experimental labo-
ratory tasks automatically and, in some cases, autonomously.
However, such platforms are prohibitively expensive to build
and require consistent and meticulous maintenance. Conse-
quently, access is typically restricted to professional staff,
limiting broader applicability.

The authors acknowledge the Digital PhD Program at the Technical
University of Denmark (DTU), and the Digital Hub for Energy Materials at
DTU Energy for support. The authors would like to thank students Louie
Lucas Bisgaard Nyeland, R6gvi Ziskason, and Kshitij Gambhir for helping
with building the self-driving platform.

I Department of Electrical and Photonics Engineering, Automation and
Control Group, Technical University of Denmark {jun re, ronjag,
oravn, lanalpa}@dtu.dk

2Department of Energy Conversion and Storage, Technical University of
Denmark {nisfi, teve, jchang}@dtu.dk

979-8-3315-3161-4/25/$31.00 ©2025 IEEE

1

Fig. 1: Illustration of the proposed concept targeting liquid
materials discovery experiments for educational purposes.
First, several small-scale self-driving materials discovery
platforms have been designed and built. To monitor the status
of various experiments, a small vision-based mobile robot
is deployed to navigate around and check the self-driving
platforms, informing the students about the status of the ex-
periments and potentially initiating subsequent manipulation
actions.

Mask R-CNN-
based Liquid
Detector

To alleviate the aforementioned limitations and make
SDLs part of lab education, we present a concept of im-
plementing several stationary self-driving platforms in a lab
for university students conducting class-level experiments,
with supervision from a vision-enabled mobile robot. To be
more specific, in our case, a self-driving platform is built for
accelerated materials discovery, where a certain percentage
of raw materials stored in separate containers is pumped into
a test cell, and the characteristics of the mix are measured and
compared against the target goal. Simultaneously, a mobile
robot is implemented to mimic a human operator monitoring
the experiments. The robot navigates around the platform(s),
locates containers, and estimates the level of materials inside.
If the estimation is in disagreement with lab expectation, the
robot will take action, such as replacing the empty vessel
with a new one. The illustration of our concept is shown in
Figure 1.

The design of the self-driving platform is modular with all
liquid containers aligned on one side, as shown in 2a. This
arrangement facilitates easy monitoring and replacement of
the equipment. Having an on-site monitoring system can
assist in maintaining constant and safe operation. A Mask
R-CNN-based architecture is proposed to mainly perform
two vision monitoring tasks: vessel-liquid segmentation and

1155



liquid-level detection. The architecture is designed to be
trained separately on different datasets for the two tasks. The
training results will be combined through end-to-end infer-
ence to solve more complex jobs. The whole architecture is
trained on public datasets only, avoiding the time-consuming
dataset collection process. We use the Labpics[6] dataset
to train the model for vessel-liquid instance segmentation
and the COQE[13] dataset for the liquid-level detection
task. To show our approach’s feasibility for our considered
application we tested the trained model on a custom dataset.
It is worth noting that real-time performance is highly
demanded in the monitoring system, leading us to experiment
with various backbones to enable this two-stage model to
work in real-time. In the end, the segmentation and level
detection results show the ability to support future tasks such
as container manipulation or liquid replenishment.

The main contributions of our work can be summarized
as follows:

o We present a novel self-driving liquid handling platform
tailored for educational purposes, providing a cost-
effective and easily reproducible solution.

o« We develop a deep learning architecture capable of
monitoring experiment status and performing multiple
tasks, i.e. segmentation and liquid volume detection.
Compared to existing works, our model demonstrates
good accuracy for real-time data processing.

o« We specifically design our network architecture to
showcase how different datasets can be fused to solve
more complex jobs, avoiding collecting a new large
custom dataset.

To clarify the objective of this paper, our primary focus is
on the perception task, which is to demonstrate the feasibility
of integrating a vision-based monitoring module with the
self-driving liquid handling platform, enabling the robot
to understand the status of each liquid container, provide
feedback to students, and suggest future actions. The self-
driving platform’s software and robot manipulation algorithm
are not within this paper’s scope.

