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ABSTRACT: Optical microrobots have a wide range of
applications in biomedical research for both in vitro and in vivo
studies. In most microrobotic systems, the video captured by a
monocular camera is the only way for visualizing the movements of
microrobots, and only planar motion, in general, can be captured
by a monocular camera system. Accurate depth estimation is
essential for 3D reconstruction or autofocusing of microplatforms,
while the pose and depth estimation are necessary to enhance the
3D perception of the microrobotic systems to enable dexterous
micromanipulation and other tasks. In this paper, we propose a
data-driven method for pose and depth estimation in an optically manipulated microrobotic system. Focus measurement is used to
obtain features for Gaussian Process Regression (GPR), which enables precise depth estimation. For mobile microrobots with
varying poses, a novel method is developed based on a deep residual neural network with the incorporation of prior domain
knowledge about the optical microrobots encoded via GPR. The method can simultaneously track microrobots with complex shapes
and estimate the pose and depth values of the optical microrobots. Cross-validation has been conducted to demonstrate the
submicron accuracy of the proposed method and precise pose and depth perception for microrobots. We further demonstrate the
generalizability of the method by adapting it to microrobots of different shapes using transfer learning with few-shot calibration.
Intuitive visualization is provided to facilitate effective human-robot interaction during micromanipulation based on pose and depth
estimation results.
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Optical microrobots represent a growing area of robotics
research for biomedicine,1 owing to advances in

materials and microfabrication technologies. However, due to
inherent challenges of microfabrication, assembly, and
functionalization of sensors in microscales, ex vivo and in
vitro microrobotic experimental setups normally rely on the
camera view to observe and characterize the microrobots.
Therefore, the vision system is essential for simultaneous,
independent trapping and manipulation of different micro-
objects. The camera view can be used to implement computer
vision algorithms for microrobot monitoring, which provides a
form of feedback to improve user perception and enable the
development of closed-loop control techniques.
For the study of microparticles that normally do not need

pose estimation, position tracking has been widely explored.
For example, position tracking of a microparticle has been
developed for the digital video microscopy,2 which has been
used for optical tweezer calibration,3 biomolecular forces
measurement,4 exploration of rheology of complex fluids,5 and
assessment of mechanical properties of soft tissues.6 Some
visual tracking algorithms have been translated and applied for
tracking microparticles, especially for tracking fluorescent
particles and molecules.7,8 Machine-learning techniques have
been applied for fast and accurate feature localization in

holograms of colloidal particles,9 while convolutional neural
networks have shown their capabilities in particle tracking for
microscopy applications.10−12

In addition to tracking microparticles, the robust vision-
based techniques for tracking and 6D pose estimation of
microrobots are necessary for micromanipulation and micro-
assembly. Accurate depth and pose estimation plays an
important role in closed-loop control of microrobots and
improving the microscale 3D perception for the operator. It
can support automatic microassembly tasks and indirect
manipulation of objects such as cells.13 For large-scale robotic
systems, depth can be estimated by using a time-of-flight
camera, structured illumination, pulsed Lidar, or stereo camera
technologies. However, for microscale robotic systems, most of
the available sensing and camera technologies are not able to
estimate depth reliably. The transparency of optical micro-
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robots and varying illumination levels set by the users bring
additional challenges to depth estimation. Compared to less
transparent or opaque objects, a transparent object can
complicate pose estimation, since the motion of the micro-
robots along the optical axis may be unobservable due to
parallel projection.14

Previous work in the area has proposed a number of
methods for depth or pose estimation of microrobots. For
example, the depth recovery of microgrippers and Carbon
Nanotubes (CNT) for automation applications has been
proposed.15 In microrobotics research, feature-based depth
estimation for microgrippers/microrobots with a Scanning
Electron Microscope (SEM)16−18 and 3D orientation
estimation of the microrobot have been investigated.19

Model-based tracking of a magnetic intraocular microrobot
has also been proposed.20 However, existing methods are often
designed for a specific microgripper or microrobot, and they
cannot be adapted to different microrobotic systems, which
require the manipulation of mobile microrobots with a
complex shape and various poses.
Compared to traditional approaches, machine learning based

algorithms, such as neural networks, can provide more general
solutions to assist with the processing of optical images for
clinical and biomedical applications.21−23 For optical micro-
robot depth estimation, convolutional neural networks
(CNNs) combined with long short-term memory (LSTM)
have been used24 for sequential data regression based on gray
scale monocular images generated in an Optical Tweezer (OT)
setup during offline analysis, where trajectory reconstruction of
microrobots was implemented following the periodic trajectory
(such as the sinusoidal trajectory and the triangular trajectory).
However, the movements of the microrobot are often random
during micromanipulation. The model trained on one group of
predefined periodic trajectories may not work well in others,
since the microrobots can move with random motions.
Moreover, the experimental results of prior works were only
validated on one model, and it has not been tested for different
microrobots with complex shapes.
In addition to depth estimation, 3D pose estimation in

