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Abstract— Cell rotation is widely used to adjust cell posture
in sub-cellular micromanipulations. The trajectory planning
of the injection micropipette is needed, so that the cells can
be rotated with the minimum deformation to reduce cell
damage and keep cell viability. Due to the uncertainty of
cell properties and manipulation environment, it is difficult to
identify the parameters of the mechanical models in traditional
robotic cell rotation methods. In this paper, deep reinforcement
learning is introduced into cell manipulation for the first time
to perform trajectory planning of the micropipette. We first
abstract the cell rotation process by using the mechanical model
and microscopic vision techniques and build a cell rotation
simulation environment. Then we design a reward function by
combining various factors of cell rotation and implement a
reinforcement learning framework based on deep Q-learning
(DQL). Finally, we train the cell rotation process based on the
deep reinforcement learning algorithm. The simulation results
indicate the proposed DQL agent achieved an average success
rate of 97 % without useless exploration. Moreover, the proposed
method rotated the cells in a way that causes less mechanical
damage than humans, demonstrating the DRL ability for cell
rotation with high efficiency and low cell damage.

I. INTRODUCTION

Cell manipulation is widely used in various fields of life
science, such as transgenic, assisted reproduction and animal
cloning. Different from non-living manipulation objects, cells
are the basic units of life, which makes cell manipulation
a kind of complex cell surgery [1]. Therefore, we should
focus on the cell damage caused by cell manipulations
to keep cell viability. As a typical cell manipulation, cell
rotation is the key technique for adjusting cell posture in
sub-cellular micromanipulations, such as intracytoplasmic
sperm injection (ICSI) [2], preimplantation genetic screening
(PGS) [3], and somatic cell nuclear transfer (SCNT) [4].
In manual cell rotation, the cell is normally aspirated by a
holding micropipette with negative pressure and rotated by an
injection micropipette by applying friction between the cell
and the pipette. This rotation method has the advantages of
no additional equipment and high accuracy, compared with
other rotation methods, such as in-house developed holding
stage [5], [6] or electric field-driven [7], [8], magnetic field-
driven [9], [10], microfluidic flow [11], [12], optical tweezer
[13], [14], acoustic field [15], [16], etc.
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During cell rotation, the injection micropipette’s indenta-
tion depth on the cell should be large enough to overcome
the resistance and be minimal to avoid possible mechanical
damage. In the past decade, a series of studies have been
reported to optimize the indentation for robotic cell rotation
[17]-[19]. These methods calculated the appropriate inden-
tation depth based on mechanical models and designed the
trajectory of the injection micropipette, which have proven to
be effective. However, the measurement of cell mechanical
properties is challenging, since Young’s modulus of cells
is different due to the cell characteristics and health status
[20], and the friction factors between different micropipettes
and cells are also varied. Due to the complexity of the cell
properties, it is difficult to accurately identify the parameters
of the mechanical models, which limits the performance
and robustness of the model-based control strategy. Besides,
human experience and skills have not been used to guide
robotic cell rotation.

Recently, the rapid development of reinforcement learning
(RL) technology has roundly impacted the traditional control
field. Aiming of maximizing the rewards obtained from the
environment, the RL agents perform a series of actions and
learn behavioral strategies in an unknown environment [21].
The recent appearance of deep learning using multilayer
artificial neural networks has promoted the application of
reinforcement learning in dealing with high-dimensional
state space problems, which is called deep reinforcement
learning(DRL). DRL could realize end-to-end control from
high-dimensional original input to output without the me-
chanical model. The experimental results show that the DRL-
based methods perform better than humans in tasks such as
video games [22] and board games [23], and make great
achievements in robot control problems such as mobile robot
navigation, industrial robot grasping, and multi-legged robot
motion [24]-[26]. Most recently, DRL has been introduced
to control micromanipulation devices with high accuracy and
robustness [27]-[29]. These DRL methods show great ap-
plication potential for model-free control, which overcomes
the difficulties of mechanical modeling and model parameter
identification in cell manipulation.