II. SYSTEM DESCRIPTION AND APPLICATION CASE
A. Small-scale Self-driving Platform

The platform aims to provide students with the opportunity
to experiment with machine learning algorithms and optimize
towards a predetermined color mixture given by the instruc-
tor. Instead of employing robotic manipulators for liquid
handling, the platform utilizes peristaltic pumps to transfer
fluids from reservoirs to the test cell. This ensures simplicity
and allows students without prior robotic knowledge to use
the platform. Control of the pumps is facilitated by an
Arduino microcontroller and an 8-channel relay.

The platform features five reservoirs, which are filled with
water for flushing, as well as water mixed with red, green,
yellow, and blue colorings. The pumps then blend the desired
combination of colors within the test cell. This cell consists
of acrylic transparent flat surfaces, white LEDs to illuminate
the cell and a color sensor that detects the current color of
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Fig. 2: Pictures and diagram of the self-driving materials
discovery platform designed in our project. The bidirectional
pumps are used for liquid handling, and a sensor is mounted
on the test cell to detect the experiment result. The containers
are aligned on one side of the platform which enables easy
monitoring by the robot.

the cell. After color sensing, the cell is drained using a pump
and flushed 2 times with water before it is ready for the next
run. Waste is collected in a bottle. The peristaltic pumps are
calibrated with weight versus runtime to ensure reliable and
similar dispensing across the pumps.

The RGB color from the color sensor is then fed back
to the machine learning algorithm to optimize toward the
predetermined color given by the instructor.

A schematic illustration of conducting the color-mixing
experiment on the platform is shown in Figure 2b. The
demonstration of the working process is shown in the sup-
plement video.

B. Mobile Robot Supervisor

Implementing a vision-equipped mobile manipulator as
the lab supervisor, aims to enhance the cost efficiency and
operation of the SDL. Consider a scenario where a mobile
robot serves 4 stationary platforms in operation. It drives to-
ward each platform to identify containers that need filling or
emptying. If the liquid level is too low, the manipulator will
execute further action, such as replacing the containers. To
execute an entire supervision workflow, a mobile manipulator
is anticipated to fulfill various tasks, such as: (i) Navigating
to the selected platform, (ii) Adjusting robot arm pose to get
ready for taking pictures, (iii) Perceiving working status, (iv)
Manipulating containers if needed.

We have selected a small mobile robot manipulator from
Hiwonder, which operates on the Robot Operating System
(ROS)[15] and provides open-source software. The robot
carries an RGB camera on the last link of the robotic
arm. The camera has 480p resolution and a 180°-wide
field of view. Students working on the SDL will be given
access to set the robot’s movements, controlling the robot to
navigate to the workstations regularly for status checks and
manipulation if needed.

III. RELATED WORK

Lab automation is a popular topic being extensively re-
searched, e.g., in biology, chemistry, materials science and
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Fig. 3: Distribution of two training datasets. In Labpics, the amount of data for liquid and vessel classes is even. In COQE,

the data for each measurable class is balanced.

food science. Most works aim to build an automatic experi-
ment platform for high-level research [2, 17, 3, 1, 18], while
[12] provides a review on existing works for low-cost SDLs,
which are called ‘frugal twins’, that can be implemented
for research and education purposes. Similar to the works
discussed in [12], the self-driving platform proposed by us
is for liquid mixing purposes and has been modularized to
facilitate easy and real-time maintenance in the laboratory
environment. Among recent works, mobile robots are mainly
used as couriers without monitoring purposes. To the authors’
knowledge, our system is the first to integrate multiple small-
scale platforms and a mobile robot supervisor as a cost-
effective educational experiment platform.

The vision-based perception system enables the lab oper-
ators, both humans and robots, to understand the situation
and plan for the following actions[20]. Many experiments
in chemistry and materials science fields are conducted
using transparent glassware equipment, with the materials
in a liquid phase. Therefore, building a computer vision
system capable of detecting transparent objects is essential.
Many works on transparent object detection have collected
comprehensive datasets in both 3D simulators and the phys-
ical world, and models for detection and segmentation are
developed[21, 6]. Regarding liquid detection and liquid-level
estimation, some works used traditional computer vision
methods [22], such as background subtraction and calculat-
ing the height of the detected bounding box. Those methods
have constraints on specific environment setups, for example,
high contrast between the background and the foreground,
and the bounding box height calculation method relies on
box detection accuracy. However, works like [14, 13, 4]
used neural network models to predict the liquid volume
and level, which inspired our work. In our work, we are
interested in detecting the liquid level as a percentage of the
vessel because the specific volume value detection is easily
distracted by the view distance, as well as the capacity and
shape of the container.