microrobotics could also benefit from recent advances in
artificial intelligence. For example, CNNs have been employed
for the estimation of the 3D pose of an object from a single
image.25 A CNN-based method for estimating the 3D pose and
depth of optically transparent microrobots has been
developed.26 However, for a neural network to be able to
estimate the 3D pose of different microrobots, a large database
should be collected, which consists of microscopic images of
different microrobots with the combination of different depth
values and poses. The network for pose and depth estimation
has to be trained from the raw data of the different robots,
which is time-consuming. Moreover, the pose estimation was
implemented with a relative orientation estimation mode,
which means that accumulative errors may severely affect the
accuracy of pose estimation. Therefore, a more generic method
is needed for pose and depth estimation for other microrobots
given that the available data for training the machine learning
model is limited. It has been proved that the transfer learning
framework can assist the discovery of the general underlying
physical rules.27 Therefore, to enable the method proposed in
this paper to be adaptable to multiple microrobotic systems
with various designs, transfer learning is used to reduce the
need for collecting a large database for each microrobot.

To realize the target of precise pose and depth estimation
mentioned above, an algorithm is designed in this paper. With
an accurate pose and depth estimation of the optical
microplatform/microrobots based on the video data, addi-
tional views can be used to enhance the 3D perception
capabilities of the operators in the microscale. Since the camera
can only capture the top-down view, an additional side view or
3D view can enable the operator to have a better sense of the
microrobot’s depth and pose within the targeted workspace.
This paves a way for the automation in the 3D space for a
microrobotic system, which has a high requirement on the
sensing capabilities.
The main contributions of this paper are listed as follows:

(1) Depth estimation for an optical microplatform is
constructed based on a focus measurement and a GPR
model; (2) A Hierarchical Semi Supervised ResNet architec-
ture is developed in a multitask learning manner, which can be
used for optical microrobots pose and depth estimation; (3) A
GPR-ResNet Hybrid model is developed to further improve
the accuracy of the depth estimation of a microrobot with
various poses, which constructs a more precise depth
estimation approach for optical microrobots; (4) Domain
adaption is verified to demonstrate the generality of the
proposed method for applications in different optical micro-
robotic systems; (5) A software for digital video microscopy is
developed based on the pose and depth estimation results, with
visualization of side views and 3D views of the microrobots,
which is designed to assist the operator in conducting
dexterous micromanipulation.
The remainder of the paper is structured as follows. First,

the problem statement is presented, while the methodology is
illustrated in Methodology for the depth estimation of
microplatforms, as well as the pose and depth estimation of
mobile microrobots. Experiments describes the experimental
setup, while the results analyses are presented. Finally, the
conclusions are drawn and the future prospects are described
in Conclusions and Future Work.

■ METHODOLOGY
The proposed method aims to construct a precise and robust
microscopic pose and depth estimation for optically trans-
parent objects with complex shapes. Two types of objects are
studied, namely, microplatforms (which are static objects) and
mobile microrobots (which can be moved and have different
out-of-plane poses during the operation). An illustration of the
microplatforms and the mobile microrobots is shown in Figure
1, which includes micro Platform A, micro Platform B, micro
mobile Robot A, and micro mobile Robot B.

2D Position Estimation. Given the microscopic video
data, a bounding box is manually placed to identify the initial
position of the microplatform/microrobot of interest. Each
image frame of the video is cropped according to the bounding
box. A Gaussian filter is applied to remove the noises from the
images. Subsequently, a binary segmentation of the microplat-
form/microrobot is generated by applying a threshold
operation to the video.
After preprocessing the image data, 2D positions are then

computed from the center of mass of this binary microplat-
form/microrobot image after segmentation. The contrast of
the images can be adjusted to make sure that the microplat-
form can be segmented by the thresholding.
Suppose that p(x, y) represents the pixel of each image

frame, C(x, y) represents the gray scale level of that pixel. The
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centroid of the segmented area is [xc, yc], which can be
calculated as follows:
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In this way, the 2D planar position of the microplatforms/
microrobots can be determined. A new video can be generated
with a reduced dimension, whose center point is aligned with
the centroid of the microrobot. Therefore, the resulting images
will only contain the features of interest, which speeds up the
calculation as the data size is reduced, without removing any
necessary information. After determining the 2D position of
the microrobot, depth and pose estimations can be conducted.
Focus Measurement. For a microplatform, the depth

estimation is significant in visualizing the respective structure.
Focus measurement information obtained from monocular
microscope image sequences can be exploited to estimate the
depth. The algorithm utilized to measure the focus level for
every image pixel is usually referred to a focus measure (FM)
operator. In order to estimate the translation along the z-axis
(which is parallel to the optical axis) of the microplatform, the
focus measurement information is utilized, which means that
the mapping between the focus measurement for each image
frame and the corresponding z-position of the microplatforms/
microrobots should be established. The full image is used for
the focus measurement calculations.
The approximation of a single focus measurement metric

cannot be used directly to reconstruct the z-displacement,
since two different depths can correspond to the same value of
a specific focus measurement. Therefore, combining different
metrics for depth regression is necessary. The metrics used for
focus measurement are illustrated as follows.
For an image, entropy is related to the complexity contained

of its content. Whenever the microplatform is displaced from
the focal plane increase or decrease, the entropy value changes
accordingly. For entropy based measurement method, prior to
estimating the translation along the z-axis, a calibration routine
is required to establish the mapping between entropy and the
displacement of the microrobot along the z-axis. Since a
focused image is expected to have a higher information
content, the entropy computed can be used as one of the focus
measures.28

