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An automated and intelligent microfluidic
platform for microalgae detection and
monitoring†
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Microalgae not only play a vital role in the ecosystem but also hold promising commercial applications.

Conventional methods of detecting and monitoring microalgae rely on field sampling followed by

transportation to the laboratory for manual analysis, which is both time-consuming and laborious. Although

machine learning (ML) algorithms have been introduced for microalgae detection in the laboratory, no

integrated platform approach has yet emerged to enable real-time, on-site sampling and analysing. To

solve this problem, here, we develop an automated and intelligent microfluidic platform (AIMP) that can

offer automated system control, intelligent data analysis, and user interaction, providing an economical and

portable solution to alleviate the drawbacks of conventional methods for microalgae detection and

monitoring. We demonstrate the feasibility of the AIMP by detecting and classifying four microalgal species

(Cosmarium, Closterium, Micrasterias, and Haematococcus Pluvialis) that exhibit varying sizes (from a few

to hundreds of microns) and morphologies. The trained microalgae species detection network (MSDN,

based on YOLOv5 architecture) achieves a high overall mean average precision at 0.5 intersection-over-

union (mAP@0.5) of 92.8%. Furthermore, the versatility of the AIMP is demonstrated by long-term

monitoring of astaxanthin production from Haematococcus Pluvialis over a period of 30 days. The AIMP

achieved 97.5% accuracy in the detection of Haematococcus Pluvialis and 96.3% in further classification

based on astaxanthin accumulation. This study opens up a new path towards microalgae detection and

monitoring using portable intelligent devices, providing new ideas to accelerate progress in the

ecological studies and commercial exploitation of microalgae.

Introduction

Microalgae, as single-celled species that obtain nutrients from
their aquatic habitat, absorb sunlight, capture carbon dioxide
from the air and produce about 50% of atmospheric oxygen,
can range in size from a few microns to several hundred
microns, depending on the species.1 Current research on
microalgae has been conducted from two main perspectives.
One aspect is based on the position of microalgae in the
ecological chain to study their impact on the ecosystem as well
as on human health. For example, exploring the factors that
trigger harmful algal blooms (HABs) due to microalgal

overgrowth,2–4 monitoring and predicting HABs events,5,6 the
toxic threat to human health from HABs events,6–8 and
wastewater treatment by microalgae.9–11 Another direction of
research on microalgae is to explore their commercial
applications, such as biofuels, biopharmaceuticals, nutritional
supplements, and cosmetics production.12–16 Both research
directions require the detection and monitoring of microalgae.

As microalgae are not visible to the naked eye, the traditional
method of detecting microalgae requires researchers to collect
samples from various environmental sites, bring them to the
laboratory, image them with a microscope and then analyse
them manually based on morphology.17 Although this method
is reliable, there is a significant lag in the analysis of microalgae
at the environmental sites sampled as it is both time-
consuming and laborious. Therefore, in order to reduce human
effort, a few recent studies introduced machine
learning (ML) for microalgae detection.18–20 For
example, Abdullah et al.20 explore the potential of YOLO
algorithms in microalgae detection, spanning four distinct algae
species. However, it is important to note that solely relying on
ML detection algorithms, without additional considerations,

244 | Lab Chip, 2024, 24, 244–253 This journal is © The Royal Society of Chemistry 2024

a Department of Electronic, Electrical and Systems Engineering, University of

Birmingham, Edgbaston, Birmingham, B15 2TT, UK
b School of Mechanical & Mining Engineering, The University of Queensland,

Brisbane, QLD 4072 Australia
c School of Electronics and Computer Science, University of Southampton,

Southampton, SO17 1BJ, UK. E-mail: Shiyang.Tang@soton.ac.uk

† Electronic supplementary information (ESI) available. See DOI: https://doi.org/
10.1039/d3lc00851g

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

4 
de

ce
m

ba
r 

20
23

. D
ow

nl
oa

de
d 

on
 8

.1
1.

20
25

. 1
9.

50
.0

3.
 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.

