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Abstract— Obtaining three-dimensional information, espe-
cially the z-axis depth information, is crucial for robotic
micromanipulation. Due to the unavailability of depth sensors
such as lidars in micromanipulation setups, traditional depth
acquisition methods such as depth from focus or depth from
defocus directly infer depth from microscopic images and suffer
from poor resolution. Alternatively, micromanipulation tasks
obtain accurate depth information by detecting the contact
between an end-effector and an object (e.g., a cell). Despite
its high accuracy, only sparse depth data can be obtained
due to its low efficiency. This paper aims to address the
challenge of acquiring dense depth information during robotic
cell micromanipulation. A weakly-supervised depth completion
network is proposed to take cell images and sparse depth data
obtained by contact detection as input to generate a dense depth
map. A two-stage data augmentation method is proposed to
augment the sparse depth data, and the depth map is optimized
by a network refinement method. The experimental results show
that the MAE value of the depth prediction error is less than
0.3 µm, which proves the accuracy and effectiveness of the
method. This deep learning network pipeline can be seamlessly
integrated with the robotic micromanipulation tasks to provide
accurate depth information.

Index Terms —— Biological Cell Manipulation, Automation
at Micro/Nano Scales, Deep Learning, Depth Completion

I. INTRODUCTION

Robotic micromanipulation of biological cells plays an
important role in biology and medicine, where individual
cells are manipulated by robot end-effectors. Obtaining 3D
information, especially z-axis depth information, is crucial to
improve manipulation accuracy and efficiency. For instance,
a depth map can drive various visual servoing tasks such as
microinjection [1], cell morphology measurement [2], path
planning for cell transportation [3], 3D reconstruction of
cellular scenes [4], and virtual reality applications [5].

Cell manipulation is usually performed under microscopes,
where depth sensors such as lidars or RGB-D cameras cannot
be integrated (Fig. 1); hence, traditional methods rely on vi-
sion algorithms to infer depth from microscopic images. For
instance, depth from focus and depth from defocus [6] [7] [8]
compute depth based on the sharpness or blurring of image
pixels. They both suffer from the low axial resolution of
optical microscopes. Objects within the depth of field are
simultaneously in focus, thus resulting in poor resolution in
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Fig. 1. Methods for obtaining dense depth maps. Conventionally,
depth sensors such as lidars are used to obtain sparse depth, which is then
converted into dense depth map via depth completion. However, in mi-
cromanipulation setups, depth sensors are unavailable. Traditional methods,
such as depth from focus/defocus, yield depth maps with poor resolution.
Our approach employs contact detection within a robotic micromanipulation
system, coupled with deep learning methods, to generate dense depth maps.

the depth map (Fig. 1). Different imaging modalities such as
holographic and confocal microscopy have also been used
to obtain depth information [9] [10]. However, holographic
microscopy has slow imaging speeds and complex digital
processing, making it unsuitable for real-time or high-speed
imaging [11], whereas confocal microscopy requires the
cells to be stained [12] [13]. Although additional side-view
cameras can provide 3D stereo vision [14], these cameras
cannot view through the cell monolayers where cells are
occluded by each other in side-view images. These methods
are not suitable for providing accurate depth information
during robotic cell manipulation.

To obtain accurate depth information for micromanipu-
lation, contact detection has been introduced in the past
decades [15], [16], [17], [18]. It lowers the robot end-
effector that is built within the micromanipulation system
along the z-axis to touch the cell, and once cell deformation
is detected, its corresponding z position can be obtained. The
obtained depth information can then be seamlessly used for
subsequent cell manipulation tasks. This method can bypass
the axial resolution limitation of microscopes, because the
cell deformation “amplifies” the number of detectable pixels
for depth measurement; hence, the achieved resolution is
determined by the resolution of robotic micromanipulators
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Fig. 2. Pipepine for depth completion during robotic micromanipulation. The pipeline first plans regions for contact detection, then in each region
automated contact detection is performed only once to avoid repeated experiments on regions with similar image features. The collected sparse depth data
are then augmented and fed into a depth completion network, followed by a refinement process to generate a dense depth map.