Apart from the image entropy, the variance of the image
Laplacian29 can be used, which represents the second
derivative of an image. The Laplacian highlights regions of
an image containing rapid intensity changes and are often used
for edge detection. If an image has a high variance, then the
image is likely to be in-focus, since it contains many edge-like
features. On the other hand, if it is of very low variance, then
the image is likely to be blurred, with less edges; hence, the
object may be out of focus.
The focus measure based on an alternative definition of the

Laplacian is proposed,30 which is defined based on the
modified Laplacian. Suppose that ΔmI(i, j) is the modified
Laplacian of p(x, y), computed as ΔmI = |I*LX| + |I*LY| (* is
the convolutional operator). The convolution masks used to
compute the modified Laplacian are LX = [−1, 2, − 1], and LY
= LX

T. Another popular focus measure based on the magnitude
of image gradient is known as the Tenengrad focus measure.28

The four focus measurement metrics (M1: entropy; M2:
Laplacian variance; M3: modified Laplacian; M4: Tenengrad
operator) are defined as follows.

∑= −
=

P PM1 log( )
k

L

k k
1 (2)

∑= − ΔI x y IM2 ( ( , ) )
x y,

2

(3)

∑= Δ I x yM3 ( , )
x y

m
, (4)
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x y

x y
,

2 2

(5)

where Pk is the relative frequency of the kth gray scale level, L
represents the total number of different gray scale levels, I is
the image Laplacian obtained by convolving p(x, y) with the
Sobel operator, ΔI is the mean value of the image Laplacian,
Gx and Gy are the image gradients in the x, y directions,
computed by convolving the given image p(x, y) with the
Sobel operator.
The focus measurement can be affected by the presence of

image noises from different noise sources. Considering that
image noise is unavoidable, while the robustness of statistics-
based operators may not be stable under various image
contrast and image saturation, combining multiple focus
measure is essential for accurate depth estimation. Therefore,
a statistic regression model based on the focus measures
should be explored.

Gaussian Process Regression. Gaussian process regres-
sion (GPR) is a nonparametric Bayesian approach that has
many desirable properties and can be applied for depth
estimation with digital video microscopy.31 It is data-efficient
and is easy to obtain through simple parametrization. A natural
Bayesian interpretation is used to allow uncertainty during
prediction. Therefore, GPR is used for the regression of the
depth model by considering the multiple focus measurement
metrics.
Let M(pt) (t = 1, 2, ..., T) denote the focus measure results

of the image p collected at time step t using metric M = [M1,
M2, ..., MN]

T (i = 1, 2, ..., N), where N is the total number of
metrics (N = 4 is used in this paper), T is the total number of
time steps. f(.) is a function that maps the focus measures to a
depth value. Considering that the training data may be noisy,

Figure 1. Illustration of the microplatforms and the mobile
microrobots used for the validation of the proposed algorithm in
this paper (top row images are CAD models and bottom row images
are the indicative frames from the experimental data sets). Platforms
A and B are microplatforms, and their poses will not change during
experiments. Robots A and B represent a four-arm and a two-arm
microrobot, respectively, which may have various poses during
micromanipulation experiments.

ACS Photonics pubs.acs.org/journal/apchd5 Article

https://dx.doi.org/10.1021/acsphotonics.0c00997
ACS Photonics 2020, 7, 3003−3014

3005

https://pubs.acs.org/doi/10.1021/acsphotonics.0c00997?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acsphotonics.0c00997?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acsphotonics.0c00997?fig=fig1&ref=pdf
https://pubs.acs.org/doi/10.1021/acsphotonics.0c00997?fig=fig1&ref=pdf
pubs.acs.org/journal/apchd5?ref=pdf
https://dx.doi.org/10.1021/acsphotonics.0c00997?ref=pdf


we adopt a regression model that contains an additive
independent Gaussian noise term ϵ. Therefore, the regression
model for the task with noise can be written as zt = f(M(pt)) +
ϵ, where zt represents the target depth values, ϵ σ∼ (0, )n

2

follows a Gaussian distribution.
Given a training data set D = {(M(pt), zt)|t = 1, 2, ..., T)}, a

GPR model is trained to predict the value of a scalar output zt,
given new image data and the training data set D. Let M(p)
denote an input vector with dimension N × T ( ∈ ×M p( ) N T
).
A Gaussian process can be regarded as a distribution over

functions and is specified by a mean function and a covariance
function. f(.) is assumed to be distributed as a Gaussian
process GP, which can be denoted by eq 6.

μ∼ ′M p GP M p M p M pf K( ( )) ( ( ( )), ( ( ), ( ))) (6)

where μ(.) represents the mean function, K(.) denotes the
covariance function, which models the dependence between
the depth values when given different microscopic images with
different focus measurement values (M(p) andM(p′)) and can
be calculated as follows.

μ μ′ = [ − ′ − ′ ]M p M p M p M p M p M pK f f( ( ), ( )) ( ( ( )) ( ( )))( ( ( )) ( ( )))

(7)

A Radial Basis Function (RBF) is used as the kernel to model
the covariance function K(.).

