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Abstract—Quick tracking in nano-manipulation has been attracting increasing attention among scientific researchers and engineers because it can significantly enhance the effectiveness and
efficiency of nano-manipulation. The main reasons that hinder the
improvement of accuracy and efficiency of nano-manipulation are
the lack of effective real-time tracking and unavoidable perturbations by uncertainties and nonlinearities in the manipulation
system. In this paper, we present a new strategy based on compressive sensing to realize quick real-time tracking nano-manipulation
trajectory, and build a new kinematic model for objects to be manipulated to overcome the effect of tip positioning and contacting
biases on nano-manipulation with AFM. With this approach, the
deviation of the object from the predesigned trajectory during the
manipulation can be corrected with up to two-thirds of time less
than the traditional method, and the object can be smoothly moved
to any destination in the nano-space. The approach requires no priori knowledge about the system, environment, and objects being
manipulated. It is validated that this strategy works for both hard
regular objects and soft irregular samples by experiments.
Index Terms—Nano-manipulation, compressive sensing, compressive tracking, local imaging.

I. INTRODUCTION
TOMIC force microscopy (AFM) [1] is an emerging technology that has drawn considerable attention as a practical
tool for observing sample surface topography at micro/nanoscale. Recently, AFM has been widely utilized for nanomanipulation through Van der Waals force or mechanical force
between AFM probe tip and samples. Many AFM-based approaches for nano-manipulation have been proposed to successfully manipulate targets at nano-scale [2]–[4], and overall,
these approaches consist of four steps: acquiring image of interest region, designing offline strategy for nano-manipulation,
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manipulating nano-targets with AFM, and validating the nanomanipulation results.
One of main issues for AFM-based nano-manipulation is to
improve its accuracy and efficiency. The critical reason that
hinders the improvement of nano-manipulation accuracy and
efficiency is that the nano-manipulation is essentially a blind
process and lacks effective real-time tracking. It is hard to realize real-time visual observation of the object and its status
due to the complexity of the AFM system and confinement of
the nano-space of manipulation. There is an integrated optical
microscopy within the AFM system, but it is mainly used to
position AFM tip and locate samples. Although some studies
have reported that AFM-based robotic systems have been used
to manipulate particles or fabricate nano-structures successfully
under the optical microscopy [3], [5], the optical microscopy
cannot be used for observing the interaction between the tip
and samples since the tip is under the AFM cantilever, and
hence it cannot be used for tracking the nano-manipulation process. Furthermore, if the size of the object to be manipulated
is smaller than that of the optical diffraction extremity, then it
would be difficult to recognize the object shape and location
through the optical microscopy due to the dynamic changes of
nano-environment caused by uncertainties such as thermal drift.
Another solution to track nano-manipulation is the utilization of haptic device as a force sensor. In some studies, the
haptic device has been assembled into the AFM system to realize the precise manipulation by feeling the interaction between
the AFM tip and the object [6]. Although the force feedback
is real-time, this approach can sense the interaction only, and
neither force orientation nor dynamic status of objects being
manipulated can be detected. Therefore the force feedback with
a haptic device is not an effective tracking strategy for nanomanipulation. To overcome the limitation of the force feedback
with haptic device as above, an AFM-based interactive nanomanipulation system with force and visual feedbacks has been
developed to sense real-time 3-D nano-forces from the AFM tip
and to observe the dynamic changes of nano-environments during the manipulations of multi-wall carbon nanotube [7], [8]. In
this strategy, AFM cantilever is used as a nano-force sensor and
the 3-D nano-force is derived from the cantilever’s bending and
twisting deflections. However, the accuracy of 3-D nano-force
is heavily dependent on the parameters of AFM system and cantilever, such as elastic coefficient of cantilever, which are hard
to obtained or calibrated. With respective to the visual feedback,
the visual information provided to the operator, such as tip position and applied force, is acquired by modeling manipulation
process based on virtual reality technology. So the visual information significantly relies on modeling accuracy and nano-force
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Fig. 1. The process of nano-manipulation with compressive tracking consists four procedures: Overall imaging, object recognition nano-manipulation and local
imaging. The local image acquired in the procedure of local imaging strategy is fed back to the procedure of object recognition to identify the new location of the
object and compute the new distance and deviation for next manipulation. The blue solid square denotes the destination location, the red circle denotes the object
to be manipulated and the green hollow block denotes the range of local imaging.

