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Abstract: This work presents a computer vision-based methodology for precise, dynamic 
probe-sample distance measurement in scanning probe microscopy. The technique is tested 
by scanning a representative planar microwave probe and monitoring its position in three di-
mensions using a stereoscopic optical microscope. The results demonstrate that, through 
triangulation, the spatial resolution of the three-dimensional system surpasses that of the 
individual optical microscopes. This paper also introduces an approach that addresses the chal-
lenges of camera calibration and the limited number of feature matches between images, using 
augmented reality tags (ARTags) and Kalman filters to ensure process continuity and robustness. 
A notable feature of the methodology is its ability to estimate distances without relying on spe-
cific sample characteristics or direct contact with the sample surface. The proposed algorithms 
are scalable, allowing for the generation of partial or complete reconstructions of micrometric 
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1. Introduction

Scanning probe microscopy (SPM) encompasses a diverse 
range of techniques united by the common approach of 
scanning a sample with a probe to generate high-resolu-
tion images. These techniques enable the visualization of 
diverse sample properties by quantifying probe-sample 
interactions. Prominent examples include atomic force 
microscopy (AFM) and scanning tunneling microscopy 
(STM), which emerged in the 1980s (Tabib-Azar et  al., 
1993; Golosovsky & Davidov,1996; Vlahacos et al., 1996). 
Scanning microwave microscopy (SMM) (Synge, 1928; Ash 
& Nicholls, 1972) uses near-field microwave radiation 
confined to small volumes at micrometer- and nanome-
ter-length scales. Microwaves can penetrate numerous 
materials, facilitating the characterization of both sur-
face and subsurface properties (Siegel, 2021). However, 
meticulous control over the distance between the probe 
and the sample is imperative to extract sample proper-
ties successfully (Siegel, 2021). This is because tip-sample 
coupling in the near field decreases strongly with dis-
tance. Therefore, precise control at the micrometer scale 
is indispensable.

The electromagnetic interaction between the probe 
and the sample yields additional information, often 
in the form of a recorded reflection coefficient, which 
is instrumental in investigating the sample’s micro-
wave-frequency characteristics. Properties of interest 
include the dielectric constant, resistivity, and disper-
sion. Such characterization holds considerable utility in 
contemporary nanomaterials and nanoparticle research 
(Farina et al., 2017). Furthermore, its potential extends to 
the characterization of ferroelectric and dielectric mate-
rials (Feenstra et al., 1998; Yoo et al., 2001) and biological 
samples (Wang et al., 2000).

In recent years, significant strides have been made in 
microwave microscopy research, motivated by its merits 
as a non-contact, non-destructive technique that deliv-
ers remarkable spatial resolution (Imtiaz et al., 2014; Hu 
et al., 2006). Nonetheless, the intricate interplay between 

microwave sources, probes, and samples, as well as the 
interaction between the receiver and the underlying 
transmission line, constitutes a profoundly complex chal-
lenge (Tang et al., 2021).

The challenges related to positioning have been effec-
tively addressed by the atomic force microscopy (AFM) 
and scanning tunneling microscopy (STM) communities. 
In AFM instruments, the movement of a tip in contact 
with the sample surface deflects a laser, whose deflection 
greatly amplifies the tip’s movement (Lee et  al., 2010). 
This technique, however, involves direct contact between 
the probe and the sample, which is not desirable in mi-
crowave microscopy.

In STM instruments, the amplitude of the tunneling 
current exhibits remarkable sensitivity to the distance be-
tween the tip and the sample at nanometer length scales. 
This property makes it possible to maintain a constant 
tip-sample distance through an appropriate feedback 
loop (Imtiaz et al., 2014). Nevertheless, when dealing with 
non-conductive samples, applying a current through the 
sample or relying on its conductivity becomes impracti-
cal. Precisely positioning a scanning probe at a constant 
distance from a sample while scanning over a complex 
topography, without contact, is an important problem. A 
similar problem has been addressed in the field of com-
puter microvision—specifically in micromanipulation 
applications—supplemented by visual feedback (Chang 
et al., 2018; Masuda et al., 2018). 

Over the last two decades, micromanipulation has 
been used extensively in microelectromechanical sys-
tems (MEMS), bioengineering, and the fabrication of 
microdevices (Sha et al., 2019).