As an infinite-dimensional multivariate Gaussian distribu-
tion, all the data in the training set are jointly Gaussian
distributed. The predictive distribution can be generated based
on conditioning the joint Gaussian prior distribution on the
observations.32

At test time, given an observation M(p*) (p* = pt(t = 1, 2,
..., T′)), the GPR model predicts the depth as f(M(p*)). In the
regression, the main target is to make inferences about the
conditional distribution. Denote X = M(p), X* = M(p*), the
joint prior distribution of the training outputs f(X) and the
testing outputs f(X*) according to the prior can be modeled as
follows.

μ

μ

σ

*
∼

*

+ *

* * *

f X

f X

X

X

K X X K X X

K X X K X X

I( )

( )

( )

( )
,

( , ) ( , )

( , ) ( , )

n
T2Ä

Ç

ÅÅÅÅÅÅÅÅÅÅÅÅ

É

Ö

ÑÑÑÑÑÑÑÑÑÑÑÑ

i

k

jjjjjjjj

Ä

Ç

ÅÅÅÅÅÅÅÅÅÅÅ

É

Ö

ÑÑÑÑÑÑÑÑÑÑÑ

Ä

Ç

ÅÅÅÅÅÅÅÅÅÅÅÅ

É

Ö

ÑÑÑÑÑÑÑÑÑÑÑÑ

y

{

zzzzzzzz (8)

After normalization to ensure prior mean to be zero,
previous observations f(X) and the target values f(X*) follow a
a multivariate normal distribution. The prediction of the GPR
model can be obtained as shown in eq 9.

σ

σ

* | * ∼ * [ + ] * *

− * [ + ] *

−

−

N I

I

f X X X f X K X X K X X f X K X X

K X X K X X K X X

( ) , , ( ) ( ( , ) ( , ) ( ), ( , )

( , ) ( , ) ( , ))
n

n

2 1

2 1 (9)

Based on the joint posterior distribution, the target value can
be represented by the mean values, while the variances in the
covariance matrix of f(M(p*)) indicate the uncertainties of the

Figure 2. Overview of the focus measure results and the corresponding normalized depth level for microplatforms depth estimation calibration. (a)
The normalized focus measurement metrics of different normalized depth values for microplatform A. (b) The visualization of the GPR results for
microplatform A using two features. (c) The normalized focus measurement metrics of different normalized depth values for microplatform B. (d)
The visualization of the GPR results for microplatform B using two features.
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target values predicted by the model. More details of the
calculation for GPR can be obtained in ref 33.
Depth Estimation for Microplatform. For microplat-

forms that are static, we assume that the regression function
mapping from the images (or the focus measurement metrics)
of the target microplatforms to its relative depth levels follows
a Gaussian process. Therefore, GPR can be used to regress the
model. Since the GPR method is a data-efficient approach, a
small data set for each microplatform is enough to regress the
model. The model training process can also be known as a few-
shot regression process, which maps the corresponding focus
measurement metrics of the image sequence to the depth
values.
During the depth calibration process, each microplatform is

placed on the sample holder, while the focus plane is adjusted
to obtain different images of the microplatform with different
relatively depth values. The 2D position detection is used to
obtain the region of interest of the microplatform. Sub-
sequently, the focus measurement is conducted to generate the
data for depth regression with GPR model. The depth values
(ground truth data) and the obtained focus measurement
metrics are normalized between 0 and 1 before calibration.
Figure 2a and c show the normalized focus measurement
metrics for different normalized depth values for microplat-
forms A and B, respectively.
For offline analysis, more metrics should be used to improve

the accuracy of the regression. However, for online application,
two features are sufficient for the depth regression. The two
features with higher variance are chosen to train the GPR
model. The visualization of the GPR training results is shown
in Figure 2b and d for microplatforms A and B, respectively.
Though the GPR method can be extended to depth

estimation for microrobots and the underlying regression
process can be explained, the accuracy is not high enough.
Moreover, for mobile microrobots, the calibration is required
to be conducted with various out-of-plane poses. A robust
approach for mobile microrobots depth estimation with
various out-of-plane poses should be developed.
Pose and Depth Estimation for Microrobots. Depth

and pose estimations are critical for monitoring and controlling
microrobotic systems, but it is very challenging to obtain
accurate estimations from a single image, due to the loss of 3D
information during the image capture process.34 Compared to
handcrafted features, which are implemented based on focus
measurements, the feature maps learned by neural networks
can describe a more generalized mapping between the image
and the specific depth value or pose. Therefore, we investigate
the use of deep learning based methods to construct the digital
video microscopy for microrobots with various poses.
The Deep Residual Network (ResNet) can achieve high

classification accuracy by training with hundreds of layers of
neurons with good performance,35 and it can be used for depth
and pose estimations. In a traditional CNN model, inputs are
passed from nodes of each layer to the next, with adjacent
layers connected by convolutional operators. ResNets extend
CNNs by adding short-term memory to each layer of the
network, which forces the new layer to learn something
different from what the input has already learned. ResNet was
chosen to be integrated in the digital video microscopy for
microrobots with various poses.35