through the force feedback. In general, it is difficult to model
nano-environment with dynamic perturbations and objects with
irregular shapes and sizes, therefore the virtual conditions assumed to acquire the virtual visual information cannot embody
the reality conditions.
In addition, uncertainties existing in the AFM system and the
nano-environment can cause the positioning biases of AFM tip
and there is great potential to enhance the effectiveness and efficiency of nano-manipulation by improving AFM tip positioning
precision since a series of positioning points constitute a trajectory of nano-manipulation. Some approaches, from this point of
view, have been proposed to achieve precise positioning. The
deformation uncertainty of AFM cantilever can cause tip positioning error. An Euller–Bernoulli model based controller of
active AFM probe employing Periodic–Output–Feedback law
has been designed to control the active AFM cantilever’s nominal rigidity and reduce its deformation uncertainty for precise
tip positioning of nano-manipulation [9]. Through the capability of dynamically changing the active cantilever’s rigidity,
the force sensitivity of nano-manipulation system and the accuracy of nano-manipulation can be improved at the same time.
However, the controller requires the cantilever to be active and
achieves only the displacement curve of probe tip. Recently, a
non-vector space control strategy based on compressive feedback has been proposed to improve the accuracy of SPM-based
nano-manipulation, in which the set of local images (or compressive data) are used as both the reference input and feedback
for a non-vector space closed-loop controllers [10], [11]. This
control strategy requires no prior information on features or
landmarks of nano-environments and emphasizes on accuracy
problem in nano-manipulation, such as nano-measurement and
nano-surgery, under several nanometers. The non-vector space
control strategy can achieve highly accurate probe motion control while increasing feedback rate utilizing compressive sensing and the Hausdorff distance that treats images as sets and
avoids image reconstruction. However, in this control strategy,
the initial image and goal image should be sufficiently close to
each other with some overlap to guarantee the local stability of
the controller. In other words, the goal image should be in the
vicinity of the initial image in order to bound the Hausdorff dis-

tance. Otherwise, a proper motion planner is needed for trajectory planning. Furthermore, to achieve high accuracy of nanomanipulation, the control strategy requires frequent scanning
and the moving step size of the probe is quite small, even less
than 1 nm, which is not necessary and time-consuming in many
nano-manipulation application. For the destination-oriented and
long distances nano-manipulation, such as moving objects from
one location to another one, it is difficult to satisfy requirement
that the goal image is within the vicinity of the initial image.
Additionally, in this case, it is inappropriate to apply the Hausdorff distance to measure the difference between the current
location of the objects to be moved and the destination location.
Furthermore, instead of accuracy, such nano-manipulation seeks
manipulation efficiency and effectiveness with less imaging and
larger step size in the process of manipulation. It is imperative
to track real-time trajectory of nano-manipulation to adjust tip
position and guide manipulation orientation in time.
In this paper, we present a new strategy based on compressive
sensing to realize quick real-time tracking of nano-manipulation
and build a new kinematic model for objects to be manipulated
to overcome the effect of tip positioning and contacting biases on
nano-manipulation with AFM based nano-robotic system. The
compressive tracking strategy can be used to realize automatic
nano-manipulation and improve its accuracy and efficiency.
II. OVERVIEW OF THE WHOLE PROCESS
The whole process of the proposed tracking strategy consists
of four procedures: overall image acquisition, object recognition, nano-manipulation and local image acquisition, as shown
in Fig. 1. The procedure of acquiring a goal image is firstly implemented by the traditional scanning model (tapping mode) of
AFM. The other procedures comprise an closed iteration loop
to solve three key problems: (1) recognition of the target to be
manipulated and its desired destination area (where the target
object is manipulated or moved to) in the goal image acquired
in the first procedure, (2) nano-manipulation of the target object with AFM based nano-manipulation system, guided by the
distance vector between the object location and the destination,
and (3) acquisition of the local image, based on compressive
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sensing, of the new region around the target object in the goal
nano-space. The local image is fed back for re-recognition of
the target object and its current location. The distance deviation
between the new location of the target object and the destination
is assessed to guide next nano-manipulation of the object. The iteration loop is repeated until the manipulation task is completed
and the target object is moved to the desired destination.
The paper is organized as follows: Section III briefly introduces the method for object recognition using AFM image.
Section IV discusses the approach to compressive tracking. The
compressive sensing theory, the approach to designing compressive measurement matrix, and the method of local imaging are
described in details. Section V presents the automatic process of
nano-manipulation. Section VI displays some experiments and
results. Section VII concludes the paper.
III. OBJECT RECOGNITION
AFM topographical images encode height information of objects and background of operation nano-space, and the objects
can be differentiated from the background using the height information of AFM images. In this study, a target object is recognized by searching sub-areas through the local images and
making comparison with the profile of the target object. In details, the target object profile, containing the characteristic height
information, is firstly extracted from the goal image, which is
acquired by the AFM tapping mode, and the object profile is denoted by a matrix X. Meanwhile, the destination location of the
target object to be moved is determined on the goal image, and
hence the moving trajectory of object manipulation is planned
according to the current and destination locations of the target
object. After implementing one nano-manipulation, the target
object is moved to a new location, which in general deviates
from the planned trajectory due to the nonlinearities and uncertainties during the nano-manipulation. The area where the
object is moved to by one nano-manipulation is locally imaged
based on compressive sensing. The sub-area, denoted by X̄,
of the same size as that of the object profile X, is searched
through within the local image and then compared with X.
The object at the new location is recognized by the following
inequality:


X − X̄  ≤ ε,
(1)
where ε is the threshold for object recognition. Then the new
location of the object can be determined and the moving trajectory is re-planned to correct the deviation for the next object
manipulation.
IV. COMPRESSIVE TRACKING
In order to observe the environment changes, including the
movement of objects, in the nano-space, the topographical image of sample surface needs to be acquired by AFM. However,
it is time-consuming to scan the whole sample surface with
AFM. In the nano-manipulation with moving the target object
from its original location to a destination location, to improve
the accuracy and efficiency, it is of great importance to track
the object movement and to observe the environment change
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surrounding the target object only. Therefore it will improve the
nano-manipulation effectiveness and efficiency by imaging the
local area that contains the target object after one manipulation.
Furthermore, it has been demonstrated that AFM imaging rate
can be improved with compressive sensing [12], [13]. In this
study, local imaging based on compressive sensing is utilized to
quickly track the object movement.
Compressive tracking has been widely employed in the field
of computer vision to quickly track targets [14], [15]. In these
works, the concept of compressive sensing is applied to reduce
the dimensionality of feature space after acquisition of video
frames and hence improve tracking efficiency. However, for the
tracking problem in nano-manipulation, a major part of time
is expended in AFM imaging. Therefore, if the time for AFM
imaging is significantly reduced, while the features of nanospace are kept, the tracking efficiency will be largely improved.
In this study, compressive sensing is utilized in the phase of AFM
imaging and AFM imaging rate is significantly improved. The
measurement matrix for the compressive imaging is designed so
that the features of nano-space are maintained for tracking. The
key to the compressive tracking in nano-manipulation, proposed
in this study, is the application of compressive sensing during
the procedure of local imaging within the closed iteration loop
in the nano-manipulation process.
The procedure of the local compressive imaging in the nanomanipulation consists of three main steps: determining the range
of local imaging, designing AFM scanning strategy and implementing local imaging based on the compressive sensing. In
addition, there exist uncertainties in AFM tip positioning and
object localization due to thermal drift in nano-space and nonlinearities of nano-manipulation systems, which cause contacting
bias between the AFM tip and the target and result in manipulation deviation. In this study, Gaussian distribution is used to
describe the uncertainties of initial AFM positioning and object
localization.
Here, some preliminaries of compressive sensing are presented firstly.
A. Compressive Sensing
Compressive sensing has been built upon by Candes et al.
[16], Donoho [17], and so on, and it is a type of undersampling method that samples blow Nyquist rate to acquire
high-resolution image. Central to compressive sensing is a strategy that reconstructs a sparse signal x ∈ RN ×1 from an observation vector y ∈ RM ×1 by a linear equation y = Φx, where
Φ ∈ RM ×N is a measurement matrix and M < N [16]–[18].
The equation cannot be solved with the classic matrix inversion since it is under-determined and the solution is not unique.
However, it has been proven that the minimal l0 -norm problem
can be used to reconstruct the sparse signal x with large probability by linear programming under the condition that the signal
x is k-sparse (i.e., the signal x contains no more than k < M
non-zero entries) and Φ satisfies the restricted isometry property (RIP) condition [19]. Gaussian matrix [20] and Bernoulli
matrix [21] are two stable measurement matrices that satisfy
the RIP condition. Bernoulli matrix, consisting of 1 and 0, is
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chosen as a measurement matrix for local compressive imaging
in this study. The minimal l0 -norm problem can be formulated
as follows:
x̂ = arg min x0 s.t.y = Φx.