View Article Online
View Journal  | View Issue

http://crossmark.crossref.org/dialog/?doi=10.1039/d3lc00851g&domain=pdf&date_stamp=2024-01-14
http://orcid.org/0000-0002-0221-1560
http://orcid.org/0000-0001-8867-9350
http://orcid.org/0000-0002-3079-8880
https://doi.org/10.1039/d3lc00851g
https://doi.org/10.1039/d3lc00851g
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d3lc00851g
https://pubs.rsc.org/en/journals/journal/LC
https://pubs.rsc.org/en/journals/journal/LC?issueid=LC024002


Lab Chip, 2024, 24, 244–253 | 245This journal is © The Royal Society of Chemistry 2024

does not fully achieve the goal of enabling “sampling and
testing” in the field. This limitation persists because ML-based
approaches still necessitate a separate and relatively large
laboratory setup (e.g., microscope, computer, etc.) for
implementation. Consequently, there remains a pressing need
to substantially reduce both the time and economic costs
associated with microalgae detection.

Microfluidics, a technique for manipulating fluids in
microchannels at the micron level, has set the trend for
engineering improvements in areas such as flow cytometry,21

microscale chemical synthesis,22 bioparticle detection,23 and
cell culture.24 Particularly due to the rapid development of ML
in recent decades, which has greatly enhanced the ability of
microfluidic platforms to process data, the construction of
intelligent microfluidic platforms resulting from the
combination of these two disciplines has received increasing
attention.25,26 The integration of microfluidics and microalgae
research has been steadily developing in the last decade.27–32 As
an illustration, Zheng et al.31 present an integrated microfluidic
device designed for marine microalgae culture and chemical
toxicity screening. While their research yielded commendable
results, the relatively intricate fabrication process of the
microfluidic chip, the chemical treatment steps required for
microalgae detection, the overall system construction costs, and
the expenses associated with consuming the microfluidic chip
during system operation collectively render the system
challenging for adoption by microalgae researchers. In addition,
Wang et al.32 present a microfluidic system for analysing ballast
water using a concentration gradient chip. This platform
incorporates a photodetection system to assess the chlorophyll
properties of the microalgae. While this research marks a
valuable contribution to the exploration of the potential of
microfluidic systems in microalgae research, it is important to
note that the system, designed with considerations for the
properties of detection reagents and chlorophyll, does not
facilitate direct microalgae-specific classification analysis.
Similar to the previously mentioned work, this system also
exhibits relatively high complexity and operational costs. Thus,
the development of microfluidic platforms dedicated to
microalgae detection remains at an early stage of development.
Image-based intelligent microfluidic platforms have the
potential to offer a more intuitive observation of microalgae
morphology, significantly easing the challenges associated with
experiment preparation. Furthermore, the development of an
integrated intelligent platform has the potential to lower the
barriers for microalgae researchers, making the field of
microfluidics more accessible and acceptable within the
microalgae research community.

In this work, we develop an automated and intelligent
microfluidic platform (AIMP) that can overcome the time-
consuming and labour-intensive drawbacks of conventional
methods for microalgae detection and monitoring. The platform
utilises a low-cost portable USB microscope and a mini XYZ
motorised platform to reduce an otherwise expensive laboratory
microscope to a size and weight that can be carried in a
backpack without compromising critical functionality. The AIMP

also uses laser-cut microfluidic chips to replace microfabricated
microfluidic channels that require complex fabrication
processes. Microalgae with four different sizes and morphologies
(Cosmarium, Closterium, Micrasterias, and Haematococcus
Pluvialis) are selected to demonstrate the feasibility of image-
based detection on this platform. Datasets are collected for these
microalgae and a YOLOv5 detection model is trained based on
the datasets. Different image processing methods are chosen for
different species for precise classification. Furthermore, we
examine the versatility of the AIMP by using it for monitoring
the production of astaxanthin from Haematococcus Pluvialis
microalgae over a long period of 30 days. The platform meets
the need for portability by having all mechanical control and
data analysing processes performed by a single microcomputer
(Raspberry Pi 4B). Finally, an App is developed to call all the
functions to make the platform easy to use.