We aim to solve two tasks: vessel-liquid instance segmen-
tation and liquid-level detection. We choose Mask R-CNN
[7] as the primary framework of the monitoring system.

The framework is still a popular tool used in instance
segmentation and shows good competitiveness in many
works. Transparent vessels and liquids are difficult to detect
compared to solid and opaque objects due to reflections and
weak edges[9], which means it is essential to extract image
features and select the region of interest (ROI). Therefore,
Mask R-CNN is selected due to its specialized Region
Proposal Network (RPN), ROI align module and strong
performance in instance segmentation tasks. Compared to
state-of-the-art one-stage detectors, Mask R-CNN is worse
on inference time but exhibits high predicting precision[23].
As the system would be applied within a lab scenario, we
prioritize lightweight backbones for the Mask R-CNN that
are sufficient to handle image features and reduce inference
time.

Regarding liquid level detection, [4] demonstrated that the
level prediction result would be improved when introducing
the bounding box information of each vessel during training.
Inspired by this, we would like to involve the bounding box
as input in both training and inference, where the Mask R-
CNN will provide the bounding box information during the
inference process. Thus, the system can be implemented as
an ensemble of two tasks: instance segmentation on vessels
and liquid and liquid-level prediction.

IV. DATASETS

Numerous novel datasets for transparent object and liquid
detection have been proposed recently, captured both in the
real world and in a synthetic way. An interesting challenge is
how to efficiently utilize existing public datasets and tailor
them to our specific needs instead of relying on building
custom training sets.

Targeting vessel-liquid segmentation and liquid level es-
timation tasks, we focus on two datasets: Labpics-v1[6]
and COQE[13], briefly summarized in Figure 3. Labpics
offers classes of vessels, liquids, solids and other chemistry
materials annotated with pixel-level masks. It is closely
aligned with our use case, providing scenarios in chemistry
and medical labs, making it an ideal choice for training
and testing the model. Additionally, the various material
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types make Labpics a valuable resource for expanding our
architecture on non-liquid detection in the future. Even
though COQE contains images from daily scenes—not from
labs—it uniquely labels the liquid level in discrete percentage
levels: empty, 33%, 50%, 66%, and full, which converts
liquid level estimation to a classification task. This is similar
to our task, making COQE an appealing option for our work.

For model training, we selected the classes ‘vessel’ and
‘liquid’ from Labpics to train the segmentation task. The
dataset contains balanced number of data for these two
classes. Simultaneously, we trained the liquid level detector
using the six classes from COQE, to classify liquid volume
into categories.

In order to test the model performance, we collected 50
images using the RGB camera mounted on the mobile robot
as the custom test dataset. The dataset contains scenarios of
multiple vessels with colored and uncolored transparent lig-
uids inside, and images were captured from random angles.
Only the bounding box and liquid level were labeled on the
custom test dataset to evaluate the performance of the liquid
level detection network and the performance of the entire
architecture.

V. NETWORK ARCHITECTURE

There are two tasks for the monitoring system: vessel-
liquid segmentation and liquid-level detection. We aim to
propose a method that on the one hand allows the two tasks
to be trained separately on two public datasets, and on the
other hand, allows inference end-to-end by integrating a level
detector attaching to Mask R-CNN. The entire architecture
is shown in Figure 4. Mask R-CNN first takes the RGB
image as input and outputs the categories, bounding boxes
and masks of the detected objects. As a part of the system
output, the segmentation masks can be used for future tasks
such as object localization and color detection. The detected
bounding boxes, together with the original RGB image, crop
the input as a single-vessel-focused RGB image. Then, the
cropped image is sent to the level detector for the level
detection task. The integrated network architecture enables
the system to predict both the object type (vessel or liquid)
and object property (liquid level) from one detection, and it
also enables the training of two tasks independently on two
datasets. This refrains dataset collection and relabeling when
a new project starts and boosts data efficiency.