(e.g., 0.1 µm [16]), making it a promising candidate method
to acquire accurate depth values.

The low efficiency of the contact detection method, how-
ever, makes it only suitable to acquire sparse depth data,
which requires a depth completion step to further construct
a dense depth map for the entire image. The extremely low
sparsity is a major challenge. Ideally, each pixel in an image
should correspond to a depth value, and a 640×480-pixel
image requires ∼300,000 contacts. For conventional depth
completion tasks such as depth completion of sparse lidar
data, a sparsity of 5% is considered as extremely low sparsity.
However, this still requires 15,000 contacts on a single
image. A few hundreds of contacts result in a sparsity of
less than 1%. For training existing depth estimation models
such as [19] [20], supervisory information for such low
sparsity is not sufficient for the models to converge. Although
sparse depth information can be used as weakly supervised
information to obtain dense depth information using deep
learning techniques [21] [22] [23], it remains unknown
whether such low sparsity could be used as weekly super-
vision to train deep depth completion models. In addition,
depth completion has not been attempted on microscopic
images, which contain fewer image features compared to
images in indoor or outdoor RGB-D datasets [24] [25].

This paper aims to develop a deep learning pipeline to
generate dense depth map for use in robotic micromanipula-
tion process, which, to the best of our knowledge, is the first
deep learning process for acquiring dense depth information
during robotic micromanipulation. Our technique utilizes the
commonly used contact detection step to obtain sparse depth
values and does not change the flow of manipulation. The
pipeline takes the cell image and sparse depth values as input.
To enable model training with extremely sparse depth data,
a two-stage data augmentation method is proposed. A depth
completion network is designed, followed with a lightweight
depth refinement network to fully utilize the limited amount
of depth data. Once completed, the dense depth map pro-
vides guidance for subsequent micromanipulation tasks. Our
contributions are as follows:

• As a proof-of-concept attempt, this work achieved deep
learning-based depth completion on microscopic im-
ages. The proposed technique uses contact detection,
which is a common step during micromanipulation,
to obtain sparse depth data and can be seamlessly

integrated with micromanipulation processes. The tech-
nique lays foundation for further improvement of depth
estimation methods in robotic micromanipulation.

• A weakly-supervised deep learning pipeline is proposed
where a lightweight depth completion model is trained
and refined to reconstruct dense depth map from sparse
depth data. Once completed, the dense depth map can
be used to guide subsequent micromanipulation tasks.

• To address the challenge of extremely sparse depth
data, a two-stage data augmentation method is devel-
oped to enable model training. The method uses both
local information near the contacted pixel and global
information of the cell scenes to augment the sparse
depth data. The effectiveness of the data augmentation
method was confirmed using ablation studies.

II. OVERVIEW OF THE DEPTH COMPLETION PIPELINE

As shown in Fig. 2, the depth completion pipeline starts
from collecting the input data, including the cell image and
sparse depth data obtained by contact detection on both
the substrate of the culture dish and on cell surface. By
definition in conventional depth completion, each pixel’s
depth refers to the distance between the camera and object. In
micromanipulation, the camera is mounted on a microscope,
and the distance between the camera and object (cell) reflects
the length of the optical path, which cannot be used directly
for micromanipulation. Therefore, depth is represented by
each pixel’s corresponding height on the cell surface relative
to the dish substrate. This convention ensures that the depth
information (cell height relative to substrate) can be readily
used for micromanipulation tasks.

Before contact detection, a planning method is developed
to identify regions with similar image features. Contact
detection is then performed on each similar region only
once, thus avoiding unnecessary repeated contact detection.
Specifically, the image is divided into 16 equal sub-regions
to lower complexity and boost computational efficiency.
Feature matching within each sub-region is performed using
Oriented Fast Rotated BRIEF (ORB) descriptors [26], with
key points paired and matched through brute force. The
Euclidean distance of matched points offers a similarity
metric, identifying the region with the most corresponding
features in each image sub-region.

After contact detection micromanipulation, the obtained
sparse depth is augmented by a two-stage data augmentation
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method. The depth data then serve as weak supervision for
the depth completion network to generate an initial depth
map, which is then refined with extra depth data to generate
the final dense depth map.

