
  

  

Abstract— Field-control-based nanorobotic manipulation of 

ions at the single atomic level is an enabling technique for such 

applications as in-situ prototyping and characterization for 

fundamental research and rapid product development of 

nanoscale and quantum devices such as sensors, batteries, 

neuromorphic devices, and neuro/brain interfaces. Taking the 

motion of quantum dots (QDs) manipulated by an electrostatic 

field steered by a probe tip on a target surface as an example, 

here we show a deep-learning-based approach for their global 

motion tracking via the individual atoms both on the surface 

and inside the body. Transmission electron graphs, element 

analysis, and crystal topology acquired from an 

aberration-corrected transmission electron microscope 

(Cs-TEM) are used to identify the positions, types, and 

structures of the atoms to understand their kinematics. The 

results show the feasibility of multi-target tracking of 

homogeneous atoms by their spatial structure projection, which 

is very encouraging for further extension to the tracking and 

regulation of crystalline grains, swarms of ions, ion filaments, 

and single ions. 

I. INTRODUCTION 

Advanced control of ion migration is a key towards better 
memories, ion batteries, neuromorphic synapses and neurons, 
and quantum devices, where motion steering of swarms of 
ions, crystalline grains, ion filaments, and single ions is 
involved. Nanorobotic manipulation is enabling a 
local-field-controlled approach by positioning a probe tip at a 
proximal site, hence providing a unique and programable way 
to generate a complex field distribution, which makes 
near-field ion emission and distribution more controllable in a 
three-dimensional (3D) space. In field-control-based 
nanorobotic manipulation, the positioning accuracy of the ions 
manipulated is not only determined by the localization of the 
field steered by the manipulation probe, but the repositioning 
at the target due to the existence of other ions, where 
self-assembly, crystallization, and phase shifting are typically 
not avoidable. Understanding and taking the advantage of 
these phenomenon require real-time visual tracking and servo 
control at the atomic scale. 

The resistive transformation characteristics of the 
memristor material directly determine the memristor 
performance. In order to realize stable multi-resistance 
regulation of memristors, it is necessary to select the 
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memristor functional layer materials and suitable electrode 
materials with good stability and ease for regulation. The 
electrochemical metallization mechanism is one of the 
memristor mechanisms, and the memristor based on this 
mechanism usually adopts the structure of active 
electrode/solid electrolyte or dielectric material/inert electrode, 
in which the active electrode can be oxidized under the voltage 
applied at both ends [1-7]. The metal cation is generated to 
migrate to the inert electrode along the electric field direction, 
and is continuously reduced during the migration process, and 
the conductive metal wire is generated in the functional layer. 
The moment the conductive wire is formed, the device 
transforms from a high resistance state to a low resistance state. 
When the reverse voltage is applied at both ends of the 
electrode, the conductive filament can be dissolved or broken, 
and the device changes from a low-resistance state to a 
high-resistance state [8-11]. At the same time, the number and 
shape of conductive wires have a direct impact on the 
resistance value of the device [12-15]. Controlling the growth 
number, shape and size of conductive wires is an important 
basis for the realization of multi-resistance and non-volatile 
memristor. 

After metal atoms are oxidized, the migration of cations in 
functional layers is usually in form of clusters of QDs. 
Previous researchers have in-situ characterized and analyzed 
the growth of conductive filaments from mechanism of 
electrochemical metallization [8-9], but the migration motion 
of QDs during the growth of conductive filaments has not 
been analyzed clearly. The different electrode material and 
electrode distribution inside, these QDs may migrate in the 
medium layer and also move on dielectric layer surface. The 
QDs motion is not only crucial to the study of the memristor 
mechanism, but also extremely important for the regulation of 
the growth of conducting filaments. 