Experimental
Materials

Four species of microalgae were obtained, including 1)
Cosmarium, which is deeply separated in the middle of the
cell by a short isthmus containing the nucleus (Carolina
Biological Supply Company); 2) Closterium, which has a
crescent or elongated shape (Carolina Biological); 3)
Micrasterias, whose size can go up to hundred-microns-level
(Carolina Biological); and 4) Haematococcus Pluvialis,
spherical to ovoid in shape, which can get remarkable colour
changes due to the accumulation of astaxanthin (Darwin
Biological Company). The USB microscope was purchased
from Jiusion Digital Microscope (focusing range: 10–250 mm,
we used a 10 mm focusing distance to get the maximum
magnification; streaming speed: 30 fps). The XYZ motorised
stage was made by assembling three miniature electric linear
actuators (Nema 17 Stepper Motor with 1.8° step angle). The
double-sided adhesive tape was purchased from 3M™ (GPT-
020F, thickness of 200 μm), which was cut using a CO2 laser
cutter (OMTech K40 40 W) to make microfluidic channels. The
top of the channel was sealed using a 3 mm thick polymethyl
methacrylate (PMMA) plate. The AIMP was powered by a
rechargeable Li-polymer battery (11.1 V, 3300 mAh, Youme
Power). A Raspberry Pi (4, Model B, 4GB RAM) was used as
the microcomputer. The total cost of building the AIMP was
less than £170, as detailed in Table S1.†

Preparation of Haematococcus Pluvialis samples

The 30 ml Haematococcus Pluvialis sample was shaken with a
laboratory shaker (Microspin 12, Grant Instruments) at 150
RPM for 5 minutes to ensure that the cells were evenly
distributed without causing overt damage to them. After
shaking the sample solution, 5 ml of the sample was taken
with a pipettor into a clear culture tube, diluted to 50 ml with
Jaworski's medium33 culturing liquid (Culture Collection of
Algae and Protozoa, SAMS Ltd.) and placed in a benchtop
shaking incubator (SQ-4020, SciQuip Ltd.) at a constant
temperature of 25 °C and a constant shaking speed of 100
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RPM. Cultures were exposed to a 12 h/12 h light/dark cycle
provided by a fluorescent lamp powered with a digital timer
switch (178-5368, RS PRO). The incubation lasted for 6 weeks,
with the start of week 2 being Day 0, and samples from Day
0, Day 15 and Day 30 were taken for validation experiments.

Results and discussion
Construction of the AIMP

Fig. 1 shows the internal structural design of the AIMP. An
XYZ motorised stage is designed and built based on three
miniaturised linear actuators to drive the USB microscope, as
shown in Fig. 1a. The linear actuator contains a stepper
motor (with a 1.8° step angle) connected with a 95 mm long
thread rod (2 mm per turn). The actuator converts the
rotation of the rod into a linear movement. Our design allows
the USB microscope to observe all the chambers of the
microfluidic chip to capture colour images for subsequent
image-based analysis. Each microfluidic chip has four sets of
sample detection channels, and each set of channels consists
of an inlet, an outlet and an observation grid consisting of
nine observation chambers of the same size, as shown in
Fig. 1b. The microfluidic chamber is fabricated by laser
cutting a double-sided adhesive tape. One side of the
tape adheres to a glass side and the other side bonds to a
transparent PMMA board. The PMMA board is also laser cut
into the designed structure (with an inlet and outlet). Such a

microfluidic channel fabrication process is simple, and the
quality of the finished product is adequate for the AIMP for
microalgae detection monitoring. Details of the microfluidic
chip fabrication process and the AIMP operation procedures
are given in Fig. S1.† To prevent the effect of external ambient
light sources on the imaging process, the platform's housing,
except for the bottom base plate, is made of opaque black
PMMA boards. The bottom base plate, which includes a
light-transmitting cavity, is 3D printed using polycarbonate
filaments. This cavity has a socket for easy and repeated
insertion and removal of the microfluidic chip and a socket
for placing the backlight LED board.

