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Abstract
The label-free extraction of cellular morphological data from within droplet microenvironments, and its subsequent
translation into reliable, high-precision sorting, continues to pose a central challenge in the field of droplet
microfluidics. Here, we develop an intelligent label-free droplet sorting (ILFDS) system by integrating droplet
microfluidics, real-time image recognition, and dielectrophoresis (DEP) sorting. The developed system operates at low
voltages (250–350 V) by using the innovative liquid-metal electrodes, which enable real-time sorting while minimizing
droplet deformation and preserving cell integrity. In experiments on sorting single-target encapsulated droplets, the
ILFDS system achieves detection accuracies of >98% and sorting efficiencies of >85% for particles, Haematococcus
pluvialis, and Scenedesmus quadricauda, with the proportion of single-target droplets increasing by approximately 3.15-
fold, 11.37-fold, and 4.59-fold, respectively, after sorting. Furthermore, the ILFDS system demonstrates high-precision
sorting of targets from mixed samples based on morphological features, achieving detection accuracies of above 90%
and sorting efficiencies of over 89% for mixed Haematococcus pluvialis and Euglena gracilis samples. These results
highlight the system’s robustness in handling heterogeneous samples and its capability to overcome key limitations
associated with conventional droplet encapsulation and detection. By enabling scalable, high-throughput, and label-
free sorting based on image recognition, our ILFDS system offers a versatile platform for a wide range of droplet-based
analytical and screening applications.

Introduction
Single-cell analysis has emerged as the cornerstone of

modern biological research, offering a powerful means to
probe into the cellular heterogeneity and to uncover the
mechanisms driving both physiological function and dis-
ease pathology1–3. This capability is very important for
understanding disease progression, identifying new

therapeutic targets, and advancing personalized medi-
cine4–7. To achieve these objectives, the development of
analytical techniques capable of providing both precise
single-cell isolation and compatibility with high-
throughput molecular profiling is essential8–10.
Among the developed techniques, droplet microfluidics

has shown strong potential as a practical approach for iso-
lating and analyzing single cells within discrete and con-
trollable microenvironments11–13. The physical and
chemical isolation afforded by droplets minimizes cross-
contamination, reduces reagent consumption, and enables
massively parallel biochemical reactions14–16. Integrated
modules for droplet generation, reagent delivery, incubation,
and on-chip detection have allowed droplet microfluidics to
transform applications, including single-cell genomics,
directed evolution, and high-throughput microbial or algal
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screening17–19. However, the passive encapsulation process
is inherently governed by Poisson statistics, leading to a
substantial fraction of empty or multi-cell droplets and
reducing the efficiency of single-cell workflows.
Fluorescence-activated droplet sorting (FADS) has

expanded the utility of droplet microfluidics by enabling
high-throughput detection and sorting based on fluor-
escent biochemical signals20. Compared with conven-
tional fluorescence-activated cell sorting (FACS), the
droplet environment better preserves cell viability and
retains secreted molecules, supporting ultrahigh-
throughput screening of enzymes, antibodies, and meta-
bolites21–24. However, fluorescence readouts intrinsically
limit the analytical resolution of FADS25. Because the
measured signal represents only the integrated fluores-
cence intensity of each droplet, FADS cannot determine
whether a droplet contains zero, one, or multiple cells,
resulting in misclassification under Poisson encapsula-
tion26,27. Fluorescent labeling is also constrained by low
biomarker expression and dye instability, and introduces
potential perturbation to cell physiology28. Moreover,
fluorescence provides low-dimensional information and
cannot capture richer morphological or biophysical fea-
tures5. These constraints highlight the need for label-free
detection methods that can characterize cells in droplets
at a higher information depth.
To address this challenge, there is growing interest in

developing label-free detection techniques based on
imaging signals for droplet sorting, which couple bright-
field imaging with machine-vision analysis and active
microfluidic sorting. Image-based droplet detection has
been used to distinguish single-cell droplets from multi-
cell droplets and alleviate Poisson-loading limitations21,29,
while deep-learning classifiers further improve the
detection accuracy30. YOLO-based detectors have enabled
real-time recognition of multiple encapsulated objects
within individual droplets, and impedance-activated
sorting platforms offer complementary label-free quanti-
fication of cell number in droplets31. Although these
developments substantially expand the analytical depth of
droplet sorting, most existing systems remain restricted to
simple applications on detecting cell number in droplets,
exhibit limited robustness when processing hetero-
geneous biological samples such as mixed algae or multi-
species microbial suspensions32,33, and frequently rely on
relatively high actuation voltages that introduce con-
siderable droplet deformation and potential cell
stress34,35. Representative image-based droplet sorting
studies have demonstrated automated single-cell enrich-
ment and real-time sorting verification, deep-learning-
guided classification and sorting of droplets containing
single cells, multiple objects, or 3D cell cultures, as well as
gray-level-guided discrimination of empty-, single-, and
multi-cell droplets30,36,37. Nevertheless, these systems