Mask R-CNN, as a two-stage object detector, is well-
known for high precision, but its main disadvantage is
the long inference time compared to one-stage detectors.
Therefore, the selection of a backbone, which has sufficient
capacity for image features and is simple enough for faster
detection, is crucial. In our case, the backbone is responsible
for extracting features from the input image and works
with the feature pyramid network (FPN)[11] to enrich the
extracted features. The proposed regions of interest (ROI)
aligned with the features are sent to heads for prediction,
respectively.

By using the COQE dataset, the level detection is seen
as a classification task, where the volume is divided into 5

classes: ‘empty’, ‘33% full’, ‘50% full’, ‘66% full’ and ‘full’.
The liquid level is predicted based on the proportion of the
liquid inside the vessel instead of a specific value. During
training, the image is first cropped according to the ground
truth vessel bounding box, while in inference, the image is
cropped based on the bounding box output from the Mask
R-CNN. The cropped result enables level classification on
every single vessel, helping improve detection performance.

VI. EXPERIMENTS

In this section, the experimental results of the proposed
monitoring methods are presented to demonstrate our sys-
tem’s applicability. Based on the architecture introduced in
the former section, several models were trained on the public
datasets and tested on the custom dataset to select a proper
backbone and liquid-level detector.

A. Proposed architecture evaluation

We trained the Mask R-CNN with various backbones
using the Labpics dataset for the segmentation task. Only
the ‘vessel’ and ‘liquid’ classes were used during training,
which was sufficient in our scenario. We aimed to find a
lightweight backbone that can both keep the precision and
guarantee real-time performance. All networks were trained
on a single Nvidia V100 GPU and tested on Nvidia RTX
3090.

The loss function was selected from the original Mask R-
CNN model with no modification. The Mask R-CNN treats
classification, bounding box detection, and mask segmenta-
tion as three parallel tasks, from which the loss function
is the sum of these tasks as L = L.y + Lyow + Lmask-
The hyper-parameters used during training were specified as
batch size, optimizer, and learning rate. We set the batch
size as 8 due to the limited memory of our GPU and used
the adaptive moment estimation (Adam) optimizer[10] with
a constant learning rate of 0.0001 for simplicity. Considering
the properties of transparent objects, specific data augmen-
tation methods were applied during training: blurring, safe
crop, and color jitter with P = 0.5. The evaluation result
of the model with various backbones is shown in Table I.
The result illustrates that the mentioned data augmentation
pipeline can help improve the model performance in gen-
eral, and that the ResNets provide slightly better precision
but longer inference time. In the end, we use MobileNet-
v2[16] as the backbone due to its low inference time and
considerable performance.

We trained the liquid level detector on the COQE dataset.
In line with the practice of [13], the level detector was trained
with a 4-layer input: a 3-layer RGB image and a bounding
box binary mask, and then inference by only RGB image.
However, in our work, we modified the training and the
inference process by using the cropped RGB image as input.
The input was cropped by the ground truth during training,
while it was cropped by the Mask-RCNN predictions during
inference. Similar to the segmentation task, we aimed to
select a fast and precise liquid-level detector. Several popular
models were trained and compared with both original and
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Fig. 4: Proposed network architecture. The figure illustrates the processes of inference and training. The training process
I trains the Mask R-CNN to predict the mask and bounding box of the vessel and liquid instances. The training process
IT teaches the level detector to estimate the liquid volume, where the input is the RGB image cropped by the annotated
vessel bounding boxes. During inference, the entire architecture takes the RGB image as the input and sends it to the Mask
R-CNN first. The bounding box for each vessel instance, predicted by Mask R-CNN, is used to crop the RGB input and
send it to the Level detector. In the end, the predicted categories, masks, and liquid levels are outputed as the result of the

monitoring system.

cropped input. The loss function used was cross entropy
L(jy) = =K y® log§*), where k represents the ki,
class. The detectors were trained with the Adam optimizer,
constant learning rate at 0.00001, and batch size 32. Data
augmentation was also applied. Several popular networks
were trained, where ResNet[8], MobileNet[16] and Efficient-
Net[19] had input dimensions of 64 x 64, whereas the ViT
[5] 224 x 224 pixels.

TABLE I: Performance of Mask R-CNN with different back-
bones. All models used data augmentation unless otherwise
stated. Models were trained and tested on the Labpics dataset.
Result shows that data augmentation improves model per-
formance. ResNet-50 achieves the highest average precision
(AP), and MobileNet has the fastest inference time.