The coordinate definitions of microrobots A and B are
shown in Figure 3a and c, respectively. The microrobots can
rotate along the X, Y, and Z axes, and the rotation angles along

the axes are known as pitch, roll, and yaw angles, respectively.
The rotation along the Z axis can be easily observed, since Z
axis is parallel to the optical axis. The rotation along X and Y
axes is known as out-of-plane rotation, which is often difficult
to be perceived by the operators.
The target of the 6D pose estimation of microrobots

includes planar position estimation (2D), depth estimation
(1D), planar rotation angle estimation (1D), and out-of-plane
pose estimation (2D). The 2D planar position estimation has
been addressed in the previous section, so the main focus of
the construction of the deep learning model is to realize depth
level (zk, k = 1, 2, ..., K) classification, out-of-plane pose (αi,βj, i
= 1, 2, ..., I, j = 1, 2, ..., J) classification, as well as planar
rotation angle (γm, m = 1, 2, ..., M) classification, since all the
data is in a discrete form during data collection. The basic
model used for training is shown in Figure 4a. The ranges of
the rotation angles and the depth level are determined by the
specific application scenario.
A representative data set is built with ground-truth data,

which spans across sufficient configuration spaces of the
microrobot workspace. For each image collected, it has a
corresponding label of [αi, βj, zk], where α represents pitch
angle, β represents roll angle, and z is the depth value. The
minimal displacement between the rotation of the X and Y axes
is 10°, while the displacement along the Z axis is 1 μm; n = I ×J
×K number of unique classes for the database are collected,
where I = [max(α) − min(α)]/10 + 1, J = [max(β) −
min(β)]/10 + 1, and K = max(z) − min(z) + 1.
To reduce the data required to be collected, the database for

the planar rotation angle estimation is self-generated.36 In the
original database, the default planar rotation angle for all the
robot is 0°. That is to say, we did not collect the image data
with different planar rotation angles. To obtain the ground-
truth data for training, the recognition of different rotation
angles, a set of predesigned geometric transformations (e.g.,
planar rotation for γm(m = 1, 2, ..., M) degree) were applied to
images with various out-of-plane poses and depth values in the
database, where M = [max(γm) − min(γm)]/5 degree. To this

Figure 3. Coordinate definition and the illustration of out-of-plane
poses of microrobots A and B. (a) The coordinate definition of
microrobot A. (b) Various out-of-plane poses of microrobot A. (c)
The coordinate definition of microrobot B. (d) Various out-of-plane
poses of microrobot B.
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end, the neural network is trained to recognize how many
degrees each microrobot rotates in the Z axis by fixing all the
parameters of the convolutional blocks and tuning the
parameters of all the remaining parameters that are unfixed.
A Hierarchical Semi Supervised ResNet architecture is

therefore constructed for the multitask classification, which is
implemented by two parallel neural networks with the same
structure using the original database for the depth and out-of-
plane pose estimation, respectively, and the self-generated
database is used for the planar rotation estimation, as shown in
Figure 4b. In Hierarchy 1 of the neural network architecture,
supervised learning is used for out-of-plane pose and depth
estimation based on the labeled data. As for the planar rotation
angle estimation, supervised learning is conducted based on
the self-generated image data and the corresponding labels in
Hierarchy 2. In this way, the Hierarchical Semi Supervised
learning for multitask classification can be realized.
Hybrid Model with Few-Shot Calibration. For the

microscopic pose and depth estimations of microrobots, an
ideal training set would be the one that encompasses all
possible poses and depth values. However, it is almost
impossible to collect a complete database with all the targeted
poses and depth values for every microrobot with a specific
shape. Moreover, the data collected for the database is often in
the form of snapshot data in a discrete form, which is
nonsequential data. For micromanipulation tasks using optical
microrobots, the data is sequential in a continuous form. This

limits the accuracy for estimation when formulating the neural
network model as a regression model. The classification model
trained with data in a discrete form may not work for
continuous depth values estimation. To enhance the precision
of regression, a hybrid model based on the combination of
GPR and ResNet is proposed.
One of the advantages of the GPR-based method is that it

incorporates prior knowledge and is explainable. However, it is
pose-dependent, and the root-mean-square-error (RMSE) of
the regression is not highly compared to the deep learning
method, and the results depend significantly on the accuracy of
the pose estimation results. For the microrobot at the same
depth level, if the pose of the microrobot changes, the focus
measurement values will change accordingly, which may lead
to another depth value using the same regression model. As for
the ResNet model, higher accuracy for depth estimation can be
achieved for microrobots with various poses. However, the
black-box effects of the deep learning methods are difficult to
be eliminated. Therefore, the combination of the two methods
can complement each other and yield an explainable yet
accurate pose estimation.
To further improve the accuracy of the depth estimation

when the microrobots are switching between different poses,
both GPR and the ResNet model are used. The GPR-based
method is pose-dependent, which means that different GPR
regression models have to be trained for the same microrobot
with different poses. Few-shot calibration means that, for a