remain primarily focused on droplet occupancy or object-
count-based classification, with limited emphasis on
morphology-based discrimination of heterogeneous bio-
logical targets under continuous-flow conditions. These
limitations underscore the need for an intelligent droplet
sorting system that extends beyond droplet occupancy
detection toward morphology-based, label-free dis-
crimination, while maintaining low-voltage and
deformation-minimized operation.
In this study, we developed an intelligent label-free

droplet sorting (ILFDS) system that integrates droplet
microfluidics, real-time image recognition, and dielec-
trophoretic (DEP) actuation to overcome the inherent
randomness of encapsulation and enable morphology-
based, label-free sorting. Distinct from previous image-
based droplet sorting strategies that primarily focus on
droplet occupancy or object-count-based classification,
the present system is designed for the selective dis-
crimination of heterogeneous micro-targets according to
morphological features under continuous-flow condi-
tions. In addition, a qualitative comparison with repre-
sentative commercially available image-based cell
analysis/sorting platforms is provided in Table S1 to
further clarify the positioning of the present ILFDS sys-
tem. By combining YOLO-enabled image detection with
robot operating system (ROS)-based hardware–software
coordination, the ILFDS system achieves efficient data
acquisition, real-time decision making, and synchronized
downstream actuation. In addition, liquid-metal electro-
des enable real-time sorting at low voltages (250–350 V),
minimizing droplet deformation and preserving droplet
integrity. Our experiments on sorting single-target
encapsulated droplets demonstrate detection accuracies
above 98% and sorting efficiencies exceeding 85% for
30 μm polystyrene particles, Haematococcus pluvialis, and
Scenedesmus quadricauda. Additionally, experiments
with mixed algae solutions confirm that the ILFDS system
effectively sorts targets from complex samples based on
morphology differences, achieving detection accuracies of
over 90%. These results establish the ILFDS system as a
promising platform for label-free single-cell analysis and
morphology-guided screening applications.

Materials and methods
Device fabrication and assembly
The fabrication of our microfluidic device was achieved

using soft lithography and oxygen plasma bonding techni-
ques. Specifically, a silicon wafer was first coated with a
layer of 50 μm thick SU-8 2025 negative photoresist
(MicroChem) using spin-coating. Followed by the soft
baking step, UV exposure was performed for 15 s under a
patterned photomask in an exposure machine (MJB4, SUSS
MicroTec). The wafer was then developed in SU-8 devel-
oper (MicroChem) for 3–5min to dissolve the unexposed
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photoresist for creating the master mold. Subsequently, a
10:1 ratio mixture of polydimethylsiloxane (PDMS, Sylgard
184, Dow Corning) was poured onto the master mold and
cured at 65 °C for two hours. After demolding and cutting,
the PDMS was bonded to a glass slide using an oxygen
plasma cleaner (PDC-002, Harrick Plasma). The final step
involved injecting liquid metal into the reserved electrode
structure in the PDMS layer to fabricate the liquid-metal
electrodes. The liquid metal used for the electrodes had a
Ga/In weight ratio of 75/25.

Experimental setup and data analysis
To consistently generate droplets encapsulated with

targets, high-precision syringe pumps (Pump 33DDS,
Harvard Apparatus) were used for sample and oil injec-
tion. The chip inlet was seamlessly interfaced with the
syringe via Teflon tubing, while the chip outlets were
interfaced with collection and waste tubes, respectively.
To dynamically capture targets within the droplets, we
used a back-illuminated CMOS camera (Prime BSI
Express, Teledyne Photometrics). The microfluidic chip
was securely positioned on the platform of an upright
microscope (ECLIPSE 80i, Nikon), which facilitated the
real-time visualization of the observation region through
the CMOS camera.
To enhance the efficiency of droplet detection, we used