The dimension of the completed AIMP is 14 × 16 × 28 cm.
Such a size allows the platform to be easily fit into an
ordinary backpack, making it easy for outdoor microalgae
sampling and monitoring. Fig. 1c illustrates the workflow
diagram of the AIMP. After sampling is completed, the
collected microalgae are transferred to the microfluidic chip
and the chip is inserted into the AIMP. Afterwards, the
platform can be controlled via an App for real-time
microscope image acquisition, display, and analysis based on
pre-set image processing and ML. All data processing
(including the control of the XYZ motorised stage) is conducted
by a Raspberry Pi 4B microcomputer integrated into the AIMP.
The interactive graphical user interface of the App is
displayed by casting the Raspberry Pi desktop to the phone
screen via VNC (virtual network computing) software.

Fig. 1 Schematic illustration of the AIMP. a) Actual image and design schematic of the imaging part of the AIMP. b) Schematic representation of
the microfluidic chip used to load and observe microalgae. c) Schematic diagram of the workflow of the AIMP. Scare bars are 1 cm.
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Dataset preparation and machine learning

As a proof-of-concept demonstration of the AIMP for
minimising the human effort involved in the detection of
microalgae and reducing the expertise required of the
sampler, four species of microalgae, varying in size and
morphology, are selected to create the dataset used for the
training of the microalgae detection ML network. From an
initial set of 812 captured images, we curate 630 labels for
Cosmarium, 770 for Closterium, 737 for Haematococcus
Pluvialis, and 736 for Micrasterias, thus establishing the raw
image dataset, as illustrated in the histogram in Fig. 2a. To
enhance the dataset's suitability for analysis, we subject it to
a series of preprocessing steps, including auto-orientation,

resizing to 640 × 640 dimensions, automatic contrast
adjustment (contrast stretching), tiling (2 × 2), and filtering
to exclude null images, ensuring that at least 90% of images
retain annotations after preprocessing.

Given the relatively modest size of this dataset, we opt to
expand it through an image augmentation process. Beyond the
conventional flip and rotation augmentations, we introduce
additional adjustments such as saturation (ranging from −30% to
+30%) and brightness (between −10% and +10%) to compensate
for potential variations in lighting conditions during USB
microscope imaging. We also incorporate a blur adjustment (up
to 1px) to counteract potential imperfections in focus when
capturing images, as many microalgae specimens in our case are
relatively small. Additionally, a Mosaic augmentation is applied.

Fig. 2 Dataset creation and object detection performance of the four types of microalgae. a) Dataset raw size (without data augmentation) and
structure (after data augmentation). b) Data augmentation process and performance improvement. c) Performance of the object detection
network trained on the YOLOv5 architecture for the four microalgae species and presentation of representative sample images after analysis. The
images shown for the detection analysis are taken by the AIMP (magnification of 1000×, scale bar = 20 um).
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As depicted in Fig. 2b, during dataset construction, we initiate
the process by preprocessing the original images using a 2 × 2
tiling approach, which aids in improving the model's accuracy in
detecting smaller microalgae, such as Cosmarium and
Haematococcus Pluvialis. Subsequently, the tiled image set
undergoes a Mosaic augmentation to restore the original image
size and introduce more background context, thereby enhancing
the model's performance. An overall precision improvement of
approximately 6% is observed, as demonstrated in the
performance comparison graph in Fig. 2b. Upon completion of
all data preprocessing and augmentation steps, the final dataset,
as illustrated in the bar chart in Fig. 2a, is divided into three
distinct sets: training (85%, comprising 4276 images), validation

(10%, with 484 images), and testing (5%, encompassing 243
images).

