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Abstract
The adoption of robotics and automated solutions in life sciences R&D has accelerated in recent years, driven by the need 
to process increasing sample volumes, protect laboratory staff from hazardous substances, and manage financial pressures. 
Various automation systems, each with distinct levels of sample processing, transportation tasks, and data management, are 
available to meet specific application requirements, with liquid handling robots taking pivotal positions in these systems. 
However, current liquid handling robots, such as the Opentrons OT-2, lack integrated vision-based quality control, which 
limits their accuracy and reliability. This study presents an AI-driven computer vision model designed to enhance quality 
control in laboratory automation. By integrating the YOLOv8 object detection model with the OT-2, our model enables 
precise detection of pipette tips and liquid volumes, providing real-time feedback on errors, such as missing tips and incor-
rect liquid levels. Our results demonstrate the model's effectiveness and accessibility, presenting an affordable solution for 
improving automation in academic and research laboratories. This closed-loop system transforms the OT-2 into a robust 
tool for automated laboratory tasks, making it an accessible and cost-effective approach for enhancing quality control in 
laboratory automation and addressing a critical gap in available tools for resource-limited settings.

Keywords  Life science Automation · Machine Learning · Robotics · Computer vision · Image processing

1  Introduction

The rapid advancements in robotics and artificial intel-
ligence (AI) are increasingly transforming life sciences, 
particularly in laboratory automation [1]. The demand for 
automated laboratory solutions in life science R&D is driven 

by the need to process large sample volumes efficiently, pro-
tect laboratory staff from hazardous substances, and mitigate 
financial constraints. Automation enhances reproducibility, 
efficiency, and safety in laboratory processes. However, sig-
nificant barriers, including high costs, protocol variability, 
and limited expertise, restrict its widespread adoption [2].

Despite the success of automation in fields like manufactur-
ing and food production, laboratory automation in life sciences 
remains limited. Current systems are often restricted to partially 
automated tasks, with end-to-end automation being rare outside 
pharmaceutical high-throughput screening. University labora-
tories, unlike industrial and clinical labs, continue to rely heav-
ily on manual processes, constrained by short-term funding, 
high protocol variability, and a focus on personnel development 
over equipment investments [3]. These constraints highlight the 
urgent need for flexible, modular, and cost-effective automation 
systems that can adapt to dynamic laboratory environments [4].

Most existing systems lack integrated real-time quality con-
trol mechanisms, which are critical for ensuring experimental 
accuracy. This paper addresses this gap by introducing an AI-
driven computer vision solution that integrates YOLOv8 with 
the Opentrons OT-2 liquid handling robot. The system transforms 
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the OT-2 into a closed-loop robotic platform capable of real-time 
error detection and correction. By focusing on accessibility and 
affordability, our approach enables wider adoption of high-qual-
ity laboratory automation in academic and resource-limited set-
tings, bridging a significant gap in current technologies.

Liquid handling robots are central to laboratory automa-
tion, particularly for high-precision tasks like drug screen-
ing, biochemical assays, molecular genetics and cell biol-
ogy, where precise sample transfer is essential [5]. Manual 
pipetting, a tedious and error-prone process, underscores the 
need for automated solutions to improve productivity and 
reproducibility. While high-end systems like the Tecan Flu-
ent offer active monitoring, cost-effective alternatives such 
as the Opentrons OT-2 lack real-time feedback, which can 
lead to errors like missing tips or incorrect liquid transfers, 
compromising experimental validity [6].

The integration of AI, particularly computer vision, into 
robotics marks a significant advancement in laboratory auto-
mation [7]. Computer vision enables robots to "see" and inter-
pret their environment [8], facilitating intelligent interactions 
with objects, laboratory instruments, and even humans [9]. This 
convergence of AI and robotics, often termed robotic vision 
[10], has unlocked new capabilities in sectors such as autono-
mous navigation, industrial automation, and human–computer 
interaction [11]. Using advanced object detection techniques, 
robots equipped with computer vision can perform essential 
tasks like object recognition, spatial positioning, and motion 
tracking, ensuring high precision in laboratory processes [12]. 
Additionally, computer vision allows robots to adapt to dynamic 
and unstructured environments by continuously analyzing 
visual data, enabling real-time decision-making and enhanced 
autonomy in challenging scenarios.

Traditional computer vision applications [13], relied on 
feature-based algorithms like Scale-Invariant Feature Trans-
form (SIFT) and Histogram of Oriented Gradients (HOG) for 
object recognition. However, recent advances in deep learning 
[14] have shifted the field toward convolutional neural networks 
(CNNs), which excel at handling large datasets and complex 
image analysis tasks [15]. Among these, the You Only Look 
Once (YOLO) models [16], have demonstrated exceptional 
capabilities in real-time object detection and accuracy. The latest 
iteration, YOLOv8, combines fast processing speeds with high 
detection accuracy and features advanced components like the 
Feature Pyramid Network (FPN) and Path Aggregation Network 
(PAN) for reliable results [17]. Its user-friendly Python package 
[18] and optimized annotation tools make it particularly suitable 
for real-time applications in laboratory environments [19].