Micromanipulation and microassembly techniques 
are used in fields such as biological engineering, microde-
vice processing, medical engineering, and other domains 
that require intricate operations (Kim et al., 2017). These 
techniques are especially relevant in the context of 
MEMS (microelectromechanical systems) (Maroufi et  al., 
2017; Tng et  al., 2012), MOEMS (micro-optoelectrome-
chanical systems) (Lu et  al., 2017), BioMEMS (biological 

three-dimensional scenes. This facilitates control of the tip-sample distance and could enable 
more advanced real-time route planning in scanning probe microscopy.

Keywords: computer vision, scanning probe microscopy, 
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microelectromechanical systems) (Martinez-Rivas et  al., 
2017; Race et al., 2017; Jeong et al., 2017; Pan et al., 2017), 
and similar microsystems.

Microvision, as a non-contact, high-precision tech-
nique, serves as a real-time monitoring tool for microdevice 
dynamics, measuring both position and motion, and is an 
essential part of micromanipulation systems. It involves 
the integration of multiple data streams into a cohesive 
package. This integrated framework is aptly called the mi-
crovision system (Yu et al., 2017; Fatikow et al., 2008; Guo 
et  al., 2005; Zhao et  al., 2018). However, challenges per-
sist within computerized microvision systems, including 
issues such as system calibration, autofocus, extraction 
of depth information, and visual micro servo control of 
robotic platforms (Sha et al., 2019).

In this work, we apply microvision techniques from 
the field of micromanipulation to a scanning microwave 
probe system and quantify the precision with which the 
position of a probe relative to a sample can be mea-
sured within a more complex mechanical system. A 
stereoscopic vision system comprising two microscopes 
and augmented reality tags (ARTags) is used to digital-
ly recreate a probe-sample scene and then measure the 
probe-sample distance.

In Sections 2 and 3, we describe our proposed ap-
proach to computer vision and include implementation 
details to facilitate its reproduction. Sections 4 and 5 
present an experimental validation of this method, de-
tailing the development process, the materials employed, 
and the characterization of its performance.

2. Terminology and Assumptions

2.1. Stereoscopic Vision
Considering that scanning microwave microscopes typi-
cally use XYZ platforms to achieve spatial scanning over a 
sample, and given that a sample’s topography (or height) 
can vary irregularly, the challenge of measuring the 
distance between the probe and the sample can be ad-
dressed through a process of optical triangulation (Hügli 
& Mure-Dubois, 2006).

Stereoscopic vision involves the simultaneous acquisi-
tion of two images, captured from distinct viewpoints. In 
stereomicroscopy, each objective lens provides a separate 
viewpoint. In machine vision, video sensors are attached 
to the microscopes. Image-matching algorithms are em-
ployed to compute the disparity between the image pair, 
enabling the reconstruction of three-dimensional (3D) 
information. Leveraging prior knowledge about the ob-
ject’s geometry can accelerate the matching process.

2.2. Computer Vision for Micrometer Distance 
Measurement: Projective Geometry 
To obtain greater precision in measuring the distance 
between objects in a scene, it is necessary to consider 
more than one photograph that observes the scene from 
another nearby perspective. By capturing several imag-
es of the same scene with displaced cameras, a greater 
amount of information can be acquired to recreate the 
perception of depth and determine distances between 
objects in the photograph that cannot be accurately de-
termined with a single photograph. This is the objective 
of stereoscopic vision (Hartley & Zisserman 2003).

Traditionally, stereovision analysis has been divided 
into two distinct problems: the correspondence prob-
lem and the reconstruction problem. Starting with two 
two-dimensional images, denoted as I and D, in the coor-
dinate space (u, v), the correspondence problem aims to 
identify two points, one in image I, and one in image D, 
that correspond to the same point M in three-dimension-
al space (X, Y, Z). Once these two points are identified, 
the reconstruction problem involves determining the co-
ordinates of point M. The most challenging aspect lies in 
solving the correspondence problem. In general, there 
are several possible choices for matching an element in 
image D to an element in image I, which introduces am-
biguity into the stereo correspondence problem. Due to 
this ambiguity, it becomes necessary to determine which 
elements, characteristics, constraints, and consider-
ations can be applied to minimize it as much as possible 
(Cyganek & Siebert 2011).