It is very difficult to analyze the motion of QDs which are 
migrating inside or on the surface of a material. Firstly, it is 
hard to identify and track multiple QD targets in the dielectric 
layer during the in-situ transmission electron microscopy 
(TEM) characterization[16-22]. Many researchers use manual 
segmentation and labeling methods, which are extremely 
laborious and prone to misses [9, 11, 23-25]. The number of 
QDs is large, and the shapes are similar but slightly different, 
and the background of in-situ TEM video frame has a variety 
of noise interference. The dielectric layer introduces 
streak-like interference to the background in the video frame 
regardless of the presence of crystal structure of QDs. These 
bring a great challenge for the robustness of the multi-target 
detector. Traditional target detection algorithms cannot cope 
well with such a complex and disordered image environment 
[25-28]. Therefore, we use a deep learning-based approach to 
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build a TEM QD migration motion dataset and train the 
YOLOv5 neural network to detect the multi-QD targets [29]. 
The DeepSORT algorithm is used to correlate each detected 
object in the before and after video frames to complete the 
detection of QDs and obtain the location of the object [30]. 

However, when QDs migrate inside the material or move 
on the surface interface, they also rotate around the center of 
mass, which brings great difficulty to the motion analysis. In 
order to obtain the rotation of QDs, the crystal structure of QD 
in each in-situ TEM video frame was analyzed with fast 

Fourier transform, and the spatial rotation of QDs was 
indirectly obtained. The discrete centroid position and rotation 
attitude are obtained by tracking and crystal analysis, and the 
spatial attitude interpolation is performed to obtain the 
trajectory curve of the target QDs. The velocity curve and 
acceleration curve are obtained by further differentiating the 
trajectory. At the same time, since the distribution of QDs in 
space is basically symmetrical, the number of atoms in the 
QDs can be estimated, and the force can be estimated by 
combining the acceleration. 

 
Figure 1. Neural network training results. (a) Comparison of validation dataset labels and detection results during training. (b) YOLOv5 network training 

results graph. 
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II. MULTI-TARGET TRACKING OF QD BASED ON NEURAL 

NETWORK 

The growth of conductive filaments is the basis of the 
resistive characteristics of memristors, and the 
characterization and regulation of the QDs that make up the 
conductive filaments during the growth process is the focus of 
attention. Therefore, the accurate tracking of QDs motion in 
the dielectric layer is crucial. Whether it is single-target 
tracking or multi-target tracking, the core is the detection of 
the target, and the detector directly determines the tracking 
accuracy. Target tracking first gives the original frame, then 
runs the target detector to obtain the boundary and position 
information of the target. Then it calculates the features of the 
detected objects, usually visual features and motion features, 
and then calculates the probability that the objects detected in 
the two frames before and after belong to the same target, and 
determines whether the objects in different frames are the 
same. 

Transmission electron microscopy (TEM) was used to 
characterize the migration of QDs inside and on the surface of 
the material in situ and obtain the video frame of the target. 
Transmission electron microscope after the electron beam and 
accelerate convergence projected onto a very thin dielectric 
layer zone, electronic and atomic collisions in the samples and 
changed direction, produce solid angle scattering, due to the 
different physical properties of the sample area of the 
electrical signals generated by collision types, scattering angle, 
energy and other characteristics are different. Therefore, 
different contrast degrees are formed when imaging on the 
photosensitive element. Due to the special imaging principle 

and working environment of transmission electron microscope, 
when QDs are used as the detection target, the dielectric layer 
is the base, and there will be a lot of noise points in the 
imaging results. And dielectric layer may be a crystal or 
amorphous materials, and orderly lattice fringe or disorderly 
chaotic amorphous stripes, the presence of these stripes for 
quantum interference detection is very large, and the QDs and 
the contrast of the base were similar [31]. Therefore, the key of 
the problem is to establish a detector that can automatically 
detect the QDs accurately and quickly from the complex 
background. 

YOLOv5 is an efficient and stable deep learning based 
detector neural network [29], which is trained supervised by 
building a QD migration motion dataset which are derived 
from three different scenes. The electrodes are arranged in 
lateral structure, and there is also a combination structure of 
fixed and mobile electrodes. The active electrode materials are 
Ag and Li. The functional layer is a dielectric material with 
crystal structure, using SiO2 and Si3N4. Some key frames are 
randomly extracted from the in-situ characterization videos of 
three scenes, a total of 814 key frame images. In order to 
improve the training efficiency and shorten the training time, 
the original TEM video is cropped to 640×640pixel, and the 
QDs in the images are labeled for neural network training, of 
which 585 images are divided into training sets. The training 
framework of the neural network is Pytorch, and to prevent 
overfitting due to the relatively small sample size, setting 
epoch=50, batch size=8, and a total of 3700 iterations [32]. 
The comparison between the labeling results and the detection 
results of the verification dataset in the training process is 
shown in Figure 1(a). It can be seen that the QDs detected in 

  
Figure 2. Multi-target detection and tracking for in-situ TEM characterization by YOLOv5 + DeepSORT  
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the verification dataset image correspond to the labeled label 
one by one with high confidence. The training result of the 
network is shown in Figure 1(b), which has a well training 
effect. 