However, it is difficult to provide sufficient and strictly
controlled training data to converge the neural network,
which is the main difficulty of the DRL application. On
one hand, obtaining the cell manipulation data from real
cell experiments would be costly in money, labor, material,
and time. On the other hand, there is no reported simulation
environment of cell manipulation suitable for reinforcement
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learning training at present, which greatly limits the appli-
cation of DRL in cell rotation.

In this paper, we introduce deep reinforcement learning
to perform cell rotation for the first time. By using the
mechanical model and microscopic vision techniques, we
abstract the cell rotation process and build a cell rotation
simulation environment, which could provide sufficient data
for training the agent. To overcome the difficulty of DRL
training caused by reward sparsity, we design a reward
function by combining various factors of cell rotation and
propose a deep reinforcement learning framework based
on deep Q-learning. Simulation experiments show that the
proposed method achieved an average success rate of 97%
without useless exploration after 9000 episodes of learning.
Meanwhile, the agent caused less stress and cell deformation
than humans during cell rotation, which helps to reduce cell
mechanical damage.

II. METHOD
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Fig. 1. Framework of cell rotation based on DRL.

The proposed method aims to perform cell rotation with
high autonomy and efficiency. The framework of the method
is shown in Fig. 1. Solid arrows represent the process of
cell rotation using the DRL agent. At each time step ¢, the
microscopic vision state s; of the cell rotation environment is
observed. Taking the current state s; as input, the DRL agent
predicts the expected value of each injection micropipette
action and generates the optimal action a;. The implemented
action acts on the environment, changing the observation
results and obtaining a reward r; and a new state s;11. The
agent then makes the next decision. Meanwhile, the replay
buffer stores the operating experience of the agent and human
for DRL agent training, as shown by dotted arrows.

To realize this framework, the proposed method consists of
three parts. Firstly, mechanical analysis is introduced to cal-
culate the interaction between the injection micropipette and
the cell, so that the DRL agent obtains sufficient and effective
operating experience. Further, cell manipulation images are
represented in a simple and effective way using microscopic
vision techniques. By abstracting the cell rotation process,
the simulation environment of cell rotation is constructed.
Finally, we train the DRL agent based on the deep Q-learning
method. To improve the training performance and speed, we
design an elaborate reward function and introduce human
experience for guidance.

A. Mechanical Analysis of Cell Rotation

In cell rotation, the holding micropipette aspirates the
target cell using an appropriate negative pressure to prevent
the cell from dropping. The force applied by the injection
micropipette is used to push the cell for rotation. The force
needs to be sufficient to overcome the friction between the
cell and the holding micropipette so that the movement of
the injection needle can rotate the cell without deviation or
sliding.

The cell rotation process is modeled by establishing a con-
nection between the movement of the injection micropipette
and the rotation of the cell: when the injection micropipette
is in contact with the cell, a small angle of the injection
micropipette movement around the cell center Ayp;,,, and the
corresponding angle of cell rotation Ay, are associated
in a functional relationship Ay = f(Awin). The rotation
angle of the cell is reflected by the position of the polar
body. Due to the occlusion of the cytoplasm, which is not
transparent in the bright field of the microscope, the polar
body can be observed only when it is close to the focal plane.
In this paper, we assume that the polar body has appeared
on the focal plane, so that the injection micropipette only
needs to move on the X-Y plane to rotate the cell and make
the polar body reach the target position.

Since the rotation speed of the cell is very low, the cell
is considered in a state of static equilibrium. We analyze
the cell rotation process using rigid body static according
to the principle of solidification [30]. The force model of
an ellipsoidal cell is established during cell rotation. By
determining the relationship between the current rotation
force exerted by the injection micropipette and the minimum
rotation force required for rotation, we determine whether
each small movement of the injection micropipette could
rotate the cell.

Holding micropipette Injection micropipette

[ ]
o
[ |

Fig. 2. Force model of in-plane ellipsoidal cell rotation.