Figure 4. ResNet model and the overall framework. (a) The details of the basic model. (b) The overview of the Hierarchical Semi-Self Supervised
ResNet architecture that is targeted for multitask learning of microrobots out-of-plane pose, depth, and planar rotation estimation.
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microrobot with a specific pose, a series of images with various
depth levels are collected to generate the GPR model.
A Kalman filter is used to remove the noises for the real-time

estimation results and fuse the information from the GPR and
the ResNet models together. A process model is normally used
to model the transformation of the process state, which can
usually be represented as a linear stochastic difference
equation. x(t) represents the real depth value at time step t,
and v(t) = x(t + 1) − x(t) represents the depth value
increment. Therefore, the state-space function can be written
as follows.
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represents the state at time t, and ϵg and ϵd are

random variables representing the process noise.
The measurement model is defined to describe the

relationship between the process state and the measurements.
Suppose that the depth level estimated by the neural network
is zd, while the depth value regressed by the GPR model is zg.
Kalman filter is used to fuse the information together. The
measurement equation can be expressed as follows.
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where H is an identity matrix, ζg and ζd represent measurement
noise to model the inaccuracy caused by the ResNet or the
GPR model. In this way, the results estimated by the two
models can be regarded as noisy sensor measurements of the
digital video microscopy.
The overview of the pose and depth estimations for

microrobots based on the GPR-ResNet hybrid model with
few-shot calibration is shown in Figure 5. After preprocessing

of the microrobot with 2D planar position estimation, the
focus measurement is conducted, while the out-of-plane pose
and the depth level are determined via the ResNet model.
Based on the out-of-plane pose estimation results, the specific
GPR model is used to generate the depth increment value
based on the focus measurement results. The depth level and

the depth increment are fed into the Kalman filter, while the
final depth value can be generated.
Though deep learning based methods can achieve high

classification accuracy for many applications, they need a large
data set with diversified data for training. Moreover, the model
trained on one microrobot will fail to estimate the pose and
depth estimation of another microrobot. Therefore, domain
adaption should be considered.

Domain Adaption. The major drawback of a deep
network are the long training time and the enormous
computational expenses. Therefore, to enable network
adaptation, the residual network is trained with a big data
set, and transfer learning is used to fine-tune the network for
pose estimation for other mobile microrobots with complex
shapes. To verify the effectiveness of the domain adaption of
the proposed method, further experiments are conducted.
To standardize the training for the same microrobot, an

array of microrobots printed at different poses are fabricated to
generate the training data set for one microrobot. The raw
image data of this microrobot are used for the end-to-end
training for pose estimation. If the pose recognition is needed
for another microrobot with different shapes, transfer learning
can be applied to refine the network for the microrobot
without the need to retrain the neural network model from
scratch. Since the feature extraction processes are similar for
pose estimation, the parameters for the convolutional layers are
fixed, while the global average pooling layer and the fully
connecting layer can be fine-tuned on other data sets with
limited ground-truth data. In this way, the model trained based
on the microrobot A can be adapted for microrobot B with
relatively small refinements of the network. Similarly, the
network model can be tuned to adapt to other microscopic
systems with various point spread functions (PSF) using the
same transfer learning technique.

■ EXPERIMENTS
In this section, the microrobot fabrication process and the
experimental setup are introduced. The depth estimation
results for microrobotic platforms are shown while the pose
and depth estimation results for mobile microrobots are
described.

Microrobot Fabrication. The Nanoscribe 3D-Printer
(Nanoscribe, Germany) is used to fabricate the optical
microrobots. Photoresist (Nanoscribe, IP-L 780) was selected
as the material for microrobot fabrication. It is biocompatible
and dielectric, with a refractive index of 1.52, which is higher
than the surrounding medium (the refractive index for water is
1.33).
The two-photon polymerization (2PP) method was used for

the manufacturing process,37 where the resolution is set to 100
nm and realized by a 3D printing system (Nanoscribe GmbH,
Germany). The microplatforms and microrobots for exper-
imental validation were printed on the glass substrate and
placed in deionized (DI) water within a spacer.38

Experimental Setup. In this paper, an Optical Tweezer
(Elliot Scientific, U.K.) was used as an example to verity the
effectiveness of the proposed method. The proposed method
can be implemented in most of the optical systems that involve
a microscope for optical microrobot monitoring and
manipulation. For our experiments, the microplatforms and
microrobots were imaged with a high-speed CCD camera
(Basler AG, Germany) and an oil immersion lens microscope
(Nikon Ti) with 100× magnification.