Beyond laboratory automation, YOLO models have 
shown versatility in fields such as agriculture, where they 
have been applied for crop detection, maturity classification, 
and disease identification. For example, Moya et al. dem-
onstrated YOLOv5's adaptability to diverse environmental 
conditions for crop maturity classification [20]. Similarly, 

recent advancements, such as YOLO-TLA, incorporate 
lightweight modifications and global attention mechanisms 
to enhance small object detection in resource-constrained 
environments [21] reflecting ongoing efforts to make object 
detection more efficient and broadly applicable.

This paper contributes to the field by presenting: (i) a 
real-time feedback loop enabling closed-loop control for the 
OT-2 robot, (ii) the novel application of YOLOv8 optimized 
for high-throughput laboratory workflows, and (iii) the prac-
tical implementation of the system in real-world scenarios, 
demonstrating its scalability and robustness. These advance-
ments mark a significant step toward modular, affordable, 
and highly adaptable laboratory automation systems, foster-
ing broader adoption of robotics in life sciences.

2 � Methodology

The experiments were conducted in February 2024, follow-
ing a structured workflow to ensure precise data acquisi-
tion and processing in real-world laboratory settings. The 
methodology consisted of four main steps: (1) Data Collec-
tion – Capturing images of pipette tips and liquid volumes 
using a camera integrated with the OT-2 robot under varied 
lab conditions; (2) Image Annotation – Using the Computer 
Vision Annotation Tool (CVAT) to label pipette tips and 
liquid volumes for object detection; (3) Model Training 
– Training the YOLOv8 object detection model on the anno-
tated dataset; and (4) Real-Time Integration and Error Detec-
tion – Deploying the trained model in a server-client setup 
for real-time pipetting error detection and feedback to the 
OT-2. This workflow supports efficient, high-quality control 
for automated liquid handling in laboratory environments.

2.1 � Data acquisition

To collect the necessary data for our study, we equipped the 
OT-2 robot with a Logitech C920 HD PRO camera, strategi-
cally positioned to focus on the area of interest. This setup 
ensured timely capture of high-quality images under realistic 
laboratory conditions, including complex backgrounds and 
variable lighting, to enable the model’s effective perfor-
mance in real-world scenarios.

During operation, the robotic 8-channel pipetting arm 
triggered the server to capture an image at each predefined 
position. A total of 456 images were selected for training 
the model, encompassing a range of conditions typically 
encountered in laboratory workflows. The data collection 
focused on three key scenarios, summarized in Table 1:

1.	 P300 Pipette Tips: We captured 208 images of P300 pipette 
tips filled with transparent, red, blue, and green liquids, with 
volumes ranging from 50 to 300 µl in 10-µl increments.
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2.	 P20 Pipette Tips: An additional 48 images were taken 
of smaller P20 tips, featuring the same color range but 
with liquid volumes at empty, 10 µl, and 20 µl.

3.	 Complex Scenarios: To simulate more complex sce-
narios, we included 200 images depicting missing tips 
and varying liquid volumes and colors.

These scenarios were designed to simulate typical 
experimental situations, ensuring the dataset’s diversity and 
robustness for machine learning model development. Fig-
ure 1. presents a representative sample of the collected data.

2.2 � Computer vision and AI model development 
using YOLOv8

To prepare the training dataset for deep learning, each image 
was pre-processed and aligned to fit the YOLOv8 format, 
optimizing it for transfer learning. During the image anno-
tation process, we prioritize precise placement of bounding 
boxes and accurate delineation of the area within each box. 
This meticulous approach aimed to provide the deep learning 
network with detailed and precise training inputs, thereby 
bolstering the model's overall accuracy and performance. 
The images were annotated using the online ‘Computer 
Vision Annotation Tool’ (CVAT) [22], recoding whether 

each of the eight tips was attached to the robotic arm and 
further the specific amount of liquid in each tip. Precise 
annotation was conducted to label both the pipette tips and 
the liquid volumes within them. This process involved manu-
ally drawing bounding boxes around each pipette tip and 
the corresponding liquid area, which enables the model to 
distinguish between correctly and incorrectly attached tips, 
as well as assess liquid volumes accurately. Figure 2. shows 
an example of an annotated image from our dataset.

The YOLOv8 model was trained using Python librar-
ies, specifically Ultralytics' super-gradients and PyTorch, 
on an NVIDIA RTX GPU with an intel core i9 proces-
sor. To ensure robustness and generalization, the dataset 
was divided into an 80:20 split for training and validation, 
respectively. This setup minimized overfitting and enabled 
the model to perform reliably on new data. The source 
code for this model is available on GitHub at:

https://​github.​com/​BDD-G/​OT2-​Compu​ter-​Vision.