All the above operation is performed by a robotic micro-
manipulation system which consists of an inverted micro-
scope (ECLIPSE Ti2, Nikon Inc.) equipped with a motorized
XY-stage (ProScan, Prior Scientific Inc.). This stage provides
a range of 75 mm and a resolution of 0.01 µm. A 3-DOF
motorized micromanipulator (uMp-285, Sensapex Inc.) is
integrated to hold a glass micropipette for contact detection
to obtain sparse depth. The micropipette is made of glass
tubes with a micropipette puller (P-97, Sutter Inc.) following
the method in [17] and has a tip with outer diameter of
500 nm and inner diameter of 300 nm. Visual feedback is
supplied by a camera (Basler acA1920-40u Inc.), enabling
image-based visual servo control for micropipette tip local-
ization and detection of cell surface deformation. All user
interface interactions and deep learning model computations
are managed by a computer with a GPU 3070Ti.

III. METHODOLOGY
A. Local & Global Data Augmentation

The depth data collected by contact detection are too
sparse (e.g., ∼200 depth values for a 640×480 image,
corresponding to a sparsity of 0.06%) to train a neural
network. Hence, a two-stage data augmentation method is
proposed to make it feasible for neural network training. The
proposed method first augments depth data near each contact
location (local data augmentation), then supplements sparse
depth information with 3D scene topology of the global
image (global data augmentation).

Local Data Augmentation. Ideally, each pixel in the
depth map corresponds to a depth value. However, in contact
detection, the depth value is determined by detecting the
contact between the micropipette tip and the cell membrane
or substrate. Considering that the actual physical size of the
micropipette tip is larger than one pixel (Fig.4a), each contact
location covers an area instead of a single pixel. Hence, uti-
lizing this nature of contact detection, multiple depth values
could be obtained from a single contact, thus augmenting
the available depth data. As shown in the example in Fig.
4a), locally near the contact location, a 3×3-pixel area is
covered by the pipette tip, and minimal depth variations are
expected over such a small area. Hence, the obtained depth
value from contact detection is assigned to the center pixel
of the 3×3 area. A Gaussian distribution is used to distribute
depth values among the area. This method not only solves
the problem of depth value assignment near the local contact
location but also augments the obtained depth data from each
contact by 9 times, thus eliminating the need for multiple
contacts at nearby locations.

Global Data Augmentation. Although augmented by 9
times after local data augmentation, the depth data are still
sparse. For instance, still considering the example of 200
contacts for a 640×480 image, 1,800 depth values can
be obtained after local augmentation, corresponding to a

sparsity of 0.54%. For global data augmentation on the
entire image as shown in Fig. 4 b), conventional methods
directly interpolate the sparse depth data. However, depth
reflects information in three-dimensional (3D) space, and
direct interpolation of the depth data misses the information
of 3D scene topology [27], [28]. For instance, with depth
information, the entire cell surface can be regarded as a 3D
scene, and each nearby region of the surface can be regarded
as a triangular plane in 3D space. In this work, the triangular
planes are recovered as constraints for interpolating the
sparse depth data in 3D. The objective of this step is to
obtain a preliminary depth map for global augmentation of
the whole depth map.

To incorporate 3D scene information, the lifting transfor-
mation [29] is first employed to map sparse depth from 2D
space to 3D space. Let ds ∈ Rn×2 represent the set of points
in the 2D space and d′s represent the points after lifting. The
lifting transformation f is represented by:

d′s = f(ds) ∈ Rn×3 (1)

Next, the convex hull of depth information is com-
puted [30], yielding the Delaunay triangulation of the cell
scene in Barycentric coordinates. Within each triangle, the
sparse depth data are augmented through bilinear interpola-
tion to provide initial dense depth data. Let T represent a
triangular mesh and b(T ) its representation in Barycentric
coordinates, then the interpolated mesh T ′ is computed as:

T ′ =

3∑
i=1

bi(T )(d
′
s)i (2)

Projecting the generated triangular skeleton and initial
dense depth data back onto the 2D plane provides a more
detailed approximation of the scene. The augmented depth
data will be further refined in the following depth network
to get the final dense depth map.