Extracting the three-dimensional structure of a scene 
from stereoscopic images is a problem that has been 
extensively studied by the computer-vision community 
in recent decades. The initial efforts focused on estab-
lishing the fundamentals of image correspondence and 
stereoscopic geometry (Cyganek & Siebert 2011). Over 
time, research in this field has matured significantly, 
leading to numerous advances in computational stereo 
vision. These advances have expanded the application 
of stereoscopy to new domains, including micrometric 
microscopy.

3. A Method for Micrometric Distance Estimation 
of a Scanning Microwave Probe

Here, we consider scanning probe microscopes (SPMs) in 
which the test probe does not make direct contact with 
the analyzed sample. A typical scanning microwave mi-
croscope (SMM) (Tabib-Azar et al., 1993) can be integrated 
into the general visual-servo-control process, as shown 
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geometrically in Figure 1 and schematically in Figure 2. 
However, when working with microscopy scenes, it be-
comes necessary to modify each of the subprocesses. 
For instance, the camera-calibration process, depending 
on the chosen method, requires the generation of mi-
croscopic patterns. Concerning the autofocus thread, 
although numerous solutions have been proposed in 
the literature (Hügli & Mure-Dubois, 2006), they are of-
ten associated with complex video capture systems. In 
other words, most microscopes—particularly the readily 
available ones—lack autofocus, and manual mechanical 
focusing is typically required.

Figure 1. A microwave scanning probe monitored with 
optical microscopes: a) a representative planar resonant 

microwave scanning probe moves in three dimensions 
relative to a sample holder; b) two cameras, each fitted with 
a low-magnification optical microscope, are pointed at the 

probe and sample at different angles; c) the scanning probe 
and the sample holder are marked with millimeter-scale 

ARTag-coded markers; d) the sample holder is itself a three-
dimensional rectangular structure of known dimensions; 

and e) a nonplanar sample is placed on the sample holder.

Figure 2. The general process of visual-servo control. This is 
implemented in a time-efficient manner so that the position 
of the scanning probe is controlled dynamically during the 
process of mechanically scanning the sample with a probe.

The most significant challenge lies in the depth of in-
formation extraction subsystem. The majority of depth 
information extraction algorithms are based on identify-
ing corresponding points between images.

However, in microscopic scenes, where image content 
lacks texture richness, this process becomes challenging, 
and error margins tend to be high, significantly impacting 
the results.

Considering the various approaches required for 
interventions and modifications to the mechanical struc-
ture of a scanning microwave microscope, as well as the 
subprocesses of a visual-servo-control system for micro-
scopic scenes, we propose a method that facilitates the 
integration of these approaches. The proposed method 
is summarized in the flowchart depicted in Figure 3 and 
can be divided into the following four steps, aligning with 
the general structure of visual-servo-control processes 
presented in Figure 2:
Step 1: Focusing and calibration of optical microscopes. 

Utilize established techniques from literature and 
employ specially designed micrometric augmented 
reality markers (ARTags) tailored for this application 
to achieve camera (microscope) focus and calibration.

Step 2: Digital processing of the images and calcula-
tion of the projective camera matrices of each of the 
microscopes.

Step 3: Triangulation of coincident points, partial re-
construction of the three-dimensional scene, and 
estimation of the microscopy probe location.

Step 4: Servo-control actions on a XYZ axial microstep-
ping system.

3.1 Step 1 — Focusing and Calibration 
of Optical Microscopes
A manual focusing method is established, in which, with 
the help of ARTags, the focus quality on the objects of 
interest is visually identified.

The one proposed in Ref. (Zhang, 2002) was used as 
the base calibration method. This technique, developed 
by Zhang, is widely recognized for its flexibility in cam-
era calibration. It relies on the use of multiple images of 
a planar pattern, such as a chessboard, captured from 
different angles. By extracting corresponding points be-
tween the pattern and the images, the method enables 
accurate estimation of both intrinsic and extrinsic camera 
parameters, including lens distortion. This approach is 
particularly well-suited for situations where high preci-
sion is required, such as microscopy, as it accommodates 
variations in image perspective and distortion intro-
duced by lenses. For our implementation, we adapted 
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this method by using ARTags as the calibration pattern, 
which provides robust reference points for camera matrix 
extraction and distortion correction.