2.3 � Design of workflow and robotics control

The operation of the Opentrons OT-2 liquid handler robot is 
controlled by a built-in Raspberry Pi 3 + circuit board with 
a Quad Core 1.2GHz Broadcom BCM2837 64bit CPU and 
1GB RAM, into which workflow programs are loaded and 
executed from. The limited processing power of the Rasp-
berry Pi makes it unfeasible to simultaneously support con-
trol of the robot and perform real-time image analysis.

To address this, we implemented a client–server setup 
where the Raspberry Pi manages robotic control tasks (as 
in the factory setup) while offloading the computationally 
demanding image processing tasks to an external PC. This 
system setup is illustrated in Fig. 3. showing the integra-
tion of the OT-2 robot, external PC, and camera, enabling 
distributed processing and real-time feedback for the robot’s 
performance. This distributed approach allows for efficient 
task management without overburdening the robot’s onboard 
processor.

2.3.1 � Implementation of distributed processing

Distributed processing enables the system to overcome the 
inherent limitations of the OT-2's low-powered Raspberry 
Pi. In this setup (Fig. 4.), an external PC with a power-
ful processor acts as a server, managing computationally 

Table 1   Dataset Details Image Category Quantity Description

P300 Pipette Tips 208 Transparent, red, blue, green liquids (50–300 µL in 10 µL increments)
P20 Pipette Tips 48 Transparent, red, blue, green liquids (empty, 10 µL, 20 µL)
Complex Scenarios 200 Missing tips, varying liquid volumes and colors
Total 456

Fig. 1   Representative sample of the captured images of filled pipette 
tips found in the training data set. To emulate as close to a realistic 
operational scenario as possible, images were captured with a com-
plex background

https://github.com/BDD-G/OT2-Computer-Vision
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Fig. 2   Example of an anno-
tated image using the CVAT 
annotation environment. Two 
annotation classes were manu-
ally added; one outlining the 
pipette tips (red boxes) and 
the second outlining the liquid 
found within individual pipette 
tips (blue boxes)

Fig. 3   Integration of the Opentrons OT-2 with the external PC and camera for an AI control vision system

Fig. 4   Client–Server interaction workflow in a distributed processing setup for real-time image analysis and error handling in robotic pipetting
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intensive tasks such as object detection and image analysis. 
The Raspberry Pi functions as a client, sending requests to 
the server to inspect the robotic pipetting arm after each 
cycle.

The server responds to commands issued by the client 
(OT-2). When the client aspirates liquid into tips and posi-
tions its robotic arm to a predefined position on the robot-
ics deck, it sends a 'capture_image' command to the server. 
Upon receiving this command, the server captures the 
image, applies a trained object detection model to identify 
tips and liquid contents, and then communicates its findings 
back to the client. If the server does not detect any errors, it 
sends a “go-ahead” signal to the Raspberry Pi, which then 
executes the next step in the robotics program. However, in 
cases where the server detects errors, missing tips or wrong 
liquid levels, it responds by requesting human intervention, 
or by log the anomalies for further analysis and then sending 
a go-ahead signal to the client (OT-2), that continues with 
it program.

The server further maintains structured data to track the 
detected tips and liquid volumes across consecutive images, 
continuously updating these data structures as new images 
are processed. When commanded with a 'shutdown_server' 
directive, the server gracefully ceases operations and pre-
pares to transmit the accumulated data, ensuring a smooth 
shutdown process.

The client interacts with the server using two primary 
commands: 'capture_image' and 'shutdown_server'. When 
the robotic pipetting arm picks up tips and aspirates liquid, 
it positions itself for imaging. The client (OT-2) sends a 
'capture_image' command to prompt the server for analysis. 
Subsequently, the 'shutdown_server' command instructs the 
server to conclude its operations, offering an effective means 
for the client to manage computational resources. This cli-
ent–server arrangement allows for seamless exchange of 
commands and images, enabling the server to process and 
relay outcomes efficiently. This operational framework opti-
mizes resource utilization and enhances overall processing 
efficiency. Figure 5. illustrates the algorithm in command 

Fig. 5   Pseudo code for client–server algorithm, the algorithm illus-
trates the interaction where the client (OT-2) commands the server 
to capture and analyze images, identifying tips and liquid contents, 

and maintaining structured data. The server processes 'capture_image' 
commands until it receives a 'shutdown_server' command, ensuring 
efficient management of computational tasks and resource utilization
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flow and data exchange between the OT-2's Raspberry Pi 
and the external PC, for client–server setup.

2.4 � AI‑powered error detection and measurement 
techniques

2.4.1 � Detecting missing pipette tip position

The algorithm for identifying missing pipette tips begins 
by assuming the presence of eight tips. If all eight tips are 
detected, the process is completed. If fewer than eight tips 
are detected, the algorithm proceeds to identify the missing 
tips. The detection algorithms assume that missing pipette 
tips or incorrect liquid levels can be reliably identified by 
locating expected features through bounding boxes around 
pipette tips and liquid volumes. This assumption simplifies 
the detection process and allows for efficient classification 
within common laboratory setups.