Based on the microalgae dataset, we train a microalgae
species detection network (MSDN) for 100 epochs with batch
size 16 using the YOLOv5 architecture.34 The training process
is monitored, and details can be found in Fig. S2.† The
detecting results of the trained network on the test image set
and its evaluation matrices for each microalgae species are
given in Fig. 2c. Since each object in the analysed image may
belong to a different class, only true positive (TP),
background false negative (FN) and background false positive
(FP) are meaningful in the confusion matrix. The precision
(TP/(TP + FP)) and recall (TP/(TP + FN)) of the model for each

Fig. 3 Additional functions of the AIMP for monitoring the growth stage of microalgae. a) Further classification of Cosmarium and
Haematococcus Pluvialis detected by the microalgae detection model by a colour extraction function. b) Further classification of Closterium and
Micrasterias using two specific trained classifiers based on the EfficientNet-Lite0 architecture.
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microalgae species are calculated (Fig. 2c). To further
evaluate the model in an overall sense, we use the precision–
recall (PR) curve to perform further calculations and find the
value of mAP@0.5, which is the mean average precision at
0.5 intersection-over-union (IoU) threshold, is 92.8% (see Fig.
S3†). We also try to train the model on the same microalgae
dataset using other network architectures, as shown in Table
S2.† However, the performance of the model on microalgae
detection is not significantly improved compared to YOLOv5.

Limited by the field of view (FOV) of the USB microscope at
1000× magnification, the observation chamber of the
microfluidic chip cannot be fully covered in a single image
taken directly. Therefore, to be able to capture panoramic
images of the observation chamber, we integrate an automatic
image stitching function in the platform, as detailed in Fig. S4.†
In brief, the USB microscope takes images of the upper and
lower parts of the observation chamber by moving along the x
and y-axis. Then, the captured images are stitched together
using OpenCV. As the raw stitched image has black edges due
to non-ideal shifts that occur during the USB microscope
movement, we use the pixel indexing method to crop the
outermost black edges to obtain the final stitched image. The
microalgae exhibit minimal movement during the process of
generating panoramic images, as shown in Movie S1.†

To further classify the detected microalgae for monitoring
the stage of growth, we validate the use of two different
methods – colour extractor for Cosmarium and Haematococcus
Pluvialis (Fig. 3a) and EfficientNet-Lite0 network-based-
classifiers for Closterium and Micrasterias (Fig. 3b). EfficientNet-
Lite0 belongs to the EfficientNet-Lite set, which is a set of
mobile-end-friendly network models for image classification.
The EfficientNet-Lite model architecture has been validated in
many application scenarios.35,36 For monitoring the growth of
Cosmarium via colour extractor, we first crop out the Cosmarium
cells identified in the image. We then mask the parts that are
not in the target colour range by performing a pixel-by-pixel
inspection of the HSV (Hue, Saturation, Value) values for each
Cosmarium cell. By comparing the mask area with the
unmasked area within the target colour range, the proportion of
chlorophyll contained in Cosmarium cells can be derived. As
chlorophyll is an important value in microalgae that can be
extracted and utilised,37 knowing its proportion in the sample
of Cosmarium cells can provide a valuable guide for possible
subsequent sorting and extraction. A similar colour extractor
function is used for identifying Haematococcus Pluvialis cells
that produce astaxanthin. Haematococcus Pluvialis algae are
known for their ability to produce astaxanthin, an important
nutritional supplement chemical that is widely used in food,
feed, nutritional products and pharmaceuticals.38 Whereas, in
this case, we first set green and red as the target colours to
obtain the overall area of the cell excluding the background,
and then set red only as the target colour to obtain the area of
red-coloured astaxanthin accumulated in the cell, which
provides an indicator for the possible sorting and extraction.

Closterium cells, characterised by their crescent or
elongated strip-like morphology, present challenges when

attempting to establish classification thresholds through
chlorophyll occupancy analysis. Consequently, unlike the
case of Cosmarium cells, we adopt a different approach for
Closterium cells, segmenting them into two distinct groups:
those with visible chlorophyll and those without visible
chlorophyll. This division forms the dataset used to train the
binary classifier based on the EfficientNet-Lite0 network
architecture. This binary classifier achieved a classification
accuracy of 93.9% after training (as shown in the image set
on the left of Fig. 3b). Also, using the EfficientNet-Lite0
network architecture, we train a binary classifier on the
detected Micrasterias cells for recognising whether they are
in-division, achieving a classification accuracy of 77.4% (as
shown in the image set on the right of Fig. 3b).