a vision tower graphic workstation (Precision 3660, Dell)
equipped with NVIDIA GeForce RTX3090 and CPU i9
12900k, and configured the workstation with a dual-
operating system environment. Contrasted with the sin-
gular system setup, the dual-operating system environ-
ment increases the computational efficiency of machine
vision and neural network algorithms. Additionally, the
node connectivity approach within the Ubuntu frame-
work enables the rapid integration and linkage of multiple
communication devices, paving the way for real-time
processing. During experimental runs, we employed the
RVIZ software within the Ubuntu 20.04 environment to
append image nodes and capture data from both the
CMOS camera’s ROS node “BSI PVCAM” and the neural
network’s image detection ROS node “Publisher Output”.
The data analysis segment leveraged a deep-learning
environment, including Python 3.8, CUDA 11.3, and
Pytorch 1.12.0.
Electromagnetic isolation was accomplished by using a

signal isolator (ADUM3160, AMSAMOTION), which was
connected to the droplet sorting controller to receive
output signals from the neural network. To ensure precise
droplet sorting within the system, we employed a voltage
amplifier (ATA-7100, Aigtek). The amplifier was inter-
connected with the droplet sorting controller, an oscillo-
scope (UTD2102CEX+, NI-T), and the liquid-metal
electrodes within the microfluidic chip. Figure S1 illus-
trates the detailed physical diagram of the ILFDS system.

Sample preparation
To evaluate the detection and sorting capabilities of the

ILFDS system, we used fluorescent polystyrene beads
(diameter: 30 μm, 1% w/v, Biotyscience) as surrogate
biological particles. These beads were diluted in
phosphate-buffered saline (PBS, Sigma-Aldrich) to a
concentration of 1 × 106 counts/mL.
To further validate the system’s sorting efficacy for

different algae species, we used Scenedesmus quadricauda
at a concentration of 1 × 106 counts/mL, Haematococcus
pluvialis at a concentration of 1 × 104 counts/mL, and
Euglena gracilis at a concentration of 1 × 106 counts/mL.
Prior to droplet encapsulation, the algal cultures were
homogenized under sterile conditions and transferred to
culture flasks. The cultures were then incubated under a
12-h light/12-h dark cycle with an illumination intensity
of 1000–2000 lux at 25 °C for 2–3 days in a sterile incu-
bator. Both algal species were procured from the Fresh-
water Algae Culture Collection at the Institute of
Hydrobiology, Chinese Academy of Sciences. During the
droplet generation process, the oil phase was electronic
fluorinated liquid HFE7500 (DPFO2210017, Drop-Surf)
containing 2% surfactant, and the aqueous phase was
phosphate-buffered saline (PBS).

Results and discussion
Design of the ILFDS system
To achieve label-free detection and real-time sorting of

target droplets, we developed an ILFDS system integrating
droplet microfluidics, YOLO-D-based image recognition,
and dielectrophoretic actuation. As illustrated in Fig. 1a,
the system consists of five functional regions for droplet
generation, spacing, detection, sorting, and collection. In
the droplet generation region, various micro-targets are
encapsulated using a flow-focusing structure by adjusting
the flow rates of the oil and aqueous phases. As shown in
Fig. 1b, droplets containing different numbers and types
of micro-targets are generated in this region, and the
number of encapsulated targets follows Poisson statistics.
In the spacing region, additional fluorinated oil is intro-
duced through branch channels to increase the distance
between adjacent droplets, thereby reducing droplet-
droplet interference and improving the accuracy of
downstream detection and sorting. The schematic design
and fabrication process of the microfluidic chip are shown
in Fig. S2.
As droplets pass through the detection region, a com-

plementary metal-oxide-semiconductor (CMOS) camera
captures real-time images. To enable efficient data pro-
cessing and transmission, ROS is adopted as the com-
munication framework, as shown in Fig. 1c. The PVCAM
library of the camera is configured as an independent ROS
node for continuous image transmission, while the
YOLO-D detection node subscribes to the camera image
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stream and performs real-time target recognition. After
model calibration, the system identifies the position and
class information of droplets and converts the recognition
results into serial signals for downstream sorting control.
Image acquisition, neural network detection, and signal
transmission are executed in parallel through the ROS-
based architecture, enabling continuous droplet analysis
and efficient temporal coordination between detection
and downstream sorting under continuous-flow condi-
tions. The processed image data are further published to
the “Publisher Output” node and displayed in the gra-
phical observation interface. Fig. S3 presents the image
acquisition and transmission process together with the
ROS node configuration. This modular architecture
enables rapid image communication and flexible inte-
gration of the detection and sorting modules.
In the sorting region, as depicted in Fig. 1d, the image