First, the algorithm calculates the expected horizontal dis-
tance between the tips, called 'section_width'. This is done 
by dividing the total width of the robotic arm ('arm_width') 
into ten equal sections, with the first and last sections serv-
ing as gaps before and after the tips. The 'section_width' 
is the distance between each tip. Using the bounding box 
information of the detected tips, the algorithm calculates the 
center point of each tip. Since the tips are evenly spaced and 
aligned horizontally, their center points should align as well.

To accurately check the presence of each tip, the algo-
rithm defines a 'tolerance_range' around each expected 
position, which is half of the 'section_width'. This range 
allows for flexibility and improves detection accuracy. The 
algorithm checks whether a detected tip's center point falls 
within this expected range. If no tip is found within the 
range, it is marked as missing.

Finally, the algorithm then generates two lists: one indi-
cating the presence of tips (with '1' for present and '0' for 
missing) and another listing the positions of the missing tips. 
This process ensures precise identification and documen-
tation of missing tips, enhancing the reliability and error-
handling capabilities of the OT-2 robot. By systematically 
verifying each expected tip position, the system improves the 
accuracy of automated liquid handling processes, contribut-
ing significantly to operational efficiency and consistency in 
laboratory workflows.

2.4.2 � Measuring liquid levels in tips

The develop algorithm for accurately determining the liq-
uid level (proxy for volume) inside pipette tips employs a 
systematic approach. Initially, the object detection model 
identifies both the tips, and the liquid contained within 
them. It next measures the vertical distance between the tip 
of pipette tip and the liquid surface to determine the liquid 

level, enabling calculation of the percentage of the tip filled 
with liquid. Using the known total capacity of the tip, we 
next compute the precise amount of liquid present.

However, due to the conical shape of the tip and the une-
ven distribution of liquid inside, our initial method required 
refinement. To address this challenge, we developed a poly-
nomial regression model [23]. This model utilizes both the 
percentage of the tip filled with liquid and the actual meas-
ured amount of liquid inside the tip as parameters, based on 
the recorded images and volumes the robot was instructed 
to aspire. The polynomial regression model is represented 
in Eq. (1):

where:

•	 V is the volume of liquid.
•	 P is the percentage of the tip filled with liquid.
•	 a, b, c are regression coefficients determined through 

training.

Implementing this approach significantly improved the 
accuracy of the liquid volume measurements. The refined 
algorithm ensures precise data essential for automated liq-
uid handling tasks in practical laboratory settings. By inte-
grating object detection with precise measurement tech-
niques and advanced regression modeling, our algorithm 
expertly adapts to the complex geometries and variations 
encountered in real-world laboratory conditions.

3 � Experimental results and analysis

This section provides a detailed account of the observed out-
comes concerning the detection of pipette tips, liquids, and 
liquid levels, focusing on their performance in real-world 
laboratory settings. An essential component of this analysis 
is the evaluation of the processing time required for these 
detections. All these results and analyses are produced using 
a calibrated OT-2 liquid handler, ensuring the reliability and 
accuracy of the evaluations.

3.1 � Evaluating model performance

In assessing our model's performance, we prioritize several 
critical factors. Initially, we analyze the losses incurred dur-
ing both training and validation stages, including box loss, 
classification loss, and Distribution Focal Loss (DFL) [24]. 
These metrics reveal the model's accuracy in classifying 
detected objects, such as different types of liquids or fill lev-
els. Specifically, DFL measures the precision in predicting 

(1)V = aP2
+ bP + c
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the orientation and direction of objects, ensuring accurate 
positioning within the image frame (Fig. 6).

The selection of batch size, number of epochs, and learn-
ing rate were optimized through iterative testing. Initial trials 
indicated that batch sizes below 16 caused memory inef-
ficiencies, while larger sizes led to a plateau in accuracy 
gains. A batch size of 16 was therefore chosen to balance 
memory utilization and performance. Similarly, we experi-
mented with different numbers of epochs and determined 
that 50 epochs provided a satisfactory trade-off between 
model training time and accuracy, as indicated by the sta-
ble mAP@95 and recall scores. Any deviations from these 
parameters would likely impact the model's precision, par-
ticularly under varied lighting conditions and diverse liquid 
volumes present in the dataset.

We observe a consistent reduction in these losses over the 
course of training and validation. This trend indicates that 
the model has progressively enhanced its ability to recognize 
and categorize objects more accurately, thereby reducing 
errors and improving overall performance.