Backbones AP AP50 AP75 AR #params Inf.
(msec)

ResNet-50 487 651 506 529 43M 33.8

w/o data aug.

ResNet-50 51.5 67.7 55.6 56.1 43M 42.8

ResNet-18 482 64.6 51.1 522  30M 35.2

MobileNet-v2 ~ 48.1  65.3 50.9 519 8'M 21.2

TABLE II: Performance of different methods for the liquid-
level detection task, by testing on COQE dataset. The best
performance is marked in bold. Each method was trained
and tested on both non-cropped images (METHOD w/o) and
cropped images (METHOD w/). Mean Average Precision
(mAP), mean Average Recall (mAR), F1 score (F1), and
inference time are listed. ViT-b gives the highest Precision
and Recall with acceptable inference time.

Methods mAP mAR Fl Inf.
[msec]
ResNet-18 w/o 20.3 19.3 0.198 3.8
ResNet-18 w/ 36.2 35.6 0.359 3.7
MobileNet-v3 w/o  20.6 19.1 0.196 6.1
MobileNet-v3 w/ 29.0 28.4 0.287 6.3
EfficientNet w/o 21.4 20.7 0.210 174
EfficientNet w/ 38.6 374 0.380 16.8
ViT-b w/o 27.3 25.5 0264 7.6
ViT-b w/ 46.7 46.6 0.466 7.7

The evaluation results are shown in Table II, which indi-
cates that the cropped input can significantly improve model
performance. We select ViT-b as the liquid level detector
because of its overwhelming performance among other tested
models—the AP of ViT using cropped input is 40% higher
than using non-cropped input, and 20% higher than other
classifiers. The inference time of ViT-b is 7.7 msec which is
still acceptable. We noticed that during training, the ViT-b
got over-fitting after 10 epochs, while other networks were
trained for 50 epochs. This indicates the good learning ability
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Fig. 5: Segmentation and level detection results from the proposed architecture. MobileNet-V2 was used as a backbone, and
ViT-b was implemented as the level detector. The network can predict single and multiple vessels within various colored
liquids inside. Yellow boxes indicate wrong or missing predictions. Both segmentation and level estimation face difficulties

with non-colored transparent liquids.

of the vision transformer and its data-hungry characteristics.

TABLE III: Mean Average Precision and mean Average
Recall for the liquid-level detection task tested on the custom
dataset using Mask R-CNN to detect vessels and crop inputs
for the level detector.

Method mAP mAR Fl
Level detection 39.7 38.8 0.393
Level detection w/ 66.0 387 0487

‘Empty’, ‘half full’, “full’

Next, the entire proposed architecture was tested on the
custom dataset. The results show that the Mask R-CNN can
provide useful predictions to crop the image as input of the
level detector. Some indicative examples are shown in Figure
5. The results illustrate that in most cases, the network can
predict the vessels, liquid, and liquid levels well, but there
is a tricky case: non-colored transparent liquids are often
missed. However, the prediction of the liquid segments and
the liquid level are independent, which gives us the idea of
using the liquid mask to calculate the level in post-processing
as a supplement.

TABLE IV: Prediction results for vessel instance segmen-
tation, liquid volume (percentage) estimation based on seg-
mentation, liquid level detection by proposed architecture,
and color identification, based on an example of real use
case from Figure 6. The containers are ordered from left to
right.

Vessel Vessel Estimated Level Color
No. segment volume detection  [R,G,B]
-ation
1 Yes 0.3962 50% [80, 99, 125]
2 Yes 0.3166 (failed) 66% [119 ,94, 10]
3 Yes 0.5260 50% [32, 24, 51]
4 Yes 0.5491 50% [17, 46, 28]
5 Yes 0.4901 50% [40, 47, 66](failed)

Table III lists values of mean average precision and mean
average recall of the entire architecture when combining
Mask R-CNN with liquid level detector. The model is
evaluated on our custom dataset. Model performance is
slightly worse than that what demonstrates in II, due to the
scene in COQE being different and the model using seg-
mentation results as input to level detection instead ground
truth. Specifically, the values of average precision of classes
‘empty’, ‘33% full’ and ‘full’ are higher than those of classes
‘50% full’ and ‘66% full’, which indicates that the model has
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addition, two applications after segmentation are implemented. One is to estimate the liquid level by comparing the area of
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difficulty to distinguish those two close cases and this needs
to be addressed in future work. Meanwhile, we modified the
level detection in 3 categories: ‘empty’, ‘50%full’, and ‘full’
which as expected highly increased the prediction precision.