recognition signal is transmitted to the droplet sorting
controller through a USB-TTL serial port with a baud rate
of 115,200. The controller outputs a 10 kHz square-wave
signal to drive the voltage amplifier, which applies an
actuation voltage to the liquid-metal electrodes and gen-
erates a non-uniform AC electric field in the sorting
region. Under this field, the dielectric contrast between
the aqueous droplets and the surrounding fluorinated oil

gives rise to positive dielectrophoresis, driving target
droplets toward the high-field region and thereby
enabling controlled lateral deflection into the collection
channel. The DEP response is therefore governed by the
electric-field gradient established by the electrode con-
figuration rather than by the applied voltage alone, and
the non-uniform sorting field is formed by the asymmetric
liquid-metal electrode arrangement at the junction. In the
collection region shown in Fig. 1e, target droplets are
deflected into the upper collection channel under DEP
actuation, while non-target droplets continue along their
original trajectories into the waste outlet, completing the
label-free sorting process.
The use of liquid-metal electrodes facilitates DEP

actuation at relatively moderate voltages by enabling close
integration of the electrode structures with the micro-
channel, thereby enhancing the local electric-field gra-
dient near the droplet path. Compared with conventional
electrode implementations such as low-melting-point
solder or salt-water electrodes, this configuration pro-
vides reduced effective electrode spacing and a more
uniform electric-field distribution. This design principle is
consistent with our previous study on optimized liquid-
metal electrodes for low-voltage droplet sorting38, in
which improved electrode geometry and the high
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electrical conductivity of liquid metal were shown to
reduce the driving voltage required for effective droplet
deflection. In this context, the operating voltage of
250–350 V used in the present ILFDS system falls within
the relatively low range of reported DEP droplet sorting
platforms, while still providing stable and reliable droplet
deflection.
DEP actuation in the present system is performed in a

fluorinated oil-aqueous two-phase system with relatively
low background conductivity, which supports a stable
electric-field distribution and suppresses Joule heating
during operation. Under such conditions, reliable droplet
deflection can be achieved without significant thermal
disturbance. For higher-conductivity media, such as
typical cell culture environments, the DEP response and
thermal effects may vary, and corresponding adjustment
of operating parameters would be required.

Training and optimization of a neural network
YOLO-D is selected for its exceptional performance in

high-speed droplet detection and sorting, which is crucial
for our system to operate at a high throughput. To achieve
high accuracy in model training, we construct a com-
prehensive image dataset comprising over 1000 time-
series droplet images collected under varying lighting,
positions, and angles (Fig. 2a). The dataset is annotated
with bounding boxes and class labels, and then split into
training, validation, and test sets in a ratio of 7:2:1. Data
augmentation techniques such as random rotations,
scaling, and brightness adjustments are applied. Further-
more, to prevent overfitting, a 5-fold cross-validation
strategy is implemented during training. The dataset was
collected from experimental runs under varying droplet
conditions, including differences in droplet spacing, target

morphology, and background characteristics within the
microchannel. Together with the applied data augmen-
tation strategies, these variations provide sufficient
diversity for training under practical operating conditions
of the ILFDS system.
To achieve the high-precision droplet detection and

real-time sorting, our ILFDS system processes droplet
images through the YOLO-D neural network, which
subdivides images into grids for deep feature extraction
and target localization, as shown in Fig. 2b. The system
accurately predicts droplet categories and bounding boxes
for each grid, enabling precise identification of target
droplets and outputting their parameters. During real-
time detection, the prediction accuracies for target and
non-target droplets are evaluated. Once a defined accu-
racy threshold is met, the system triggers a detection
signal. Detection is focused on regions of interest (ROI)
within diamond-shaped areas of the images. Representa-
tive examples of the raw camera frame, the detection
region used for real-time detection and downstream
triggering, and the enlarged native-resolution input view
are provided in Fig. S4. Using template matching and
non-maximum suppression (NMS), the system ensures
that optimal bounding boxes are selected for each target
droplet.
To enable accurate droplet sorting, the ILFDS system

first calculates the required delay based on droplet velo-
city, camera latency, algorithm response time, and manual
calibration. It then generates control signals according to
the droplet’s position relative to the detection center.
When a droplet 1 is centered (d1= 0), the network
identifies the droplet and a signal is sent to the electrodes
after a preset delay to activate sorting based on the dro-
plet’s speed. If the droplet is outside the detection area, no
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signal is sent to avoid interference. When droplet 2 is off-
center (d2 ≠ 0), our ILFDS system calculates the necessary
delay based on the droplet’s speed and position and then
sends the signal to ensure precise sorting.
To enhance the detection capabilities for fast-moving