Figure 5. Overview of the pose and depth estimations for microrobots
based on the GPR-ResNet hybrid model with few-shot calibration.
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The printed microrobots are kept fixed on the glass slide and
placed on the piezo stage to generate the ground truth
trajectories along the z-axis. The microrobots with various
poses were translated using the piezo stage in the discrete
mode or continuous mode. The sinusoidal, triangular, or
random trajectory in the z-axis can be generated with different
moving frequencies of the piezo stage, which are regarded as
the continuous modes. For one specific pose, at least 1000
frames were collected for each subdata set. The live video of
the microrobot was collected and processed offline. After the
2D position detection and estimation, the video data is
cropped to the dimension of 256 × 256 pixels.
Results and Analysis. Depth Estimation for a Micro-

platform. The regression model is effective when the focus
plane is within a reliable range (smaller than the overall
dimension of the microplatform in the z-axis). To verify that
the proposed method can estimate the relative depth of the
microplatform compared to the focal plane, the translational
stage is moved by following a predefined trajectory in the z-
axis.
The depth of the 3D-printed microplatforms is estimated by

using the GPR model obtained from prior calibration. The
Nanopositioner (Mad City Laboratories Inc.) has a working
range of 100 μm. During the experiment, the microrobots are
moving between the depth level of 46 and 52 μm. Three tests
were conducted in total, using three microrobots fabricated at
different time but have the same structure and printing
parameters. Figure 6 demonstrates the depth estimation results

for the two microplatforms respectively during Test 1. The
comparisons between the experimental curve and the ground
truth data of the other tests can be viewed in Supplement 2
(Figures S2 and S3) of the SI.
The root-mean-square-error (RMSE) is used to measure the

accuracy of the regression. Three tests were conducted to
verify the effectiveness of implementing the GPR model for
depth estimation. RMSE results for the regression of
microplatform in all the tests are demonstrated in Table 1. It
can be concluded that the regression accuracy can be
significantly improved by using more features.

Pose and Depth Estimation for Microrobots. For 3D-
printed microrobots of known geometries, a data set can be
generated consisting of a set of microscope images and the
corresponding 3D positions and orientations of the micro-
robot. The labeled data is used to train the model, where 20%

Figure 6. Validation of the GPR-based depth regression in Test 1. (a) Experimental results for depth estimation using two selected focus
measurement metrics for microplatform A. (b) Depth estimation results using two selected focus measurement metrics for microplatform B. (c)
Experimental results of the depth estimation using four focus measurement metrics for microplatform A. (d) Depth estimation results using four
focus measurement metrics for microplatform B.

Table 1. RMSE Results for the Regression of
Microplatforms

2 features
Test 1
(μm)

Test 2
(μm)

Test 3
(μm) mean ± std

microplatform A 0.739 0.935 0.809 0.828 ± 0.099
microplatform B 0.649 0.555 0.645 0.616 ± 0.053

4 features
Test 1
(μm)

Test 2
(μm)

Test 3
(μm) mean ± std

microplatform A 0.556 0.728 0.507 0.597 ± 0.116
microplatform B 0.432 0.390 0.462 0.428 ± 0.036
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of the total images was used for testing. During the model
training process for the other 80% of data, 70% was used for
training, while 30% was used for validation to fine-tune the
model. Detailed illustration of the 2D position detection
process and the single image preprocessing for database
construction can be found in Supplement 3 (Figure S5) in the
SI.
To reduce the computational time, each image is resized to

50 × 50, while intensity of the image is normalized before
feeding the images to the network. For both the training and
testing data, the preprocessing of the image is conducted as
follows.

′ ′ = −
∑

p x y p x y
p x y

( , ) ( , )
( , )

2500
/128x y,

Ä

Ç

ÅÅÅÅÅÅÅÅÅÅÅ

É

Ö

ÑÑÑÑÑÑÑÑÑÑÑ (12)

Data augumentation is used to avoid overfitting during the
training process. The batch size is set to be 100. The cross
entropy loss is computed while AdamOptimizer is used as the
optimizer. After training 30 epoches, the accuracy of pose
estimation for the targeted classes can reach 100% for the
testing database. The results of the pose estimation are shown
in Figure 7, including the top view obtained by the camera and

the side view augmented by a CAD model, which is generated
with the pose estimation results. The same ResNet architecture
can be used for the discrete depth level estimation for
microrobots. The neural network can work simutaneously to
generate the pose and depth estimation results.
The pose estimation accuracy for microrobot A is 99.93%.

As for the depth estimation, the accuracy is 97.76% for
microrobot A. The depth estimation results of microrobot A
with various poses based on the DNN method can be viewed
in Figure 8a, the model of which is trained using the discrete
data set. The depth estimation results using the ResNet model
for microrobot A and the comparisons with the ground-truth
data is shown in Figure 8c for continuous depth value
estimation.

As for the planar rotation angle estimation, the accuracy is
99.98%, which indicates that the Hierarchy 2 in the ResNet
model is effective and the 6D pose estimation for the
microrobot can be realized by using the self-generated data.
The examples of planar rotation angle estimation are
demonstrated in Figure 9. Two indicative sets of feature
maps derived from the first two convolutional layers and max
pooling layers are shown in Supplement 3 (Figure S6) in the SI
to demonstrate the process of feature extractions by neural
network.