B. Real use case demonstration

In this section, an example is considered to demonstrate
the applicability of the proposed system in a real use case.
We combined the monitoring module with the self-driving
platform and captured the scene shown in Figure 6. The
result indicates that, similar to testing on previous custom
data, the computer vision model is compatible with the self-
driving platform, which can segment individual vessels and
liquid instances as well as detect the liquid level in each
vessel simultaneously. Additionally, two further applications
are considered in the segmentation branch. The first is to use
the liquid-vessel area percentage to estimate liquid volume,
which can provide a specific volume percentage. The liquid
volume is computed by (Anraskr X Amaskv)/AMaskVs
where Aprqskv is the area of the individual vessel mask
and the numerator is the area of liquid mask belonging
to the corresponding vessel. However, this method relies
on the precision of the previous segmentation step, so we
only consider it as a complement to the model-based level
detection branch. The second application is liquid color iden-
tification. Instead of relying on a predefined color for each
container, we provide an additional color check mechanism.
This is done by extracting the central pixels of the liquid
segments, reading the median RGB values, and searching
in the color map, which is a useful function in material
identification. Table IV shows the prediction of 5 containers
shown in Figure 6. The containers are ordered from left to
right. The results of the estimated liquid volume percentage
from segmentation, liquid level detection by the proposed
architecture, and color identification results are listed in the
table. Note that the color identification result of container 5,
which contains red liquid, failed due to the black container
holder partially occluding the liquid. In the future, we plan to
modify the configuration of the holder, making it thinner and

shorter to enhance vision detection. We also noticed that the
color detection by the camera is sensitive to the background
lighting condition. However, our objective is not to estimate
the absolute RGB values of the liquid, but rather to identify
the relative color components that indicate the material held
within the container which is accessible in our work.

VII. CONCLUSION AND FUTURE WORK

Lab automation is a popular topic in chemistry, materials
science and life science research, where many materials
acceleration platforms and self-driving labs have gained
prominence. To make SDLs part of lab education, we in-
troduced a small-scale self-driving platform for university
students, which can conduct class-level materials discovery
experiments. To monitor the status of individual vessels on
the self-driving platform, a Mask R-CNN-based computer vi-
sion module was built for simultaneous vessel-liquid instance
segmentation and liquid level detection. The model architec-
ture is designed to be easily trained on different datasets
for different tasks, which enlarges the utilization of public
datasets and saves efforts on collecting huge data on the
specific project. Our experiments demonstrate the precision
and real-time performance of the proposed architecture, as
well as its compatibility with the liquid handling platform.
Both the monitoring system and self-driving platform support
our proposed SDL concept: to implement a mobile robot
as the lab supervisor to monitor the experiment status for
several platforms in a room, and manipulate lab equipment.
The demonstration of the working platform and the computer
vision system is in the attached video.

During experiments, we noticed that the model had dif-
ficulties with transparent liquids. Therefore we introduced
the use of segmentation results to estimate liquid level as a
complement of the model-based liquid level detection. In
the future, we will continue improving the configuration
of the self-driving platform to make it more friendly to
the computer vision system and the robot manipulator. It
is worth noting that the holders used to fix the vessels on
the platform, seen as black plastic modules may mislead the
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model detection and post-processing in some cases, which
will also be modified in future work. The project underscores
the significance of co-creation among researchers from di-
verse disciplines. Robotics experts are tasked with designing
an autonomous system tailored to meet the requirements
of chemical experiments, while chemists must ensure that
the experiment platform configuration is conducive to the
operation of the robotics system. This ensures the successful
integration of technology and scientific research. Robot ma-
nipulation will also be implemented based on the detection
from the monitoring system. For example, if the liquid level
falls below the acceptable range, the robot should replace
the container with a new one. Conversely, if the liquid level
increases in the raw material container, the robot should issue
a warning to human operators to inspect the operation. We
believe that the combination of the mobile manipulator and
small-scale self-driving platforms will enable the realization
of fully autonomous educational SDLs in the future.
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