Since the deformation of the cell is local and small during
cell rotation, the relationship between the indentation force
applied by the injection micropipette F7,, and the measured
indentation depth d is estimated using the Hertzian model
[31]:

E
s (1)
where A is the half-apex angle of the injection micropipette,
FE is Young’s modulus of the cell, and v is Poisson’s ratio
with a typical value of 0.5.

2
Fr, = —tan A\
™
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As shown in Fig. 2, the friction force F7. is generated by
the indentation force F7,,, when the friction force reaches the
maximum. The maximal friction F; exerted by the injection
micropipette can be derived as:

FIn

Fr =
I'™ cos B’

2

where [ is the inclined angle of F; and F7,, which can be
calculated by the friction coefficient ;1; between the injection
micropipette and the cell: 3 = arctan ;.

Based on the mechanical analysis [19], the minimum
force F7_min applied by the injection micropipette, which
is required to rotate the cell, is determined as:

paFy
/1 + p3 sinfa — arctan iy — arctan |

where F'y is the aspiration force of the holding micropipette,
which is estimated as F'ly = WR%—I,inPH’ where Ry ;p, is the
inner radius of the holding micropipette, Py is the aspiration
pressure. « is the angle between F7, and X-axis, which is
calculated as o = arctan(g—z tan~y) + 60, where a and b are
the lengths of semimajor and semiminor axes of the ellipse,
v is the angle between its connecting line with the ellipse
center O and the ellipse’s major axis, and € is the angle
between the ellipse’s major axis and the X-axis.

After calculating F7 and F7_p,y,, the relationship between
Ap;, and Ap,y is determined as:

, )

Fl,min =

A()Dcell = A‘pww FI Z FI,min (4)
Apeeny = 0, Fr < Fi min

B. Simulation Environment of Cell Rotation

To represent the simulation environment simply and effec-
tively, microscopic vision techniques are used to abstract the
cell rotation images. Taking the porcine oocyte manipulation
as an example, the redundant information, including liquid
background and impurities, is ignored, and the positions and
shapes of micropipettes, the cell and the polar body are
extracted. As shown in Fig. 3, the procedure is described
as follows:

1) Cytoplasmic detection. Otsu’s thresholding[see Fig.
3(b)] is performed on the original image [see Fig.
3(a)], then the position and radius of the cytoplasm
are obtained by using Hough circle detection [see Fig.
3(0)].

2) Holding micropipette detection. After the cytoplasm
image on the left is cropped, a disc structure with a
size of 10 is used for morphological open operation
[see Fig. 3(d)]. The contour of the holding micropipette
is represented by a rectangle [see Fig. 3(e)].

3) Injection micropipette detection. Make the contour
of the injection micropipette close by modifying the
data in the rightmost columns of the binary image
[see Fig. 3(f)]. Then the detected contours are filtered
according to the aspect ratio and the area of the con-
tours. The preserved region is considered the injection

micropipette region [see Fig. 3(f)]. The upper left and
lower left vertices of the region are determined to fit
the micropipette contour [see Fig. 3(i)].

4) Zona pellucida detection. The edge of the zona pellu-
cida is obtained by subtracting the contours of the cy-
toplasm and the holding micropipette from the Canny
edge detection image [see Fig. 3(j)]. The morpholog-
ical operations are used to remove the contour of the
injection micropipette [see Fig. 3(k)] and close the
edge of the zona pellucida [see Fig. 3(1)]. Finally, the
contour of the zona pellucida is obtained by ellipse
fitting after area filtering [see Fig. 3(m)].

5) Polar body detection. The polar body is small and
similar to the cytoplasm in texture, which makes the
traditional image processing methods not suitable for
polar body detection. In this paper, an improved U-net
is used to detect the polar body, which was described
in detail in our previous work [32]. After obtaining
the ROI image of the cell [see Fig. 3(n)], the U-net is
used for prediction. The output image [see Fig. 3(0)] is
then processed using binarization and non-maximum
suppression to get the contour. Finally, the center
position and radius of the polar body are obtained using
contour calculation [see Fig. 3(p)].