droplets, the YOLO-D in our ILFDS system is built based
on YOLOv5, a computationally efficient CNN model that
is crucial for real-time applications requiring both speed
and accuracy39,40. YOLOv5 offers several model variants
(n, s, m, l, and x) with different network depths and
widths41,42. We conduct comparative analyses of these
models using the 30 μm particle dataset with consistent
parameters and hardware configurations. The input image
size is standardized to 1024 × 1024 pixels to capture
essential details and optimize detection accuracy. As
shown in Fig. S5A, over 90% precision is achieved by the
90th epoch in models x, l, m, and s, while the precision
maintains stable thereafter. But the model n achieves a
lower precision of 92.36% compared with others and
shows a small improvement in later epochs. In addition, x,
l, and m models reduce loss significantly by the 90th
epoch, while s and n models show slower reduction rates.
Considering a 95% precision threshold as indicative of

high accuracy, the time required for each model to reach
this level is compared, and the results are illustrated in
Fig. S5B. The training time increases from 6.08 min for
the model n to 36.75 min for the model x with the
increase of model complexity. Despite the potential for a
higher precision using more complex models, our results
demonstrated that simple structures like YOLOv5s offer a
better balance between detection speed and precision,
making it the optimal choice for use in the ILFDS system.
In this work, the YOLO-based detector is implemented as
an application-oriented module within the ILFDS system
for real-time droplet identification, rather than as an
algorithmic contribution. The overall sorting performance
is determined by the coordinated operation of multiple
system components, including image quality during
acquisition, flow stability in the microchannel, and the
timing and strength of DEP actuation. Variations in any of
these factors may affect the end-to-end detection and
sorting accuracy.

Evaluation of networks for the detection of different
targets
To evaluate the detection performance of the network

for our ILFDS system, we use three types of samples
(30 μm polystyrene particles, Haematococcus pluvialis,
and Scenedesmus quadricauda) as targets encapsulated in
droplets for network training and performance assess-
ment. As illustrated in Fig. S6, the 30 μm polystyrene
beads show a consistent size and opacity, while the Hae-
matococcus pluvialis and Scenedesmus quadricauda show
a significant morphological diversity within the 10–30 μm

size range. We construct three datasets, each containing
approximately 1000 images for each target type. Through
network training on these datasets, we develop network
models that are capable of accurately recognizing these
three micro-targets.
To evaluate the classification performances for the three

samples, we use the confusion matrix, P-R curve, and
F1 score as the primary evaluation metrics. The perfor-
mance parameters for the classification models include
Precision, which is the proportion of correctly classified
samples among those predicted to be of a certain cate-
gory; Recall, which is the proportion of correctly classified
samples among all actual samples of a certain category;
and Accuracy, which is the proportion of correctly clas-
sified samples among all samples. Meanwhile, the F1
score is a metric used in statistics to measure the accuracy
of a binary classification model and represents the har-
monic mean of precision and recall. The formulas for
calculating these parameters are as follows18,43:

Precision ¼ TP
TP þ FP

ð1Þ

Recall ¼ TP
TP þ FN

ð2Þ

Accuracy ¼ TP þ TN
TP þ TN þ FP þ FN

ð3Þ

F1 ¼ 2 ´
Precision ´Recall
Precisionþ Recall

ð4Þ

In these formulas, TP (True Positive) is the count of
samples correctly predicted as positive. TN (True Nega-
tive) is the count of samples correctly predicted as nega-
tive. FP (False Positive) is the count of samples incorrectly
predicted as positive, and FN (False Negative) is the count
of samples incorrectly predicted as negative.
Specifically, the subplots (i) in Fig. 3a–c illustrate the