DeepSORT and YOLO neural network were used to track 
the migration motion of QDs. Firstly, we use YOLO detector 
to get the location of QDs (generating Detections). 
DeepSORT will use Kalman filter to predict the tracks of the 
next frame according to the target location of this frame. Then, 
the Hungarian algorithm is used to match the predicted tracks 
with the detections obtained by the detector of the next frame 
(cascade matching and IOU matching), so as to complete the 
correspondence between the targets of the previous and 
subsequent frames [30]. The above process can be repeated to 
track the QDs. The migration motion of QDs in different 
scenes is analyzed. It can be seen from Figure 2 that in the 
process of QDs moving on the surface of the substrate, the 
position of QDs in every frame can be accurately identified. 
Even when new QDs appear in the scene, the target can be 
detected and tracked in time. 

The multi-target tracking method of YOLOv5 combined 
with DeepSORT can efficiently and accurately recognize and 
track the migrating and moving QDs in the memristor 
functional layer. This method provides a means of detecting 
and tracking the growth mechanism and regulation of 
conductive filaments in memristor. It basically replaces 
manual labeling and significantly improves the tracking 
accuracy. 

III. POSTURE AND MOTION ANALYSIS OF QDS BASED ON 

IN-SITU CRYSTAL ORIENTATION CHANGE 
The migration of QDs in the material or the movement on 

the surface of the material is a composite of translation and 
rotation. The position change caused by the translational 
motion on the projection plane is determined by the target 
tracking algorithm, but the posture change caused by the 
rotation of QDs cannot be determined only by the 
high-resolution characterization of transmission electron 
microscopy. The in-situ characterization of transmission 
electron microscopy can obtain a variety of information of the 
sample. Through phase analysis of QDs, the crystal structure 
and crystal direction of QDs can be determined. The change of 
crystal direction can clearly reflect the rotational motion of 
QDs. Therefore, after determining the composition and crystal 
structure of the QD material, the change of crystal direction 
can be analyzed to determine the pose in each frame. By 
interpolating the discrete posture points, the approximate 
rotational posture trajectory of the QDs can be obtained. 

The Ag nanoprobe was used as the active electrode and 

SiO2 was used as the functional layer material to characterize 

and analyze the motion of Ag QDs on the functional layer 

surface under the action of electric field. Fast Fourier 

transform was performed on each frame of the TEM in situ 

high-resolution characterization map of the QD region to 

obtain the diffraction map of the QD region, and according to 

the distribution and position of the diffraction spots in the map, 

the crystal structure and crystal orientation of the QD could be 

determined in combination with the type of material, as shown 

in Figure 3(a). 
In order to accurately describe the rotational motion of the 

crystal, an appropriate reference coordinate is established 
according to the crystal structure and the position of the QDs 
in the initial frame. There are three coordinate systems: (1) 
Fixed coordinate system: fixed with transmission electron 
microscope, Cartesian coordinate system. (2) Crystal structure 
coordinate system: solid connected with the crystal, its 
coordinate axes are not necessarily orthogonal, related to its 
crystal structure. (3) The relative coordinate system on the 
crystal, which is connected to the crystal and remains 
relatively stationary with the coordinate system of the crystal 
structure, Cartesian coordinate system, which is used to 
establish the relationship between the first two coordinate 
systems in the rotation. In the initial frame, the relative 
positions of the three coordinates and their relationship with 
the imaging perspective are shown in Figure 3(b). 