6) After extracting the state information of cell rotation,
the microscopic image is converted into a simple
abstract image [see Fig. 3(q)].

Fig. 3. Image processing and abstracting of cell rotation images. (a)
Original image. (b)-(c) Cytoplasmic detection. (d)-(e) Holding micropipette
detection. (f)-(i) Injection micropipette detection. (j)-(m) Zona pellucida
detection. (n)-(p) Polar body detection. (q) Abstracted image. Scale bar:
100pm

Based on the converted image, a simulation environment
of cell rotation is developed by imitating porcine oocyte
manipulations. The shape and size of the objects are set
according to reality. The holding micropipette and injection
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micropipette are represented by a rectangle and right-angled
trapezoid, wherein the external diameter of the holding
micropipette and the injection micropipette is set to 100um
and 20pm, respectively. An elliptical cell with a short axis
of [120, 130]um and an ellipticity of [1, 1.05] is fixed
on the right side of the holding micropipette and tangent
to the surface of the holding micropipette. The polar body
represented by a circle with a diameter of [15, 20]um is
located at the edge of the cell. The structural correlation
between the simulation image and the microscopic image
ensures that the rotation strategies trained in the simulation
environment can be transferred to the real environment in
the future.

Before cell rotation simulation, the polar body position
is initialized in the random direction of the cell, and the
injection micropipette is also randomly initialized on the
right side of the field of vision. The operator has five
discrete actions: remain still, up, down, left and right with a
moving step of 1um. The injection micropipette is expected
to approach, poke and rotate the cell until the polar body is
within 5° of the three o’clock direction of the cell, which
is defined as a successful operation. The task is judged as
failed if the rotation is not completed within 500 steps or the
injection micropipette moves out of sight.

To obtain reliable interaction information on cell rotation,
the relationship between the current rotation force and the
required minimum rotation force is calculated in real-time at
each step of the simulation. The mechanical parameters are
initialized before each rotation simulation, to maintain the
diversity of cell properties and manipulation environment.
Notably, the simulation environment can be adjusted by
modifying the mechanical parameters to model the rotation
operations of various mammalian oocytes. In this study, we
used the mechanical parameters of mature porcine oocytes
as an example, based on the measurement data from [17].
Specifically, Young’s modulus of the mature porcine oocytes
is set to [8000, 12000]Pa, and the friction coefficients of the
holding micropipette and the injection micropipette are set
in the range of [0.04, 0.065] and [0.11, 0.2] respectively.
According to the experiments, the negative pressure of the
holding micropipette is set to [3000, 5000]Pa for holding
and allowing cells to rotate. By varying the mechanical
parameters, the simulation environment can be customized
to investigate cell rotation in different cell species or under
diverse experimental conditions.

C. Deep Reinforcement Learning for Cell Rotation

Considering the large-scale state space of cell rotation, a
classical DRL algorithm, deep Q-learning (DQL), is used
for training the agent. The term “Q” refers to the expected
rewards for an action taken in a given state. DQL, which
combines deep learning and reinforcement learning, uses an
artificial neural network to replace Q-functions in traditional
Q-learning [22], [33]. To improve the sample efficiency,
the network is trained using an experience replay buffer,
which stores and replays previous environment interactions
experienced by the agent. After exploring the environment,

this algorithm could automatically find features through the
network and infer the optimal action without modeling. Fig.
4 shows the DQL network structure, all convolution layers
and fully connected layer are followed by a ReLU activation
function. The network inputs four consecutive frames of 80 *
80 abstracted microscopic images, and outputs the predicted
Q-values of five actions. The action corresponding to the
highest Q-value is regarded as the optimal action.

Q-network Reward designation
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v Failure penalty
v Time penalty
:\/ Force penalty

]
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Fig. 4. Reinforcement learning framework for cell rotation based on DQL.