(2)

But not all natural signals are sparse, so one of the key steps
of compressive sensing is sparse representation of a signal x,
by which the signal x can be transformed into a sparse signal
s through a special representation matrix Ψ, as shown in the
following equation [22],
x = Ψs.

(3)

It has been proven that the smooth signals can be sparsely
represented by Fourier or Wavelet transform, and the signals
with bounded total-variation can be sparsely represented by
Wavelet transform [23]. In this study, Fourier transform will be
used to sparsely represent the original signal because Fourier
transform can realize a more sparse representation for the local
image and it is easier to implement than Wavelet transform.
Denoting ΦΨ by Θ, then the linear equation y = Φx can be
rewritten as follows:
y = Θs.

(4)

Nowadays, the compressive sensing theory has been widely
utilized in AFM imaging to reduce the time for acquiring topographical images [12], [13], [26]. In these works, the measurement matrix Φ used in AFM imaging is chosen to be a certain
form of matrix that has all entries to be either 1 or 0, determining
a pixel is sampled with 1 or not with 0 respectively. Furthermore,
in order to save imaging time, each row of the matrix contains
just one entry to be 1 and other entries to be 0, and all rows are
different from each other. Therefore it is obvious that the row
vectors of the measurement matrix Φ are orthonormal.
For a measurement matrix Φ in AFM imaging defined as
above, a Fourier transformation
⎤
⎡ 0
ω
ω0
ω0
···
ω0
⎥
⎢ 0
⎢ω
ω1
ω2
···
ω N −1 ⎥
⎥
1 ⎢
⎥,
Ψ= √ ⎢
⎥
⎢
.
.
.
.
.
..
..
..
..
N ⎢ ..
⎥
⎦
⎣
2
ω 0 ω N −1 ω 2N −1 · · · ω (N −1)


where ω = exp −i 2π
N , is chosen as the representation matrix,
then the coherence coefficient μ (Φ, Ψ) = 1. Hence Φ and Ψ
have the least coherence and are of high incoherence. Hence the
sensing matrix Θ = ΦΨ satisfies the RIP condition with high
probability [24].

B. Design of Measurement Matrix
A good measurement matrix is a guarantee to accurately
reconstruct sparse signals in compressive sensing, but not all
matrices are suitable for signal reconstruction. To better and robustly recover sparse signals, a necessary and sufficient condition is that the measurement matrix Φ satisfies the RIP condition,
that is, for any k-sparse signal x,
(1 − δk ) x2 ≤ Φx2 ≤ (1 + δk ) x2 ,

(5)

where δk ∈ (0, 1) denotes the restricted isometry constant of the
matrix Φ [16]. And it has been proven that the Gaussian matrix
[20] and the Bernoulli matrix [23] are two stable measurement
matrices that satisfy the RIP condition.
However, it is difficult to prove whether the matrix Φ satisfies the RIP condition. The coherence between the measurement
matrix Φ and the representation matrix Ψ has been proposed to
explore whether the sensing matrix Θ = ΦΨ satisfies the RIP
condition [23]. The coherence coefficient between the measurement matrix Φ and the representation matrix Ψ is defined as
follows:
√


(6)
μ (Φ, Ψ) = N · max  φTj , ψk  ,
1≤j,k ≤N

where φj and ψk denote the row and the column vectors
of the matrix Φ and Ψ, respectively. The coherence coefficient
 Ψ) follows from the linear algebra that μ (Φ, Ψ) ∈
 √μ (Φ,
1, N . If Φ and Ψ contain correlated elements, then the coherence coefficient μ (Φ, Ψ) is large, and Φ and Ψ are of high coherence; otherwise, the coherence coefficient is small, and Φ and
Ψ are of high incoherence. If Φ and Ψ are of high incoherence,
then the sensing matrix Θ satisfies the RIP condition with high
probability [22], [24] [25].