Raspberry Pi App development

To make the AIMP more user-friendly, a Raspberry Pi App is
developed to realise the functions of camera live-streaming, XY
stage controlling, focusing tuning, picture capture, image
processing, object detection, and object classification, as
illustrated in Fig. 4. The “Welcome Page” has two selections,
one to access the “Camera” page and the other to access the “AI
Function” page. The “Camera” page allows the interface for live
streaming of the captured video from the USB microscope. The
user can adjust the movement in the X and Y directions via the
“XY Stage Movement Control” panel in the operator interface,
thus allowing the USB microscope to see the entire observation
chambers of the microfluidic chip. Furthermore, the speed of
movement can be adjusted, allowing for single-chamber
observation at small steps and inter-chamber imaging at large
steps. The focusing adjustment panel allows the distance
between the USB microscope and the microfluidic chip to be
adjusted in the Z-direction, resulting in in-focus and clear
imaging. Similarly, with the “Focusing Speed Set” button, the
movement speed in the Z direction can be adjusted, allowing
coarse and fine adjustments for clear imaging. In the operation
interface, the user can capture the currently displayed image
(auto-saved in the PhotoWall folder) and invoke the automatic
stitching function (auto-saved in the Stitched folder). Since the
automatic stitching function is invoked to acquire sub-images
from left to right and top to bottom and then stitch them
together, before using the “One-step Channel Scanner”, the user
needs to ensure that the USB microscope's current imaging area
is in the upper left of that observation chamber.

When entering the “AI Function” page, the user can select an
image folder to access (e.g. PhotoWall folder or Stitched folder).
When the image is displayed, the user can select to browse the
previous and next images in the same folder. The “Detect”
button located in the middle serves the purpose of taking the
currently displayed image as input for the trained MSDN, which
then retrieves information about the microalgae species present
in the image along with their respective counts. After
conducting MSDN analysis on 50 sample images, we find that,
on average, the platform requires approximately 1.974 s per
image from the moment the “Detect” button is pressed until
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the detection result is displayed in a pop-up window. By
selecting the specific microalgae species within the pop-up
window, the user can access their corresponding classification
functions (explained in Fig. 3b and c). The result for the selected
microalgae species after further classification will be displayed,
as shown in the screenshot at the bottom right of Fig. 4. The
full demonstration of the App for controlling the AIMP for
detecting and monitoring microalgae is given in Movie S2.†

Monitoring the accumulation of astaxanthin in
Haematococcus Pluvialis

To further examine the capability of the AMIP in practical
applications, we use it to monitor the accumulation of
astaxanthin in Haematococcus Pluvialis over a period of 30 days
and perform automatic platform-based analysis. Fig. 5a shows
the culture experiment data and comparison graph of the

manual (blue columns) and AIMP (orange columns) obtained
statistics. Using eqn (1), we compare the two sets of data and

conclude that the AIMP achieves 97.5% accuracy of detection
(Precicion_D) compared to the manual approach.

Precision D ¼

X3
i¼0;15;30

Day i Manual Count
Day i Auto Count

3
× 100% (1)

where Day_i_Manual_Count (i = 0, 15, 30) represents the
number of Haematococcus Pluvialis with the accumulation of
astaxanthin on Day 0, Day 15 and Day 30 obtained by manual
counting; similarly, Day_i_Auto_Count (i = 0, 15, 30) represents
the same significance obtained by the AIMP. The data points in
the grey line at Day 0, Day 15 and Day 30 show the proportion
of Haematococcus Pluvialis that aggregates astaxanthin (derived
from manual statistics), while the data points in the yellow line
represent the same significance derived from the AIMP. Here,
the percentage of Haematococcus Pluvialis with astaxanthin
aggregates is calculated using the following equation:

Ratio ¼
Cell with Astaxanthin Aggregate Manual Count

Manual Count
; if Manual Count

Cell with Astaxanthin Aggregate Auto Count
Auto Count

; if Auto Count

8>><
>>:

(2)

Therefore, the classifier accuracy (Precision_C) after
considering both the Haematococcus Pluvialis detection

Fig. 4 Schematic illustration of the Raspberry Pi App for the AIMP and screenshots on each node.
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accuracy and the subsequent dichotomous accuracy can be
derived using eqn (3). A comparison of these two sets of
data shows that the AIMP achieves 96.3% accuracy in
further dichotomising based on astaxanthin accumulation
detection.