The RL agent is guided only by positive and negative
rewards to optimize its behavior. The setting of the reward
function is crucial since the goal of the RL agent is to
maximize the total rewards. However, cell rotation is a sparse
reward task with a large-scale state space, which makes
learning difficult. To alleviate this problem, we introduce
prior knowledge to design an appropriate reward function.
By combining various factors of cell rotation, the reward
function of one step has six parts:

R= Rsuc + Rfail + Rtime + Rforce + Rapp + Rrot~ (5)

Where the success reward, Rs,. = 20, and failure penalty,
Ryqi = —2, are related to the completion of cell operation.
To encourage the agent to operate faster, a constant time
penalty Ry;,. = —0.01 is added for each step. To minimize
cell damage, the force penalty Rjy,.ce is related to the
rotation force F7 as Rjforce = 50000 - Fr. Since it is
difficult to describe successful cell rotation quantitatively,
two intermediate rewards, including approach reward R,
and rotation reward R,.:, are introduced to alleviate the
problem of sparse rewards. When the micropipette is far
from the cell center (120um), Ry, of 0.1/um is used to
reward/punish the action. Similarly, R,.,; of 30/rad is used
to reward/punish the rotation. The designed reward function
ensures continuous valuable reward feedback during cell
rotation.

In the large-scale state space, it is difficult for random
agents to explore strategies with high rewards. The experi-
ence replay buffer accumulates useless data, making agents
easy to fall into local optimization. Inspired by imitation
learning, we introduce the prior knowledge of human experts
to help DQL obtain stable control effects in early training.
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Firstly, the prior knowledge acquired by humans is recorded
as transition sequences. Each sequence contains the old
state s;, the action a;, the reward r;, the new state s,
and the done signal d;, which is considered to imply the
knowledge and skills acquired by humans. The collected
prior knowledge is used for two-step training. In the first
step, the agent does not interact with the environment, and
only uses the transition sequences to train the network for
warm-up. In the second step, the agent then interacts with the
environment, and utilizes the network parameters trained in
the first step to initialize Q-network. In addition, the network
is updated using a certain proportion of collected transition
sequences, so that the agent has learned the prior knowledge
continuously during training.

III. EXPERIMENT
A. Training

The DQL agent was trained and evaluated in the cell
rotation simulation environment. Firstly, the field experts
spent 30 minutes performing 200 episodes of cell rotation
in the simulation environment, obtaining 50000 hand-crafted
transition sequences for prior knowledge collection. The
prior knowledge was then used for two-step DQL training,
which was implemented using TensorFlow as the coding plat-
form (Intel(R) Xeon(R) Silver 4316 CPU, Nvidia GeForce
RTX3080TI GPU).

In the first training step, the experience replay buffer was
filled with all the hand-crafted transitions. The agent was
trained with the replay buffer. It took about 7.5 hours to
train the Q-network 1000000 times with a batch of 64. The
network parameters obtained in the first training step were
utilized to initial network parameters for the second training
step.

In the second step, the DQL agent would interact with the
simulation environment to fine-tune the Q-network, including
an initial random phase of 5000 frames for agent observation
and an annealing phase of 200000 frames for exploration
(number of frames to change from 20% random actions
to 0.01% random actions). The size of the replay memory
buffer was set to 50000, storing the most recent experiences
collected from interactions of the agent with the environment.
In our experiments, each time the network was updated using
64 transitions, 60% of which were sampled in replay memory
and 40% in prior knowledge, improving the efficiency and
stability of training.

B. Experimental Results and Comparison

Fig. 5 shows the mean rewards for every 100 train-
ing episodes. The purple dotted line represents the human
performance level, which was calculated from the 50000
hand-crafted transition sequences, and the gray dotted line
represents the random performance level. By introducing
prior knowledge in steps 1 and 2, our method steadily
optimized the rotation strategy with about 3000 episodes and
obtained an average score of 31.06 after 9000 episodes of
learning, which is greater than the human performance level
of 29.62.

Reward

Default DQL

-20 q —— DQL with prior knowledge in step 1

—— DQL with prior knowledge in step 2

—— DQL with prior knowledge in step 1 and 2

0 20 40 60 80 100
Episode (100)

Fig. 5. Total rewards of an episode relative to the training episodes. The
human performance level is indicated with a purple dotted line, and random
performance level is indicated with a gray dotted line. For clarity, the results
are averaged for every 100 training episodes.