B. Depth Completion Network & Refinement

In order to complement the sparse depth information,
a dual-branch encoder network is developed. The coarse
sparse depth information obtained after two-stage data aug-
mentation and the corresponding cell images are used as
inputs, respectively, and the cell images guide the depth
completion task. The network obtains a dense depth map
by integrating the local-to-global information. The validated
final depth map provides a priori information for subsequent
micromanipulation tasks.

Network Architecture. In the design of the depth net-
work, a dual Encoder architecture is employed, drawing
inspiration from the late-fusion strategy [31]. The architec-
ture is to handle depth and image data differently, reflecting
distinct characteristics of these data types.

For depth data, the network uses a large kernel size (7×7,
5×5, and 5×5) for 3 convolution layers. This decision is
guided by an attempt to reduce network complexity while
capturing the spatial structure inherent in the depth data.
In contrast, image data that contain texture information are
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Fig. 3. Architecture for the depth completion network. The network consists of a dual-encoder architecture leveraging Spatial Pyramid Pooling (SPP)
blocks to extract local-to-global context from depth and images. The decoded initial depth map is refined via a Non-local Spatial Propagation Network
(NSPN) to yield the final dense depth map.

Fig. 4. Two-stage Data Augmentation. a) Local data augmentation uses
Gaussian distribution to augment depth data for pixels near the contact
location. b) Global data augmentation incorporates 3D scene topology of
the entire cell image for data augmentation.

processed with a smaller kernel size (3×3 kernel size) for
6 convolution layers. This allows the network to learn the
image information thoroughly, which subsequently aids the
depth completion process.

In order to save the computational cost of the network
and to avoid duplicate feature extraction, both the depth
Encoder and the image Encoder incorporate spatial pyramid
pooling (SPP) blocks [32]. These SPP blocks enable the
network to learn contextual information at various scales,
from local details to global scene structure. Additionally,
each Encoder is enhanced with residual blocks [33] and
deformable convolutions [34]. Deformable convolutions per-
form position-variable convolution operations and enable the
convolution kernel to adaptively adjust its shape and position
by learning spatial transformation parameters, which further
makes it more adaptable to the sparsity of depth data. In
addition, due to the nonlinear nature of the convolution
operation, deformable convolution can effectively capture
complex nonlinear relationships in sparse depth.

The contextual information learned from each branch is
then concatenated, creating a feature map that encapsulates
both depth and image features. These combined features
are then propagated through the decoder, which employs a
series of deconvolution layers with batch normalization for

feature reconstruction. The output from different layers of
the decoder is upsampled through interpolation to match the
original input resolution.

Refinement. To fully utilize the limited amount of depth
data, a train-refinement strategy is used to improve the
accuracy of the network. The collected depth data by contact
detection are first divided into two parts: 70% and 30%.
Among them, 70% of data are used as initial supervision to
guide the prediction of an initial dense depth map (the depth
map directly from the network output). The remaining 30%
of data are used as additional supervision to further optimize
and refine the initial depth map. This refinement process is
applied only in model training without the need for additional
depth information during model inference, thus allowing for
seamless integration into the robot micromanipulation.

The 30% additional supervision data, together with the
initial dense depth map, are refined by spatial propagation
networks (SPN) [35] to optimize data uncertainty handling
and enhance object surface continuity. Considering that the
affinity learning of SPN is limited to the local pixels, we
employ a non-local spatial propagation network (NSPN) [36]
and learnable affinity normalization to suppress the effect of
unreliable depth values. Experiments demonstrated that the
NSPN effectively improved model accuracy.

Loss Function. The training loss function Ltrain com-
prises two terms: the similarity between the predicted and
the sparse depth values Lsparse, and a term to ensure the
smoothness of the predicted results Lsmooth.