C. Determination of the Range of Local Imaging
Because of the effects of thermal drift and nonlinearities of
AFM robotic system, there exist uncertainties in AFM tip positioning and object localization, which cause contacting biases when AFM tip approaches the object for manipulation
and result in moving deviations from the planned trajectory
along which the object is manipulated. Hence, the range of
local imaging should be enough to cover the whole target object to be manipulated with the contacting biases and moving
deviations due to the perturbation of thermal drift and system
nonlinearities. So the range of local imaging is decided by not
only the size of the target object but also the effect of uncertainties. It has been demonstrated that the uncertainties obey
Gaussian distribution [5]. Assume that the total uncertainty for
both AFM tip positioning and object localization is Gaussian denoted by x ∼ N (0, σ), then [xc − x0 , xc + x0 ] represents the
range within which AFM tip contacts the object with probability of P {|x − xc | < x0 } > 99%, where xc is the desired point
where AFM tip approaches to and x0 = 3σ. So the step size
of one nano-manipulation and the range of local imaging can
be calculated as below, and Fig. 2 shows the sketch for the
calculation.
As shown in Fig. 2(a), assume that the local image to be
acquired is square, let a denote its side length, L the step size of
each nano-manipulation, and V the moving speed of AFM tip in
the nano-manipulation, then we have,
a = 2 (r + x0 + ε) ,

(7)

where r is the radius of the object and ε is the tolerance constant,
which is to ensure that the local image to be acquired can contain
all features of the target object. Then, we analyze the kinematic
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Fig. 2. The calculation of the manipulation distance and the local imaging
range. (a) The locations of the object by one step of manipulation. The solid
circle denotes the current location of the object, and the dashed circles denote
the possible location of the object after one step of manipulation. Green box
is the boundary of local image to be acquired; (b) The kinematic model of the
target object during manipulation.

model of nano-manipulation, as shown in Fig. 2(a), and we
conclude that, for any time period Δt and the angle θt at the
time t,

ΔL = V cos2 θt Δt
(8)
ΔH = V sin θt cosθt Δt,
where ΔL and ΔH is moving distances of the object for the
time period Δt along the moving direction of AFM tip and the
lateral direction, which is perpendicular to the moving direction,
respectively. So, at any time t0 ,
⎧
t
L = 0 0 V cos2 θt dt
⎪
⎪
⎪
⎪
⎪
t
⎪
⎪
⎨ H = 0 0 V sin θt cosθt dt
(9)
⎪
H + x0
⎪
⎪
θ
≤
arcsin
t
⎪
⎪
r
⎪
⎪
⎩
H ≤ min {2x0 + 2ε, r − x0 } .
Simplifying the equation (9), then we have the following
inequality:
⎧
H
⎪
⎪


⎨L =
1
2
ln r − 2 ln r − (H + x0 )2
(10)
⎪
⎪
⎩
H ≤ min {2x0 + 2ε, r − x0 } ,
which gives the constraint on how far the object can be moved
by one step of nano-manipulation.
Another key problem for local imaging is to determine
the center of the local image to be acquired after one nanomanipulation. The center of the local image is determined by
the center of the last local image that has been acquired and the
last manipulation. As shown in Fig. 3, the center of the local
image is calculated by the following equation:
Oi = Oi−1 + Li−1 ,

(11)
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Fig. 3. Method to determine the center of the local imaging after one step of
manipulation. The dashed block and solid block denote the range of last local
imaging and the current local imaging, respectively, and the bold line with the
arrow denotes the moving vector for the last step of manipulation.