classification differences of the three different samples
during real-time detection. Subplots (ii) in Fig. 3a–c show
the confusion matrices for the three samples. The detec-
tion accuracies of single-target droplets all exceed 96% for
30 μm particles, high-concentration Haematococcus plu-
vialis, and low-concentration Scenedesmus quadricauda.
The impurities in microchannel backgrounds are a pri-
mary cause of FP. To improve the detection accuracy, the
confidence threshold is set at 0.6 to capture more
potential targets, while the IOU threshold is set at 0.65 to
ensure a strong overlap between the predicted and actual
targets. These parameters are chosen based on iterative
experiments to ensure a robust balance between sensi-
tivity and specificity. Therefore, the network is optimized
using the FP metric in the confusion matrix to distinguish
impurities from actual targets.
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As illustrated in the subplot (iii) of Fig. 3a–c, the P-R
curve is used as a key indicator to evaluate performance
on imbalanced datasets and real-time target detection
capabilities44. The P-R curve demonstrates that the 30 μm
particle model maintains robust performances across
various decision thresholds, particularly in the high recall
region. Our ILFDS system achieves a detection accuracy
of 99.2% when using mAP@0.5 as the primary evaluation
criterion. Although the accuracy for algae samples slightly
decreases due to the morphological differences, the
overall detection accuracies remain as high as 97.3% for

Haematococcus pluvialis and 97.5% for Scenedesmus
quadricauda. And subplot (iv) in Fig. 3a–c presents the
F1 curves of the three detection models, the 30 μm par-
ticle model reaches an F1 score peak close to 1.0 at a
confidence level of 0.7, indicating an optimal balance
between precision and recall at this threshold. The Hae-
matococcus pluvialis and Scenedesmus quadricauda
models achieve their highest F1 scores at confidence levels
of 0.46 and 0.67, respectively.
To further validate the accuracy of the trained models,

the detection performance is tested using a validation set.
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The image sequence in Fig. S7A clearly shows that each
droplet containing target particles is accurately identified
by the model. Based on these results, the detection
threshold is set to be 0.65. Additionally, a comparative
analysis of the mAP@0.5 precision during the training
process of different network models is conducted using
TensorBoard. As shown in Fig. S7B, all three models
achieve over 90% precision by the 100th epoch, indicating
that the models are well-trained and show a high detec-
tion performance. However, the different final perfor-
mances among the models are influenced by the sample
concentration. Among the three models, as depicted in
Fig. S8, the detection accuracy for Scenedesmus quad-
ricauda was the lowest.

Integration of YOLO-D detection with dielectrophoretic
sorting in the ILFDS system
To achieve high-precision droplet sorting, our ILFDS sys-

tem integrates YOLO-D detection with DEP sorting. The
YOLO-D network accurately identifies target droplets in
images and generates specific identification signals. These
signals are then processed by a specially designed droplet
sorting controller, which matches the signals to the corre-
sponding droplets. The controller triggers DEP forces to sort
the droplets in real-time. By controlling the DEP sorting
based on the network’s signals, the system ensures precise
detection and sorting of target droplets. Furthermore, our
ILFDS system reduces the false positives and maintains a
high recall rate by only sorting droplets identified with a
confidence level above the set threshold.
As depicted in Fig. 4a, each target droplet sequentially

undergoes inflow, image detection, delay-based signal

processing, DEP actuation, and final collection. After a
target droplet enters the detection region, the trained
network identifies its category and determines its distance
to the sorting reference point. Based on the preset droplet
velocity and the system delay associated with image
acquisition, neural network processing, and signal trans-
mission, the controller calculates the required triggering
interval and applies the DEP actuation signal before the
droplet reaches the sorting junction. To ensure reliable
sorting, the DEP force must be activated early enough to
laterally deflect the target droplet into the collection
channel, while being terminated before the following dro-
plet enters the actuation region to avoid cross-interference
between adjacent droplets. In contrast, non-target droplets
do not trigger the actuation signal and therefore continue
along their default trajectories into the waste outlet. This
timing coordination between detection, signal processing,
and DEP actuation is critical for maintaining sorting
accuracy and reliability under continuous-flow conditions.
Besides, the selection of DEP voltage plays an important

role in the undamaged sorting of droplets in the ILFDS
system. In Fig. 4b, an analysis is provided for under-
standing the deformation of droplets under the voltages of
0–400 V. The small deformation enables accurate routing
of droplets into the target channel without compromising
their integrity. The flow rates for the oil phase, aqueous
phases, and spacing oil are set to be 260 μL/h, 10 μL/h,
and 80 μL/h, respectively. To precisely measure this
deformation, an aspect ratio (AR)45 is defined:
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where a represents the semi-major axis radius, and b
represents the semi-minor axis radius. It is observed that
at voltages below 150 V, significant fluctuations occur
primarily between positions 4 and 6. As shown in Fig. 4b,
droplet deformation becomes significant when the applied
voltage exceeds 250 V. At voltages above 350 V, the AR
surpasses 2.5, which could potentially compromise cell
viability. Therefore, an optimal voltage range of 250 V to
350 V is selected to ensure effective sorting.
The trajectories of droplets at different voltages are

shown in Fig. 4c. The DEP effects cause these trajectories
to vary with voltages. As the sorting voltage increases, the
paths of droplets gradually shift toward the sorted outlet.
Notably, beyond 250 V, the droplet trajectories clearly
demonstrate effective sorting. Experimental observations
indicate that within the voltage range of 250–350 V,
optimal droplet sorting is achieved in our ILFDS system.
This voltage range ensures efficient sorting while main-
taining droplet integrity.