Ltrain = λLsparse + βLsmooth (3)

where λ and β are the associated weights respectively.
In the depth-completion task, the main goal is to minimize

the difference between the predicted depth value d̂(x) and the
ground truth depth value d(x) obtained by contact detection.
We define this sparse depth consistency as Lsparse:

Lsparse =
1

|GTs|
∑

x∈GTs

|d̂(x)− d(x)| (4)

In addition, a smoothness loss function Lsmooth is in-
troduced to solve the problem of blurry boundaries in the
depth map. Specifically, the L1 criterion [37] is applied to the
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gradient of the predicted depth map in both x and y directions
to ensure boundary clarity and depth map smoothness during
depth completion.

Lsmooth =
1

|GTs|
∑

x∈GTs

(
EX |∇X d̂(x)|+ EY |∇Y d̂(x)|

)
(5)

where EX and EY are the edge-awareness weights. This ad-
dition of the smoothness supervision term helps to maintain
sharp edges and fine details in the completed depth map.

IV. RESULTS AND DISCUSSION

In experiments, depth values were collected on Hela
human cancer cells using the contact detection method as
described in [16]. The cells were cultured in DMEM medium
(OriCell Inc.) supplemented with 10% FBS (OriCell Inc.).
Prior to experiments, the cells were passaged, seeded into
60 mm Petri dishes, and cultured for 24 hours to form a cell
monolayer. The contact detection algorithm has a success
rate of more than 95% and a normalized error of less than
4% [16]. The training dataset contains 240 cell images with
a resolution of 640 × 480, together with depth values from
∼72,000 contact detection operations.

TABLE I
QUANTITATIVE EVALUATION OF DEPTH COMPLETION RESULTS

Number of Depth Values MAE RMSE iMAE iRMSE [µm]
300 0.26 0.33 0.28 0.30
150 1.48 1.12 1.53 1.26
50 2.97 3.62 3.12 3.41

TABLE II
ABLATION STUDY FOR 300 CONTACT TIMES

Two-stage Data Augmentation Refinement RMSE [µm]Local Global
✓ ✓ ✓ 0.33
× ✓ ✓ 0.81
✓ × ✓ NA
✓ ✓ × 0.58
× × ✓ NA
× × × NA

A. Depth Completion Performance

To evaluate network performance, additional sparse depth
information was obtained from 60 Hela cell images. These
images were not included in the dataset for network training
or refinement. For each cell image, contact detection was
performed 300 times to obtain ground truth depth values.
Qualitative prediction results are shown in Fig. 5. The
network successfully predicted depth maps in different Hela
cell images. The cell boundary near the dish substrate showed
the lowest depth (height) value, whereas the cell center
showed a higher depth (height) value, which is in agreement
with Hela cells’ 3D morphology. In terms of quantitative

performance evaluation, standard evaluation metrics includ-
ing Mean Absolute Error (MAE), Root Mean Square Error
(RMSE), inverse Mean Absolute Error (iMAE) as well as
inverse Root Mean Square Error (iRMSE) were used. The
network showed an MAE of 0.26 µm and a RMSE of 0.33
µm (the first row of Table I). Considering the maximum
depth (height) is around 5∼6 µm for each cell, the achieved
error of ∼0.3 µm provides accurate depth information for
micromanipulation tasks.

B. Comparison with Existing Methods

The performance of the developed network was further
qualitatively compared with existing depth completion meth-
ods, including bilinear interpolation, and the five-point ellipse
fitting method by Liu et al. [16]. For the comparison,
local or global data augmentation was not used for both of
these methods. For all comparisons, contact detection was
performed 300 times to provide sparse depth values. Not
surprisingly, the available depth values were too sparse for
bilinear interpolation, and even the shapes of cells were not
recognizable in the depth map [see Fig. 6b)].

The cell five-point ellipse fitting method [16] approxi-
mated each cell with an ellipse and the depth values were
obtained by contact detection on five locations on each cell,
including midpoints of long and short axes of the ellipse
and the center of the ellipse. As shown in Fig. 6c), although
this assumption yielded sharp boundaries for each cell in
the depth map, the fitted depth values had almost identical
depth values on each cell, which could not accurately reflect
the real-world cell morphology as they might not exactly
conform to a regular ellipse shape. In addition, this method
can only obtain depth information for five contact points
on the cell surface, which was not sufficient to recover
a dense depth map of the whole cell. Compared to the
above two methods, our method was able to acquire cell
boundaries as well as more accurate depth information for the
cell surface height. In addition, our network took only 0.76
seconds to generate a depth map of an image and thus can
be seamlessly integrated into the micromanipulation process.
This improved depth map can be used to more accurately
micromanipulations such as cell morphology measurement.