where Oi denotes the current center of the local image to be
acquired, Oi−1 is the center of the last local image acquired,
Li−1 is the moving vector of the object under the last nanomanipulation, where Li−1  = L is subject to the constraint
defined by inequality (10).
Once the center Oi is determined, the range of the local
imaging is achieved by a square centered at Oi with sides of
length a.
D. Local Imaging
The imaging time to acquire surface topographical image with
AFM is significantly dependent on the image size and resolution. For an image of constant size and resolution, the shorter
distance AFM tip moves, the faster AFM acquires the image. It
is worth focusing attention on both reduction of AFM sampling
points and optimization of scanning path for shorter movement
distance of AFM tip to save the imaging time. Compressive
sensing is such an approach to achieving high resolution image
with lower sampling rate, and, in this study, the measurement
matrix Φ for compressive sensing is chosen as discussed above,
that is, only one element in each row of the measurement matrix
is 1 and others are 0.
Given the measurement matrix Φ, a scanning strategy can be
made to further save imaging time by optimizing the scanning
path for shorter distance. In details, a scanning matrix is formed
from the measurement matrix Φ by reshaping each row vector of
Φ into a matrix with the same dimensions as that of local image
to be scanned and then superimposing these matrices onto one
matrix for scanning with AFM. The scanning matrix contains
M entries to be 1 and rest entries to be 0, and only those points
corresponding to 1 on the sample surface will be scanned.
A scanning strategy is generated by planning scanning path
for AFM probe tip with a certain rule. Several measurement matrices have been proposed to generate the scanning strategy, all
of which are proved to be capable of recovering high resolution
images with less time through AFM imaging experiments [13],
[26]. Three typical scanning strategies are shown in Fig. 4. The
square scanning strategy (see Fig. 4(a)) and the spiral scanning
strategy (see Fig. 4(b)) take regular scanning paths, and they
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Fig. 4. The scanning strategies in AFM imaging. The red lines denote the
AFM tip scanning trajectory on the sample surface and the green square is the
boundary of the local image to be scanned. (a) The square scanning strategy;
(b) The spiral scanning strategy; (c) The optimal scanning strategy.

are easier to implement for both hardware and software systems in practice. But the tip scanning paths are not the shortest.
Furthermore, these two strategies may cause information loss
when the samples are small. Fig. 4(c) is generated based on the
measurement matrix, as stated above, and its scanning path is
optimized for shortest tip moving distance by solving travelling
salesman problem. With this strategy, images can be acquired
with shorter time while the image information can be kept by
taking advantage of compressive sensing. The optimal scanning
strategy is chosen for local compressive sensing.

V. NANO-MANIPULATION
The critical problem of nano-manipulation is to determine
the moving orientation and distance for one step of nanomanipulation. The moving orientation of manipulation is determined by the relative position of the current location of the
object and the destination location, and the moving distance is
subject to both the inequality (10) and the actual distance from
the current location to the destination. As shown in Fig. 5, O1 ,
O∗ and Oi denote the object center at the original location,
the destination location, and the current location before the ith
nano-manipulation, respectively; D i is the distance vector from
the current location Oi to the destination location O∗ , and Li is
the moving vector from the current location to the next location
by the ith nano-manipulation. It is required that the moving vector Li points to the destination, namely Li / Li  = D i / D i .
The moving distance Li  is subject to the constraint defined
by inequality (10). Then the nano-manipulation strategy is designed by the following procedures:
Step 1. Acquiring the object center of current location Oi for
the ith nano-manipulation;
Step 2. Calculating the distance vector D i , where D i = O ∗ −
O i , by which the moving orientation is determined for moving vector Li ;
Step 3. Determining the moving distance for moving vector
Li through comparing the actual distance, D i , from the
current location to the destination location and the step size
limitation L defined in inequality (10): if D i  > L, then
Li = D i / D i  ∗ L; otherwise, Li = D i .

Fig. 5. The sketch of nano-manipulation. The solid circle denotes the object
and the dotted box is the range of local image.

VI. IMPLEMENTATION AND EXPERIMENTAL RESULTS
A. Overview
Two experiments of object manipulation at nano-scale were
carried out to illustrate the validity of nano-manipulation strategy with real-time tracking based on compressive sensing. All
the tests were implemented with Dimension 3100 AFM (Veeco
Inc.), and the software of nano-manipulation and local imaging were designed by our lab. The objects to be manipulated
in the experiments include the nanoparticles with regular shape
and viruses with irregular shape. The procedures of both nanomanipulation and compressive tracking are similar, which are
briefly described as follows:
Step 1. Acquiring a goal image containing the interest region;
Step 2. Recognizing the object to be manipulated and the destination location in the goal image as described in Section
III. And the features of the target object and the destination
location are stored into two matrices respectively;
Step 3. Calculating the relative distance vector D i between the
current location and the destination location of the object, then
setting the moving vector Li including both moving distance
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Fig. 6. The goal image and object recognition. (a) The goal image with the
size of 5 × 5 μm; (b) The profile of the nanoparticle of interest with a diameter
of 200 nm; (c) The image with an object recognized. The black dotted circles
denote the object at the starting location, while the red solid square box is the
destination location.