Hybrid Model with Few-Shot Calibration and Domain
Adaption. The model trained using the discrete data is
adapted to the new data set with many unseen data. The few-
shot calibration is performed at first. Several examples for the
focus measurement calibration of microrobot A are demon-
strated in Supplement 1 (Figure S1) in the SI, while the
experimental results of the GPR model for the depth
estimation of microrobot A with different poses can be viewed
in Supplement 2 (Figure S4) in the SI. The root-mean-square-
error results were calculated, as shown in Supplement 2 (Table
S1) in the SI.
Figure 8b shows the results comparison between the

ground-truth data and the depth estimation obtained based
on GPR model for few-shot calibration of the small data set for
microrobot A. Combining the depth estimation results from
both the GPR and ResNet with Kalman filter, the depth
estimation results using the hybrid model (GPR-ResNet
model) for microrobot A and the comparisons with the
ground-truth data are shown in Figure 8d.
The quantitative results for the comparisons between the

GPR model, ResNet model, and the hybrid model are shown
in Table 2. It can be clearly seen that, with the hybrid model,
the RMSE for the depth estimation can be improved (0.381
μm), compared with the results generated by the GPR (0.669
μm) and ResNet (0.447 μm) models.
The database for microrobot A is constructed for training

the initial network. To accelerate the training speed and enable
domain adaptation, transfer learning is used to obtain the pose
and depth estimation model for microrobot B. In order to test
whether a small data set is enough for the neural network to
adapt to the pose estimation for another microrobot, only 20%
of the data is used for training. With the small data set, the
pose estimation for microrobot B based on transfer learning is
99.93%, while the depth estimation accuracy is 95.47%, while
the RMSE is 0.212 μm. The results demonstrate the
adaptability of the proposed method for various types of
microrobots.

Visualization. With precise pose and depth estimations, the
monitoring of the microrobots with visualization can be
realized to enable the operators to have a better perception of
the microrobotics, as shown in Figure 10. The blue line
represents the focal plane. The side view of the microrobot is
shown based on the pose estimation results, while the depth
value is demonstrated by adjusting the relative position
between the model and the blue line. The 3D model can
overlay the microscopic images during operation.
An analytical software is used to provide more information

to the users when constructing the digital microscopy. An
example is shown in Figure 11, while the video for overall
testing can be found in the Supporting Information, Video S1.
The evaluation metrics are calculated online and scaled down.
The value of each metric is visualized in digital form, and the
radius of the circle indicates the value. Therefore, the variation

Figure 7. Overview of the results for pose estimation. The top view of
the image obtained by microscopic camera is fed to the neural
network; the out-of-plane pose can be estimated, while the additional
side view can be visualized in the CAD model mode.
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of the focus measurement can be monitored (see Figure 11b).
The 2D entropy image is demonstrated to provide a more

intuitive visualization of the focus measurement. Figure 11d−f
is the visualization of the depth and pose estimations
mentioned above.

■ CONCLUSIONS AND FUTURE WORK
The aim of the proposed methodology is to develop deep
learning method for the depth and pose estimation of
microplatforms and microrobots, and to enhance the

Figure 8. Overview of the pose and depth estimation experimental results for the microrobots. (a) The depth estimation results comparison
between the ground-truth data and the ResNet model for the discrete data set. (b) The few-shot calibration results using the GPR model. (c)
Depth estimation results using the modified ResNet-18 for microrobot A and the comparisons with the ground-truth data. (d) Depth estimation
results using the hybrid model (GPR-ResNet model) for microrobot A and the comparisons with the ground-truth data.

Figure 9. Overview of the planar rotation angle estimation via self-
supervised learning based on the ResNet Model.

Table 2. Experimental Results of Domain Adaption for
Verification of the Effectiveness of the Proposed Methods
with Comparative Studies

GPR-based
model (μm)

ResNet
model(μm)

proposed hybrid
model (μm)

microrobot A 0.669 0.447 0.381
microrobot B 0.555 0.445 0.316

Figure 10. Visualization of microrobot monitoring with various poses
and depth values, including the top view obtained by microscopic
camera and the side view with CAD model based depth level
demonstration.
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perception of the operator with visualization of additional
views. The depth can be regressed by utilizing multiple focus
measurement information via GPR for the microplatforms. A
ground truth data set is used to generate the model for depth
regression. The effectiveness of the model is tested on two
microplatforms for depth estimation, which is significant for
the construction of a digital microscope.
As for a microrobot, the microrobot’s depth value and out-

of-plane and planar rotation angles are estimated with a deep
learning method, using a Hierarchical Semi Supervised ResNet
architecture. The 6D pose estimation can therefore be
implemented. The model is trained based on a database with
discrete labels. To reach the goal of continuous depth value
estimation, a hybrid model based on GPR and ResNet is
developed, while a Kalman filter is used to estimate the depth
values smoothly. Transfer learning is tested by fine-tuning the
model to realize the pose and depth estimations for another
microrobot as validation. Visualization is used to enhance the
operator’s 3D perception of the microrobots during micro-
manipulation.
Future work will include verifying the generalizability of the

proposed method in different microscopic systems with various
point spread functions (PSF) by using the transfer learning
techniques for domain adaptation. Moreover, we will extend
the method to pose and depth estimations of multiple
microrobots simultaneously and demonstrate its usefulness in
biomedical applications, such as indirect cell manipulation,
which requires depth and pose information to enable multiple
microrobots to work cooperatively. With the deep learning
method, the 6D pose estimation can be addressed with a high
estimation accuracy. However, the black-box effect has been
known as one of the major drawbacks for deep learning
methods. Explainable AI (XAI) is an emerging field that aims
to eliminate the black-box effect and explain how the decisions
of AI systems are made, which may be a future direction that is
worth exploring.
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