After analyzing the crystalline phase of the QD, the 
material and structure can be identified, and the relative 
relationship between the axes of the crystal structure 
coordinate can be determined. Combined with the crystal 
orientation of the current frame, the angle of rotation of the 
crystal structure coordinate system with respect to the electron 
microscope coordinate system can be obtained for the current 
frame. Thus, the rotation matrix R of a QD rotated by δθ about 
the axis k past the origin of TEM coordinate can be expressed 
as (1): 

  (1) 

 

Figure 3. QD crystal analysis. (a) Diffraction and crystal orientation 

analysis of QD crystals. (b) Establishing coordinate system in analysis of 

QD motion. (X1Y1Z1 is TEM coordinate system, X2Y2Z2 is the crystal 

structure coordinate system, and X3Y3Z3 is the Cartesian coordinate 

system solidly connected to the crystal) 
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The crystal phase analysis of the QD region for each 
frame is performed to obtain the rotation matrix of the QD 
about the transmission electron microscope coordinate 
system at each discrete moment, and to determine the 
positional matrix of the QD for each frame. In order to further 
analyze the motion state of the QDs and the subsequent 
regulation of the conductive filament growth, it is necessary 
to estimate the successive positional trajectories of the QDs. 
In this paper, the discrete poses of QDs are interpolated using 
quaternion spherical cubic interpolation to obtain the absolute 
motion pose trajectories [33]. The quaternion spherical cubic 
interpolation is different from the general spherical linear 
interpolation, and the trajectories obtained by this 
interpolation method are segmented cubic Bessel curves, and 
the trajectories are not only smooth and continuous, but also 
differentiable in the first order. Moreover, this interpolation 
method can guarantee the shortest spatial rotation distance of 
quantum points. Analyzing the shape center positions of the 
four QDs in Figure 3(a), the motion of the QDs in these 
frames of time is pure rolling, and then quaternion spherical 
cubic interpolation is performed on the discrete pose, and the 
continuous rotation space pose is obtained as shown in Figure 
4 (the coordinate axes have been normalized). 

The change of the centroid position of the QD represents 
the information of its plane motion, which can be obtained by 
target tracking, and then the trajectory of the centroid motion 
can be obtained by interpolating the discrete position points. 
Here, we focus on the analysis of the rotational trajectory of 
QDs, and estimate the angular velocity and angular 
acceleration of QDs using the continuous trajectory points 
obtained by interpolation. 

  (2) 

According to (2), the angular velocity is calculated by 
using the quadratic (p, q) angle of the adjacent points after 
interpolation, and the tangential acceleration is calculated by 
making the difference between the angular velocity and the 
tangential acceleration. The calculated curves of the angular 
velocity and tangential acceleration of the quantum point with 
time are shown in Figure 5. 

Using high-resolution TEM images and diffraction 
patterns of QDs, the spatial rotational posture of QDs can be 
accurately obtained. This method provides a new research tool 
for studying the motion of nanoscale crystal structures and a 
new idea for the calculation of molecular kinematics and 
dynamics characteristics based on in situ experimental 
characterization and analysis. It provides a research basis for 
the modulation of nanoclusters or QDs. 

IV. CONCLUSION 

The neural network-based multi-QD detection and tracking 

method improves the accuracy and efficiency of identifying 

and tracking nanoclusters and QDs in a TEM for in situ 

characterization, and provides a new auxiliary means for 

in-depth study of the migration and surface motion of QDs 

inside the memristor material, improves the automation of 

QD motion information extraction, and provides a great 

convenience for studying the mechanism of electrochemical 

metallization based on conductive fine wires. The 

combination of multiple sensing information in the TEM in 

situ process has been utilized to perform crystal phase 

analysis of the QD crystal structure, which enables the 

 

 

 

Figure 4. QD pose trajectories at certain moments based on quaternion 

spherical cubic interpolation 

 

Figure 5. Curves of the angular velocity magnitude and tangential 

acceleration magnitude of QDs over time 
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capture of the spatial rotation posture of QDs. From the 

perspective of multiple in situ sensing combined with 

computation, it provides not only a new method for the 

motion analysis of nanoscale crystal structures but a research 

basis for nanostructure growth regulation. The results have 

shown the feasibility of multi-target tracking of homogeneous 

atoms by their spatial structure projection during 

field-control-based nanorobotic manipulation, which is very 

encouraging for further extension to the tracking and 

regulation of crystalline grains, swarms of ions, ion filaments, 

and single ions; enabling technique for such applications as 

in-situ prototyping and characterization for fundamental 

research and rapid product development of nanoscale and 

quantum devices such as sensors, batteries, neuromorphic 

devices, and neuro/brain interfaces. 
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