We compared our method (DQL with prior knowledge in
steps 1 and 2) with default DQL, DQL with prior knowledge
only in step 1, and DQL with prior knowledge only in step
2. Compare with the low reward of the DQL agent without
prior knowledge in step 2 (yellow line and green line),
the introduced human transitions during step 2 obviously
improved the performance of the DQL agent (red line and
blue line) and avoided the agent falling into low reward
behavior, reaching a score that is similar to or even higher
than human. In addition, due to pretraining of step 1, our
method (red line) achieved a high reward with about 3000
episodes (9.5 hours), while the DQL with prior knowledge
only in step 2 needs double training time to reach the same
score, confirming the improvement of the learning speed by
prior knowledge pretraining.
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Fig. 6. Results of an episode relative to the training episodes. (a) Out-of-
sight rate: the ratio of the agent to move the pipette out of the field of view.
(b) Success rate. (c) Total force: accumulation of forces exerted on the cell
by injection micropipette during successful rotations. (d) Total indentation:
accumulation of the cell indentation during successful rotations. The human
performance level is indicated with a purple dotted line. For clarity, the
results are averaged for every 100 training episodes.
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We evaluated the proposed cell rotation strategy using ro-
tation efficiency and the stress exerting on the cell. As shown
in Fig. 6(a) and (b), the out-of-sight rate and the success rate
were calculated respectively to assess the rotation efficiency.
The out-of-sight rate describes the proportion of the agent
moving the micropipette out of the field of view, which is a
useless exploration and will lead to rotation failure. After
3000 episodes of learning, the proposed method stopped
the useless exploration and its behaviors approximately con-
verged into stable controls. After 9000 episodes of learning,
the method achieved an average out-of-sight rate of 0% and a
success rate of 97% in 1000 episodes. Compared with other
methods, our method showed a faster learning speed and
better performance.

Our trained agent was found to adjust the position of the
injection micropipette according to the initialized position of
the polar body and determine the correct direction of rotation.
In addition, the agent avoided contacting the cell near three
o’clock, since the indentation force applied here cannot drive
the cell to rotate according to mechanical analysis. These
self-study skills ensure the rotation efficiency of the agent.
However, the 3% failure cases typically occurred when the
initial angle of the cell’s polar body was far from the target
direction, making it difficult for the agent to complete the
rotation task within 500 steps. Additionally, the agent getting
stuck in local optimal behavior can also lead to rotation
failure. Encouraging the agent to select unexplored actions
may help achieve better exploration-exploitation trade-offs.

To evaluate the stress and deformation caused by rotation,
we calculated the force and the indentation exerted by
the injection micropipette during successful rotations, and
accumulated them in time steps of an episode. As shown
in Fig. 6(c) and (d), the proposed method (red line) finally
rotated cells in a way that causes less mechanical damage
than humans, demonstrating the DRL ability for cell rotation
with high efficiency and low cell damage.

IV. CONCLUSION

In this study, we proposed a model-free approach for cell
rotation. It is the first time that DRL is introduced into
cell manipulation. First, we built a cell rotation simulation
environment based on the mechanical model and the ab-
stracted microscopic images. Then we designed an elaborate
reward function and introduced the prior knowledge to DQL
for agent training. A series of simulation experiments were
performed to evaluate the performance of the micropipette
trajectory planning strategy for cell rotation. The results show
that the proposed DQL agent reached an average success
rate of 97% without useless exploration and rotated the cells
in a way that causes less mechanical damage than humans,
demonstrating the DRL ability for cell rotation with high
efficiency and low cell damage. It has a guiding significance
for the development of a more intelligent, more robust,
and more bio-compliant micromanipulation robot. Future
work will focus on the expansion of three-dimensional cell
rotation and the implementation of cell rotation in the real
environment by transfer learning.
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