and moving orientation, for one step of manipulation based
on Section V;
Step 4. Moving AFM tip to the object boundary and pushing the
object by the moving vector Li obtained in step 3, with the
moving speed of V ;
Step 5. Determining the center and range of the local image to
be acquired based on the equation (7) and (11), then acquiring
the local image based on the compressive sensing strategy.
Finally, the new location of the object is determined and
marked onto the goal image;
Step 6. Going back to step 2 and repeating step 2 to step 5 until
the object is moved to the destination location, then the whole
nano-manipulation with nano-tracking is finished.
B. The Experiment of Nanoparticle Manipulation
In the first experiment, the polystyrene nanoparticles of diameter 200 nm diluted in deionized water were used for sample
preparation. A droplet of diluted sample solution was placed
onto the surface of a gold electrode, which was plasma surface
treated for about 5 min in the oxygen environment with the volume flow rate of 20 sccm, and dried in the room temperature
for about 30 min. The tapping mode was used in AFM scanning
and the goal image with interest region was acquired, as shown
in Fig. 6(a) and (b). The starting location and the destination
where the object to be moved are shown in Fig. 6(c).
In this experiment, two nano-manipulations were implemented by moving nano-objects to the destination at different
directions, one is with the destination on the horizontal direction,
and the other is with the destination on the non-horizontal direction. It is reasonable that the nano-manipulation to a destination
on the vertical direction is similar to that on the horizontal direction. Considering the uncertainties of initial position of AFM tip
and the requirements of stable nano-manipulation and accurate
tracking, some parameters were set first. We set the parameter
of Gaussian distribution σ = 10 nm based on [5], [27], the step
size limitation of manipulation L = 600 nm for horizontal manipulation and L = 300 nm for non-horizontal manipulation in
inequality (10), the manipulation speed V = 300 nm/s, and the
tolerance constant ε = 20 nm. So the side length of the square
range for local image is set to be a = 300 nm based on equation (7). In order to achieve the real-time tracking function, it
is better to spend less time on local imaging. So, compressive
sensing was employed in local imaging to acquire the object features with far less sampling. In this experiment, the size of local
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image is 300 × 300 nm and the image resolution is 32 × 32.
With traditional AFM imaging, the image of the object was
acquired through scanning all the sample points, row by row,
within the range of local imaging. With compressive imaging
method, only 30% sample points are scanned with the minimized scanning path to acquire the local image while keeping
the characteristic features of the object of interest. The local images of an object of interest acquired by these two methods are
shown in Fig. 7(a) and (b), respectively, and it is obvious that the
object profile can be identified by the contours extracted from
both images, as shown in Fig. 7(c) and (d). The optimal scanning
strategy based on the chosen measurement matrix is shown in
Fig. 7(e). Apparently the time for local imaging with the compressive imaging approach is up to two thirds less than the time
with the traditional imaging method, as shown in Fig. 7(f).
The tracking results at all steps were recorded onto the goal
image marked with solid circle and strung with solid line, for
two nano-manipulations along different moving directions, as
shown in Fig. 8(a) for the horizontal direction and Fig. 8(c) for
the non-horizontal direction. The distances between the objects
and the destination locations were calculated at each step, as
shown in Fig. 8(b) and (d) for the two nano-manipulations. The
compressive tracking during the process of nano-manipulation
is completed. The two manipulations along these two directions
were compared and it is obvious that the nano-manipulation
along the horizontal direction (see Fig. 8(a)) is much easier
than that along the non-horizontal direction (see Fig. 8(c)) since
the deviations along the horizontal direction during the nanomanipulation are much smaller than the deviations along the
non-horizontal direction. However, even in the manipulation
along non-horizontal direction, the deviation at each step can
be corrected by the real-time compressive tracking and the object can be accurately moved to the destination. Therefore it is
validated that the compressive tracking can promote the nanomanipulation of an object to any destination in the nano-space
with much less time.
C. The Experiment of Virus Manipulation
In the first experiment, the nano-object to be manipulated
is hard and has regular shape. During the nano-manipulation,
the size and shape of the object keep unchanged. However,
in practice, many nano-objects, such as biological sample, to
be manipulated are soft and irregular in shape, and their size
could vary during the manipulation. Therefore, another experiment is needed to validate the compressive tracking for nanomanipulation of soft and irregular samples.
The second experiment was carried out to manipulate a virus
with compressive tracking. The virus is one type of adenovirus
Ad5-EGFP (VGTC Inc., China), which lacks capability of selfreplication and infectivity by removing the E1 and E2 region of
DNA.
The virus with concentration 5.12 × 1010 /mL diluted in
deionized water was used for sample preparation. A droplet
of diluted sample solution was placed onto the surface of a gold
electrode, which was plasma surface treated about 5 min in the
oxygen environment with the volume flow rate of 20 sccm, and
dried in room temperature for about 1 h. Then, the surface of
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Fig. 7. The local imaging and object recognition. (a) The local image acquired with traditional imaging, i.e., sampling all points with row by row at resolution of
32 × 32; (b) The local image acquired with compressive imaging, i.e., sampling 307 stochastic points within the range of local imaging; (c) and (d) The contours
of the object extracted from the local images (a) and (b), respectively; (e) The optimal scanning strategy for AFM tip movement with the shortest path based on
the chosen measurement matrix, the blue dots represent the points to be sampled in the sample surface, determined by the entries of 1 in the scanning matrix, and
the red curve represents the scanning trajectory of AFM tip; (f) The comparison of scanning times with traditional imaging and compressive imaging.