In addition to measure the accuracy of the ‘pipette tip’ 
and liquid detection, we calculate mean average precision 
(mAP) as our evaluation metric [25]. mAP is a standard 
evaluation metric in.

object detection calculates the mean Average Precision 
(AP) across all classes at a predetermined Intersection 
over Union (IoU) threshold [26]. To define precision in 
object detection, the algorithm calculates the ratio of true 
positives to the total number of true positives and false 
positives. A true positive occurs when the IoU between 
the predicted box and the ground truth exceeds the set 
IoU threshold, while a false positive occurs when the IoU 
falls below that threshold. Precision is then calculated as 
represented in Eq. (2):

For each class, we compute the mean precision by iterat-
ing over a set of IoU thresholds and averaging the results. 
For mAP50-95, we use IoU thresholds from 0.5 to 0.95 in 
increments of 0.05. The average precision over this range is 
considered the class AP. By averaging the APs of all classes, 
we obtain the mAP50-95. (Table 2.).

Following completion of the training, the model 
achieved a mAP@0.5 score of 0.995, indicating it's excep-
tional accuracy in identifying objects under less stringent 
criteria. Despite a slightly lower score of 0.88513 with 

(2)
tp

tp + fp

Fig. 6   Loss and Performance Metrics During YOLOv8 Model Train-
ing. This graph displays key performance trends for box loss, clas-
sification loss (cls_loss), and Distribution Focal Loss (DFL) over the 
training and validation phases, each showing continuous decreases 
that indicate effective learning and refinement of object detection 
capabilities. Notably, the classification loss stabilizes below 0.5 dur-
ing validation, demonstrating the model's capacity to achieve a low 
error rate when classifying new data and balancing false positives 

with false negatives. The DFL, which enhances the model's precision 
in predicting object orientation and detail, decreases substantially, 
highlighting improvements in fine-grained object detection. Addition-
ally, the mean Average Precision (mAP) at IoU thresholds from 50 to 
95% exhibits a consistent upward trend, signifying the model’s ability 
to accurately detect and localize objects in complex lab environments. 
This progression confirms the model’s robust learning and reliability 
for real-world laboratory applications
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a stricter threshold (mAP@0.95), the model still demon-
strates robust performance even in challenging conditions.

The perfect recall score of 0.99 underscores the model's 
ability to identify all relevant objects present in the tested 
images without missing any. The model strikes a balance 
between precision and recall, effectively distinguishing rel-
evant objects while minimizing false identifications. This 
equilibrium is crucial for developing a reliable and practical 
model suitable for deployment in real-world applications.

3.2 � Readings from detected tips and liquids

Following the testing of our system, we conducted 50 
experiments to evaluate its performance. The experiments 
involved running the OT-2 robot in real-time, using live 
data directly from an actual pipetting process. During these 
experiments, intentional omissions of tip attachments were 
made, and a '12 × 8 Greiner 96-well plate' was used to assess 
the system (Fig. 7.). The system effectively captured images 
upon receiving a 'capture signal' from the robot, accurately 
delineating bounding boxes around detected tips and liquid 
in the images. This allowed for precise counting of empty 
and filled tips, as well as mapping their statuses within the 
12 × 8 well plate layout. Our tests revealed a 98% accuracy 
in identifying missing tips and their respective locations, 
demonstrating high precision across various scenarios.

Table 2   Mean Average 
Precision (mAP) Evaluation

Matric Value

mAP@50 0.995
mAP@95 0.88513
Recall 0.99

Fig. 7   Images of pipette tip detection outcomes, illustrating various 
scenarios used to evaluate the accuracy of the system in identifying 
missing tips and detecting liquid presence. Each scenario simulates 
a unique laboratory condition: (A) Light-colored liquid with one tip 
missing; (B) Transparent tip with no liquid; (C) Dark liquid with one 

tip missing; (D) All tips containing liquid. These images showcase 
the system’s ability to delineate bounding boxes around tips and liq-
uid levels, supporting high-accuracy detection and mapping of miss-
ing or empty tips within experimental setups
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Figure 8. illustrates a specific instance of a missing tip, 
providing a reference for future refinements in this area. The 
left side depicts counts of detected tips and liquid, while the 
right side shows the layout of the 12 × 8 Greiner 96-well 
plate, indicating missing tips ('MISSING').

3.3 � Measuring liquid

To determine the volume of liquid within the pipette tip, 
we conducted 100 tests using varying liquid quantities. By 
leveraging the fixed position of the camera and the precise 
movements programmed for the robotic pipetting arm, our 
regression model significantly enhanced the accuracy of our 
volume measurements. The model's precision correlates 
closely with the actual liquid volume within the tip, although 
it performs less reliably when the liquid volume is minimal. 
Optimal accuracy, in the prediction, is achieved when the tip 
contains at least 25% of its total capacity.

The polynomial regression model for volume estima-
tion, as defined by Eq. (1), yielded the following opti-
mized coefficients after training: a = 0.0401, b = 1.3500, 
and c = −40.0435. These coefficients were calibrated to 
minimize prediction error and align closely with observed 
liquid measurements. Figure 9. illustrates the polynomial 
regression curve, demonstrating how the model correlates 
the percentage of liquid in the pipette tip to the estimated 
volume. The figure also highlights the regression equation 

and key data points used during model training to achieve 
accurate predictions.