Sorting of single-target encapsulated droplets using the
ILFDS system
Precise single-target encapsulation is essential for

applications such as single-cell sequencing and cell ther-
apy, where downstream analysis relies on high-purity and
well-isolated cellular inputs. However, conventional
microfluidic encapsulation techniques typically rely on
passive loading governed by Poisson distribution, result-
ing in a high proportion of empty or multi-target droplets.
This randomness not only leads to significant sample
waste but also complicates data interpretation. To over-
come this challenge, our ILFDS system integrates high-
precision image detection with real-time sorting, enabling
active identification and sorting of single-target droplets
with high efficiency and accuracy.
To demonstrate the performance of our ILFDS system for

sorting single-target encapsulated droplets, real-time detec-
tion and sorting experiments are conducted using 30 μm
particles (Fig. 5a), Haematococcus pluvialis (Fig. 5b), and
Scenedesmus quadricauda (Fig. 5c). These experiments
evaluate the system’s efficiency with varying concentrations,
morphologies, and quantities. Figure 5a shows the real-time
observation of the target droplet sorting process. The target
droplets containing a single 30 μm particle are marked with
red arrows, while empty or multi-target droplets are indi-
cated by black arrows. The detection region of the micro-
fluidic chip is highlighted in blue, and the green area serves as
a distance reference marker for the droplets. Each image is
annotated with a number representing the running time of
the ROS node corresponding to the current motion state of
the droplets.
As shown in Fig. 5, our ILFDS system achieves high

detection efficiencies: 99.2% ± 0.75% for 30 μm poly-
styrene particles, 98.75% ± 1.34% for Haematococcus

pluvialis, and 98.89% ± 1.05% for Scenedesmus quad-
ricauda. During sorting, optimizing the voltage to 290 V
and adjusting the sorting controller to approximately 290
pulses enable the precise collection of single-target dro-
plets. The sorting efficiencies are 99.7% ± 0.25% for 30 μm
polystyrene particles, 97.67% ± 2.78% for Haematococcus
pluvialis, and 91.59% ± 1.27% for Scenedesmus quad-
ricauda, respectively. The working process for sorting
30 μm polystyrene particles is further displayed in the
Supplementary Video 1. Data analysis also shows that the
collection purities exceed 80% for all three targets, with
30 μm polystyrene particles achieving the highest purity of
95.18% ± 5.09%. These results highlight the high accuracy
and high efficiency of our ILFDS system in droplet
detection and sorting. The formulas for calculating system
efficiencies are as follows:

Detection Efficiency ¼ Detected target count
Actual target count

ð6Þ

Sorting Efficiency ¼ Sorted target count
Actual target count

ð7Þ

Collection Purity ¼ Sorted target count
Actual sorted count

ð8Þ

Among these, the detected target count is the number
of target droplets identified by the system. Actual target
count is the number of target droplets that pass through
the detection area. The sorted target count is the number
of target droplets sorted by the system. The actual sorted
count is the number of droplets sorted by the system.
In the study of single-target droplet sorting using our

ILFDS system, statistical data reveal improvements in
sample purity before and after sorting, demonstrating the
system’s effectiveness in overcoming the limitations of the
Poisson distribution. For droplets containing a larger
number of encapsulated targets, detection performance
may be affected by overlap and reduced image distin-
guishability, indicating that the practical upper limit is
governed by image-based separability rather than a strict
system constraint.
As shown in Fig. 5, for 30 μm polystyrene particles, the

proportion of single-target droplets increases from 30.20%
before sorting to 95.18% after sorting, corresponding to an
approximately 3.15-fold improvement. For Haematococcus
pluvialis, the proportion of single-target droplets increases
from 6.80% to 77.30%, corresponding to an approximately
11.37-fold improvement. For Scenedesmus quadricauda, the
proportion of single-target droplets increases from 17.20% to
79.0%, corresponding to an approximately 4.59-fold
improvement. Although DEP actuation is applied at the
droplet level, the overall sorting performance remains target-
dependent because the reported DE, SE, and CP reflect the
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combined effects of image recognition, timing control, and
post-sorting collection. The 30 μm beads exhibit the highest
performance due to their uniform size, shape, and optical
appearance, whereas the algal samples show greater varia-
bility in morphology, orientation, and image contrast. In
addition, differences in initial single-target occupancy also
contribute to variations in collection purity. As a result, the
end-to-end sorting metrics differ slightly among beads and
the two cell types, despite sharing the same DEP deflection
mechanism.