C. Ablation Study

In order to gain insight into the impact of each component
on network performance, we further conducted an ablation
study of the two-stage data augmentation algorithm and the
network refinement step, with results shown in Table II.

Without local data augmentation, the discrepancy be-
tween the network prediction and the ground truth increased
(RMSE from 0.33 µm to 0.81 µm), suggesting that local
data augmentation contributed to improving the accuracy.
This algorithm achieved a 9 times augmentation of the data
within the 3×3-pixel area covered by the micropipette tip
by augmenting the depth values with a Gaussian distribution
for each depth value. Without global data augmentation,
the network did not converge; hence, RMSE values were
not available. Global data augmentation took into account
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Fig. 5. Qualitative depth completion results by the proposed method. The original images of Hela cells and the corresponding depth map are shown
in parallel.

Fig. 6. Qualitative comparison with existing methods. a) The original
cell image. b) Results of bilinear interpolation of the sparse depth directly.
c) The depth map obtained by the 5-point ellipse fitting method [16]. The
fitted result yielded almost identical depth on each cell. d) The depth map
obtained by our method.

Fig. 7. Depth completion results from different depth values (contact
times). The same image was contacted by 50, 150, and 300 times, respec-
tively, and more depth values yield better depth completion results.

the topological constraints of the scene and interpolated the
sparse depth values of the entire cell scene for augmentation.
This further achieved the dual effect of reducing the zero-
depth values while making the augmentation results closer to
the true depth distribution. The results highlight the impor-
tance of the proposed global data augmentation method for
depth completion. Without the refinement step, the prediction
error increased from 0.33 µm to 0.58 µm. Although the error
did not increase as much as ablating local data augmentation,
the results still showed the effectiveness of the refinement
strategy. This refinement step optimized the depth value of
the depth network prediction error by introducing additional
depth data as supervision for training.

D. Effect of Sparsity of Depth Values

We further evaluated the effect of different sparsity of
depth samples on model performance. For the same cell
image, contact detection was performed 50, 100, and 300
times, respectively. The obtained depth was used for training
the depth completion network.

Not surprisingly, denser depth values led to better depth
completion results. For qualitative comparisons [see Fig.7],
depth maps obtained with only 50 contacts (depth values)
showed large errors with cell shapes even unrecognizable.
Using 150 contacts yielded a clearer depth map, where the
cell boundaries and depth variations were more pronounced.
When the number of contacts was increased to 300, the
cell contours and depth variations of the depth maps were
much clearer. For quantitative evaluation, four metrics were
used, including MAE, RMSE, iMAE, and iRMSE (Table I).
The errors for all performance metrics increased as the
number of contacts decreased. Using 300 contacts led to the
smallest errors for all four metrics (0.26, 0.33, 0.28, and 0.30
µm, respectively), yielding the effectiveness of the proposed
depth completion approach.

V. CONCLUSION

This work presents a deep learning pipeline for generating
dense depth maps from sparse depth data during micromanip-
ulation processes. Different from conventional depth sensors
such as lidar, robotic micromanipulation obtains depth in-
formation by physically detecting the contact between the
end-effector and the manipulated object (e.g., a cell). To
utilize the extremely sparse depth data obtained by contact
detection, this work proposes a two-stage data augmentation
approach, using both local and global information of the
image. A depth completion network is developed to fill
the sparse depth, and a network refinement technique is
applied to fully utilize the limited amount of depth data
to achieve more precise dense depth maps. The presented
depth completion pipeline can be seamlessly integrated into
micromanipulation tasks. As a proof-of-concept for depth
completion using microscopic imaging, the technique also
lays foundation for further improvement of depth estimation
methods in robotic micromanipulation tasks.
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