Our results demonstrate an average measurement accu-
racy of 95% in assessing the percentage of liquid within 
the tip. This suggests that our current approach is effective, 
but further improvements could be achieved by imple-
menting liquid segmentation techniques to precisely mask 
and quantify the liquid inside the tip.

Table 3 displays a log screenshot of the detected liquid 
quantities for the 12 × 8 Greiner 96-well plate. In this fig-
ure, '0' indicates the absence of liquid due to either miss-
ing tips or no liquid present in those positions. Positive 
values reflect the measured volume of liquid in each tip, 
represented in microliters. For instance, in Row 1, our sys-
tem detects that tips 1 and 2 are missing, while tips 3 and 
4 contain approximately 50 and 51 µl, respectively. This 
allows precise tracking of liquid levels across multiple 
pipette tips, offering a clear representation of fill levels 
within the well plate.

To further validate the model's performance, Table 4 
compares the actual volumes with the farthest predicted 
values identified in our dataset, providing a detailed analy-
sis of the prediction error. The average error percentage 
across these examples is calculated to be 3.4%. This high-
lights the system’s ability to deliver reliable measurements 
with minimal deviation.

Fig. 8   Evaluating the pipette tip detection capability of the developed 
systems; A) Output from the pipette tip detection workflow, where 
'A' indicate that a pipette tip was attached (detected), while 'MISS-
ING' indicates that a specific pipette tip was absent. B) The result-

ing 96-well plate following pipetting of a blue liquid, showing perfect 
correlation with the expected pattern based on the pipette tip detec-
tions in panel A
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4 � Discussion

The development of computer vision and machine learning 
(ML) based error detection system created the foundation 
for implementing automated control system in cost-effec-
tive liquid handling robots, such as the Opentrons OT-2. 
This system enables real-time quality control, providing 
precise detection of pipette tips, liquids, and their levels 

in a real-world laboratory environment. This solution not 
only enhances the operational efficiency of the Opentrons 
OT-2 robots in liquid handling but also reduces or elimi-
nates the need for human intervention during laboratory 
procedures, which is essential for fully realizing the poten-
tial of automation.

Our work establishes a novel foundation for integrating 
real-time quality control into affordable laboratory robotics. 
By leveraging YOLOv8, the system significantly enhances 

Fig. 9   Polynomial regression model for liquid volume estimation. 
The curve illustrates the relationship between the percentage of the 
pipette tip filled with liquid and the predicted liquid volume. Key data 

points and the regression equation are annotated to demonstrate the 
accuracy of the model in correlating liquid levels to volumes

Table 3   Log screenshot 
showing detected liquid 
volumes in the tips. The number 
'0' indicates the absence of 
liquid due to missing tips, 
while other numbers represent 
the quantity of liquid present 
in each tip, measured in 
microliters

Tips_Volume

Tip1 Tip2 Tip3 Tip4 Tip5 Tip6 Tip7 Tip8

Row No
Row 1 0 0 50 51 52 49 51 49
Row 2 71 0 0 69 70 70 68 70
Row 3 88 92 91 91 90 91 0 89
Row 4 113 0 109 0 110 112 108 109
Row 5 132 129 130 131 133 133 130 132
Row 6 147 152 148 153 150 0 149 0
Row 7 167 174 168 0 167 166 166 170
Row 8 0 187 188 187 194 188 191 193
Row 9 215 0 210 211 0 212 207 211
Row 10 229 232 233 233 234 235 226 234
Row 11 246 244 247 255 251 256 0 253
Row 12 266 275 0 274 276 275 264 268
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error detection capabilities while maintaining low process-
ing times. Unlike traditional high-end systems, our approach 
democratizes laboratory automation, providing an accessible 
alternative to costly proprietary solutions. The application 
of a closed-loop feedback mechanism ensures operational 
consistency, which is crucial for maintaining accuracy in 
experimental workflows. These advancements not only 
address immediate laboratory needs but also pave the way 
for broader adoption of intelligent automation in academic 
and resource-limited environments.