High-throughput morphology-based cell sorting using the
ILFDS system
Beyond the sorting of single-target encapsulated droplets,

the system has also demonstrated the capability to effectively
sort mixed samples based on their morphological features.
The sorting experiments of mixed algae solutions at a high
flow rate are conducted. Specifically, we select a sample with
mixed Euglena gracilis (elongated morphology) and Hae-
matococcus pluvialis (spherical morphology) (Fig. S10) and
conduct experiments to sort droplets encapsulated with the

target algae. The water phase flow rate for droplet generation
is set at 30 μL/h, the oil phase flow rate is set at 400 μL/h, and
the spacing oil phase flow rate is set at 600 μL/h. As shown in
Fig. 6a, b, the target droplets encapsulated with Euglena
gracilis are identified in the preset detection area and sub-
sequently deflected into the target channel under DEP
actuation. A similar process is observed for Haematococcus
pluvialis, as shown in Fig. 6c, d. As summarized in Fig. 6e,
the DE, SE, and CP for Euglena gracilis were 90.47%± 2.72%,
90.20%± 1.04%, and 85.00%± 2.65%, respectively, while
those for Haematococcus pluvialis were 91.03%± 3.35%,
89.03%± 3.92%, and 79.53%± 1.19%, respectively. The sort-
ing processes of Euglena gracilis are displayed in the Sup-
plementary Video 2, while the sorting processes of
Haematococcus pluvialis are displayed in the Supplementary
Video 3. These results demonstrate that the ILFDS system
can reliably identify and sort target droplets at a throughput
of approximately 100 droplets s−1, which reflects the droplet
flow rate rather than a one-to-one correspondence with
image frames. The YOLO-based detection operates within
the real-time image-processing capability of the system, while
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droplet spacing and delay-based actuation enable asynchro-
nous detection and sorting, thereby supporting stable
operation under continuous-flow conditions.
The performance of the ILFDS system is primarily con-

strained by the coupling between imaging speed, signal
processing latency, and DEP actuation timing. In particular,
the achievable throughput is limited by the balance between
droplet generation frequency and the real-time processing
capability of the detection and control pipeline. In addition,
stable operation relies on consistent droplet spacing and flow
conditions, as variations in droplet velocity or spacing may
affect the synchronization accuracy between detection and
actuation. Given these characteristics, the ILFDS system is
particularly well-suited for applications requiring label-free,
morphology-based sorting of micro-objects under
continuous-flow conditions. Typical scenarios include single-
cell analysis, microalgae screening, and other applications in
which preserving cell viability and avoiding labeling steps are
important. The combination of real-time image-based iden-
tification and on-demand DEP actuation provides a flexible
platform for handling heterogeneous samples with varying
sizes and morphologies.

Conclusion
In this study, we developed an ILFDS system that

integrates droplet microfluidics, YOLO-D-based image
recognition, and DEP sorting using liquid-metal electro-
des. This system operates at low voltages (250–350 V) and
achieves real-time sorting while maintaining droplet
integrity and minimizing droplet deformation. Through
comprehensive experiments, the ILFDS system

demonstrates detection accuracies exceeding 98% and
sorting efficiencies greater than 85% for 30 μm poly-
styrene particles, Haematococcus pluvialis, and Scene-
desmus quadricauda. Notably, the proportion of single-
target droplets increased by approximately 3.15-fold,
11.37-fold, and 4.59-fold for 30 μm polystyrene particles,
Haematococcus pluvialis, and Scenedesmus quadricauda,
respectively. Additionally, the ILFDS system successfully
sorts mixed target solutions, achieving >90% detection
efficiency and >89% sorting efficiency for mixed Haema-
tococcus pluvialis and Euglena gracilis samples. These
results validate the robustness of the ILFDS system in
handling heterogeneous samples with high precision,
demonstrating its potential to address limitations asso-
ciated with conventional droplet encapsulation and
detection strategies.
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