Precision C ¼

X3
i¼0;15;30

Ratio Manual Count@Day i − Ratio Auto Count@Day ij j
Percentage Manual Count@Day i

3
(3)

Fig. 5b–d show example images of a single observation
chamber collected using the automatic stitching function of
the AIMP at Day 0, Day 15 and Day 30, respectively. The
Haematococcus Pluvialis microalgae are initially very small
(∼10 μm) but grow bigger (∼70 μm) after 30 days of culture.
In our microfluidic chip, the height of the observation
chamber is ∼150 μm. Therefore, larger microalgae are less
likely to overlap within the chamber, as opposed to smaller
ones. Hence, when working with relatively small microalgae,
we take measures to dilute and agitate them, effectively
reducing the occurrence of overlap. Samples used on Day 0
are diluted twofold and samples used on Day 15 are triple
diluted to reduce the overlap of Haematococcus Pluvialis cells.

The samples used on Day 30 are not diluted because
Haematococcus Pluvialis cells at this time have become larger
and less prone to overlap. To mitigate the effect caused by
the unavoidable overlapping of microalgae, many images of
microalgae with slight overlap are intentionally included in

our training dataset, even for the larger ones. This deliberate
inclusion helps ensure the model's robustness and ability to
handle various scenarios.

Conclusion

In summary, we develop the AIMP to overcome the significant
time and labour cost associated with conventional methods for
microalgae detection and monitoring. Using a low-cost USB
portable microscope and the mini XYZ motorised stage, the
AIMP achieves the low-cost and portability requirements without
sacrificing critical functionality. The use of laser-cut
microfluidic chips instead of microfabricated microfluidic

Fig. 5 Monitoring the accumulation of astaxanthin in Haematococcus Pluvialis. a) Culture experiment data and comparison graph of manual and
AIMP obtained statistics. Example images of a single observation chamber at b) day 0 (samples are diluted twofold before adding to the chip), c)
day 15 (samples are tripled diluted before adding to the chip), and d) day 30 (samples are not diluted). Scale bars are 200 μm.

(3)
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channels avoids the need for complex manufacturing
processes. The capability of the AIMP is validated using four
microalgae (Cosmarium, Closterium, Micrasterias, and
Haematococcus Pluvialis) of varying sizes and morphologies.
The MSDN (based on YOLOv5 architecture) trained on the
established dataset achieved mAP@0.5 of 92.8%. In addition
to MSDN, we use different image processing methods for each
microalgae species for precise classification. This precise
classification not only helps understand the growth stage of
the samples but also serves as an indicator for the potential
extraction of valuable cellular products like chlorophyll and
astaxanthin. To ensure portability, the AIMP employs a
microcomputer (Raspberry Pi 4B) to handle all mechanical
control and data analysis processes. Furthermore, the
versatility of the AIMP is demonstrated by monitoring the
astaxanthin production of Haematococcus Pluvialis over a 30
days. The AIMP achieved 97.5% accuracy in microalgae
species detection and counting, as well as an overall
classification accuracy of 96.3%. To enhance user-
friendliness, an App is developed to facilitate easy access to
all the functions of the platform. The AIMP has showcased its
vast potential as a solution for revolutionising conventional
microalgae detection and monitoring methods. Although its
performance is currently limited by a relatively small dataset,
the AIMP has the capability to make a transformative impact
with the integration of more high-quality data. With
continued research and development, the AIMP is poised to
drive significant progress in intelligent microfluidics and
enable a wide range of innovative applications in
environmental science.
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