The intention of most efforts to automate laboratory work 
is to improve the quality of the produced results, by reducing 
the error rate in experiments, and secondly to increase the 
throughput of the given laboratory. Meaning that a workable 
solution should fulfil both goals. The analysis of images with 
the aim of detecting objects and evaluation of the observed 
conditions is a computational heavy task when relying on AI 
based analysis. The original YOLOv5 algorithm, developed 
by Yu [6], required approximately 8 s per frame for pro-
cessing, which is impractical for high-throughput laboratory 
operations, as it significantly extended the time it takes to 
perform an experiment that includes multiple pipetting steps. 
However, the recently developed YOLOv8 offers much faster 
image processing time, down to just 1.1 s per frame, which 
now makes it feasible to use AI-based image processing in 
laboratory automation systems. YOLOv8 was selected for 
this study due to its optimal balance of speed, accuracy, and 
ease of deployment, which aligns with the demands of high-
throughput laboratory automation. Unlike multi-stage algo-
rithms such as Faster R-CNN, YOLOv8 processes images 

in a single pass, enabling real-time processing essential for 
detecting fine details in pipette tips and liquid volumes. Its 
user-friendly design and streamlined deployment make it 
accessible for integration without requiring extensive com-
putational resources, as seen with frameworks like Mask 
R-CNN or EfficientDet [27, 28]. Additionally, YOLOv8's 
reliable performance in detecting small objects and vari-
ations, even in complex laboratory backgrounds, makes it 
an ideal choice for life science automation. This capability 
supports real-time monitoring of laboratory tasks, providing 
immediate visual feedback on the robot’s performance while 
maintaining high accuracy.

In the current study, we chose to work with the reason-
able praised Opentrons OT-2 platform, as the addition of 
a real-time quality monitoring system would significantly 
improve it capabilities and application scenarios. The lim-
ited processing power of the OT-2’s on-board controller, 
a Raspberry Pi, mean that we had to distribute the needed 
data processing between the Raspberry Pi and the external 
PC work in series, where the Raspberry Pi requests image 
processing services from the PC. This setup ensures that 
the system remains robust and consistently operational, as 
the Raspberry Pi is freed from heavy processing tasks that 
it wasn’t originally designed to handle. Additionally, the use 
of the external server further solved that challenge that the 
OT-2 Pi only allows for standard Python libraries, which 
were insufficient for object detection and image analysis 
tasks.

To train the YOLOv8 model for use in the detection of 
pipette tips and volume estimation, we first collected the 
needed image training dataset. In the data collection, we 
ensured that images were captured under different lighting 
conditions, including bright daylight and standard laboratory 
light. This approach aimed to simulate the range of lighting 
conditions the robot might encounter during typical labora-
tory operations. By capturing detailed and varied images, 
we trained our machine learning model on a comprehen-
sive dataset, enhancing its accuracy in object detection and 
robustness in real-world applications. This thorough data 
collection process is foundational to the development of our 
AI-driven vision system, facilitating precise monitoring and 
control of the OT-2 robot's operations. We initiated train-
ing of the YOLOv8 model by testing various image batch 
sizes, and found the optimal size to be 16, as it allowed 
for efficient use of GPU memory while maintaining robust 
training. The model was subsequently trained for 50 epochs, 
which provided a good balance between training time and 
model accuracy. Our dataset assumes consistency in pipette 
type, liquid color, and volume variations, typical of most 
laboratory workflows. The developed model was found to 
perform well overall, but certain limitations were identified 
through an analysis of failure cases. Specifically, the pipette 
tips’ long, thin, cylindrical shape led to instances where the 

Table 4   Example of a comparison between actual volumes and far-
thest predicted values by our system along with their error percent-
ages (Mean Error Percentage: 3.4%). This table compares actual vol-
umes with their most extreme predicted values from Fig.  9., which 
shows predictions for Tips 1 to 8. For each row, the farthest predicted 
value that deviates the most from the actual volume is highlighted. 
The error percentages emphasize how much the farthest predicted 
value differs from the actual volume

Actual
Volumes

Farthest Predicted Value Error
Percentage

50μl 52μl 4.0%
70μl 68μl 2.9%
90μl 88μl 2.2%
110μl 113μl 2.7%
130μl 133μl 2.3%
150μl 147μl 2.0%
170μl 174μl 2.4%
190μl 194μl 2.1%
210μl 215μl 2.4%
230μl 235μl 2.2%
250μl 244μl 2.4%
270μl 276μl 2.2%
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model misidentified similar shapes in the background—
such as curtain folds or hanging wires—as pipette tips. 
This mislabeling contributed to an increase in false positive 
detections, which impacted precision and reduced accuracy 
at higher IoU thresholds, particularly affecting mAP@95 
scores. An error source we expect that be reduce, and pos-
sibly completely eliminated, by controlling the image back-
ground, e.g. by introducing a standardized background in the 
region of the robot where the image is recorded. Addition-
ally, the model encountered challenges in detecting minimal 
liquid volumes within pipette tips, as the small liquid level 
sometimes blended visually with empty tips. This occa-
sional misclassification impacted the detection accuracy in 
near-empty scenarios. These limitations point to potential 
areas for improvement, including enhanced background fil-
tering and segmentation techniques to better differentiate 
pipette tips from similarly shaped objects. Future work may 
also focus on improving the model’s ability to distinguish 
between minimal liquid levels and empty tips, which could 
further enhance its reliability in diverse laboratory settings.