Fig. 8. The tracking process of the nanoparticle manipulation with compressive tracking. (a) and (c) The tracking of two nano-manipulations along the
horizontal direction and the non-horizontal direction respectively; (b) and (d)
The distance between the object and destination location at each step of manipulation corresponding the manipulation processes (a) and (c), respectively.
Especially, for the manipulation process along the non-horizontal direction, the
distances in X-axis and Y-axis are given too.

sample was washed gently with a spot of deionized water, and
dried again in room temperature for about 30 min. The tapping
mode was used in AFM scanning and the goal image with interest region was acquired, as shown in Fig. 9(a) and (b). The

Fig. 9. The tracking process of nano-manipulation of a virus (a) The goal
image with the size 1 × 1 μm; (b) The profile of one virus of interest in the
image (a), and the diameter of the virus is less than 100 nm; (c) The image
with one virus recognized. The red solid box is the destination location; (d)
The tracking process of manipulation of the virus; (e) The distance between the
virus and the destination location at each step of manipulation.

diameter of the virus is less than 100 nm, so the size of the virus
is set to be 100 nm. The starting location and the destination
where the virus to be moved are shown in Fig. 9(c).
Unlike rigid nanoparticle, there is a deformation between the
tip and the virus during the contact process, so the tip and virus

LI et al.: NANO-MANIPULATION BASED ON REAL-TIME COMPRESSIVE TRACKING

move gradually to the target location with less deviation, so the
Gaussian distribution is smaller than that for hard nanoparticle, and the parameter σ = 5 nm was chosen according to the
repeated experiments. The other parameters were set as: the
step size of manipulation L = 150 nm, the manipulation speed
V = 300 nm/s, and the tolerance constant ε = 5 nm. So, the
side length of the square range for local image is set to be
a = 120 nm based on equation (7). Similar to the experiment
for manipulating the nano-particle described as above, the virus
was pushed with real-time compressive tracking from the original location to the destination location, as shown in Fig. 9(d) and
(e). Similar to the first experiment for manipulation with hard
and regular nano-objects, the deviation at every step of manipulation can be corrected with the compressive tracking and
the virus was successfully moved to the designed destination.
Therefor it is validated that the compressive tracking enhances
the effectiveness and efficiency of manipulation for soft and
irregular nano-objects as well as those hard and regular objects.
VII. CONCLUSION
AFM-based manipulation system is a promising system
for manipulating objects at nano-scale and fabricating nanostructures. The kinematic model assures that the tip can always
contact the object being manipulated and deviation of the object
from the pre-designed path by one step manipulation is controlled within a reasonable range. The model also provides the
range for local compressive imaging for next step of manipulation. The procedure of local imaging is crucial in the proposed
tracking strategy since the major time is reduced by compressive
sensing, and with this strategy, the tracking time is significantly
reduced and the deviation of the object from the pre-designed
path can be corrected in time. Two experiments with both hard,
round nano-particles and soft, irregular virus were implemented
to validate the real-time compressive tracking strategy. The success of the experiments proves that this compressive tracking
approach requires no priori knowledge about the system, environment and objects being manipulated and that the approach
works for both hard, regular objects and soft, irregular samples.
Therefore the compressive tracking strategy can be widely applied in nano-manipulation. In addition, the compressive tracking strategy can help realize automation of nano-manipulation
and improve its accuracy and efficiency.
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