Table 5 summarizes the significant improvements in 
key performance metrics, including mAP and operational 
capabilities, achieved by our computer vision system com-
pared to the existing method [6]. The results reveal notable 
advancements in processing time, mAP@95, and recall, 
underscoring the effectiveness of our approach in automat-
ing quality control for the Opentrons OT-2 liquid handling 
robot. These enhancements not only increase the accuracy 
and efficiency of pipette tip and liquid detection but also 
ensure the system's practical applicability in real-world labo-
ratory settings.

By integrating robust object detection models and imple-
menting a server-client communication setup and relying on 
a training set captured under a series of real-life conditions, 
we ensured that our system could operate seamlessly in 
dynamic laboratory settings. The incorporation of real-time 
communication methods between the Raspberry Pi of the 
OT-2 robot and an external Python server facilitated efficient 

data exchange and command execution, which are essential 
for responsive and adaptive robotic operations.

The pipette tip detection module offers potential for fur-
ther development into a QC system capable of evaluating tip 
alignment. This could be particularly valuable when working 
with high-density SBS plates (e.g., 384-well plates), where 
the smaller well diameter increases the risk of misaligned tips 
colliding with the plate.

The current volume detection system achieves 95% accu-
racy, sufficient for detecting large pipetting errors. However, 
since most pipette manufacturers guarantee 99% accuracy for 
newly calibrated pipettes, additional training of the ML model 
or optimization of imaging conditions may be required to meet 
this standard.

In its current implementation of the developed quality 
control system simply stops the OT-2 robot, or requests 
human interventions, or log the incidence, if an error is 
detected. However, the developed system lays the ground 
for the creation of a reaction control-loop, where the detec-
tion of an error is followed by an automatic error correction 
response by the OT-2 robot (self-healing system). In the 
case where the volume is found to deviate too much from 
the expected, the OT-2 should repeat the pipetting step using 
the same source tubes. In the case of missing tips, the ideal 
would be to allow the system to check for tips before any 
pipetting is performed, and in cases where tips are missing 
to send instructions to the OT-2 to repeat the step where it 
collected the tips. By introducing the automated QC sys-
tems, we hope to reduce the number of situations, and time 
spent where scientist watch a robot work to ensure it correct 
operation.

In comparison to other high-end liquid handling sys-
tems from manufacturers such as Tecan and Hamilton, 
which often come with sophisticated and expensive quality 
control mechanisms, our developed method offers a more 
affordable solution. Commercial systems typically feature 
advanced sensors and proprietary software for quality con-
trol, requiring specialized expertise for operation and main-
tenance. Our approach, however, utilizes a web-camera and 
a PC to establish a closed-loop feedback control system. By 
enhancing the OT-2 with this cost-effective method, we offer 
a practical alternative for budget-conscious laboratories and 
low-cost pipetting robots that lack built-in quality control. 
This democratization of advanced liquid handling automa-
tion facilitates broader adoption and accessibility in various 
research settings.

5 � Conclusion and future direction

This study presents a novel AI-driven computer vision 
solution that significantly enhances quality control within 
the OT-2 liquid handling platform, marking a notable 

Table 5   Performance Comparison between Previous and Developed 
Methods

Metrics Previous method Developed method

mAP@50 0.99 0.99
mAP@95 0.81 0.88
Recall 0.98 0.99
Processing time 8 Sec 1.1 Sec
Working in real life Lab X YES
Communication method X Real-time python 

server and client 
setup

Generation of log file X YES
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advancement in life science laboratory automation. Our key 
findings demonstrate a mean average precision (mAP@50) 
of 0.995 and recall of 0.99, with processing times reduced to 
1.1 s per frame, making the system viable for high-through-
put tasks. These results underscore the AI model’s robust-
ness in accurately detecting and classifying objects, even in 
complex laboratory conditions. This work not only refines 
the operational capacity of existing robotics but also contrib-
utes theoretical insights into the application of CNN-based 
object detection for reliable quality control in life science 
automation.

Despite its promising performance, this study acknowl-
edges certain limitations, particularly the dataset’s focus on 
specific pipette types and liquid volumes. Future work will 
address these limitations by expanding the dataset to include 
a broader range of experimental conditions and additional 
liquid handling tasks. Furthermore, we aim to extend the 
system's quality control capabilities to detect challenges such 
as air bubbles, which could adversely affect liquid handling 
accuracy. We also plan to develop a web-based graphical 
user interface (GUI) for user-friendly operation and remote 
monitoring, along with a self-healing mechanism that allows 
the OT-2 to detect and correct errors autonomously. Fur-
ther integration with AI-driven decision-making systems 
may broaden applications across various scientific fields, 
enhancing the usability and impact of affordable laboratory 
automation. This study demonstrates the adaptability of 
YOLOv8 for quality control in laboratory settings, extending 
the applicability of deep learning for real-time monitoring in 
life sciences R&D. The results contribute to a deeper under-
standing of closed-loop automation, laying a foundation for 
future advancements in robotic control, quality assurance, 
and AI-driven lab automation.
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