The camera-calibration process, adjusted to micro-
scopic images, can be summarized in the following steps:
(i) Print microscopic ARTag-type patterns on a planar 
surface.
(ii) Capture multiple images of the pattern with each mi-
croscope, ensuring variations in image orientation and 
perspective.
(iii) Detect the characteristic points of the patterns in 
each image.
(iv) Estimate the five intrinsic and extrinsic camera pa-
rameters using the method proposed in [34].
(v) Refine all parameters, including lens distortion 
parameters.

Figure 4 shows a series of ARTag-type patterns devel-
oped for the calibration process. Each label features a 
four-bit encoding for identification and an additional bit 
to determine orientation.

The camera calibration step is executed only once 
at the inception of the visual-servo-control system. It is 
unnecessary to repeat this step in subsequent iterations 
unless there are significant changes in the position, focus, 
or perspective parameters of the microscopes relative to 
the scene. We assume that the position and focus of the 
optical microscopes with respect to the scene remain sta-
ble during the data acquisition process.

3.2 Step 2 — Digital Image Processing 
and Depth-Information Extraction
After achieving focus in the optical microscopes and 
completing the camera-calibration process, the sys-
tem begins with image capture of the target scene. To 
enhance the estimation process, ARTag labels were em-
ployed, providing reference points within the scene. We 
designed 4-bit labels that not only convey their identity 
but also indicate their orientation within the plane they 
occupy. These labels have specific dimensions, shapes, 
and orientations, along with strategic placements. One 
label is affixed to the tip of the microwave microscopy 
probe, while others are positioned on the sample base. 
This setup enables the identification of planes, their size 
relationships, and the angular differences between them.

Algorithm 1 summarizes the digital image-processing 
techniques employed to identify and decode the tags in 
the images, thereby generating a collection of ordered 
coordinates that serve as robust correspondence across 
the processed image set.
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microscopes on the scene 
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Figure 3. Flowchart for the proposed method for acquiring 
and processing optical images to produce a digital 

model of the scene with precisely calibrated dimensions 
and locations of the probe and sample surfaces.

Figure 4. ARTags placed at known positions on the probe 
and sample for the calibration of optical microscopes.



J. L. Martínez-Valencia et al. / Journal of Applied Research and Technology 579-593

Vol. 23, No. 6, December 2025     584

The digital image-processing algorithm is designed to 
identify and extract ARTags from images of the scene, 
leveraging well-established techniques such as Gaussian 
blurring and Canny edge detection. These methods were 
selected for their robustness in handling noisy images 
and their effectiveness in contour detection. The imple-
mentation of the Canny edge detection algorithm ensures 
precise boundary identification, which is crucial for de-
tecting the ARTags that serve as micro-references in the 
scene.

Initially, Gaussian blurring is applied to reduce noise 
and smooth the image, facilitating the edge-detection 
process so as to focus on significant contours. Following 
edge detection, the algorithm identifies contours with 
four vertices, corresponding to the rectangular shape of 
the ARTags. The warp perspective method is then utilized 
to transform the detected contour into a top-down view, 
enabling accurate decoding of the ARTag’s ID and orien-
tation. The parameters for Gaussian blurring and edge 
detection are carefully selected based on the scale of the 
scene and the resolution of the microscopes. Specifical-
ly, a moderate Gaussian kernel is employed to balance 
noise reduction and edge preservation, while the Canny 
algorithm’s thresholds are fine-tuned to enhance sensi-
tivity to the fine features of the ARTags. This parameter 
optimization ensures that even small tags can be reliably 
identified.

Ultimately, the algorithm outputs a set of ordered co-
ordinates for each tag, which are subsequently utilized in 
the stereoscopic-vision process to reconstruct the scene 
in three dimensions.

If the process of obtaining the tag-coordinate package, 
as shown in Algorithm 1, is successful, the coordinates of 
all detected points are updated. Otherwise, an estimation 
process for coordinate positions is executed. This estima-
tion process uses Kalman filters (Kalman, 1960), initialized 
at a random point and updated at each iteration of the 
process. This characteristic ensures the proposed meth-
odology’s robustness in handling real-time images, which 
may experience temporary changes in lighting, vibration, 
or partial or total occlusions of the scene.

After ensuring the stability of the tag coordinates, we 
proceed to execute computer-vision techniques for ste-
reoscopic vision. This allows us to calculate the projection 
matrix P, which enables the estimation of the 3D positions 
of points derived from 2D scenes. The overall process is 
summarized in the flow diagram in Figure 5.

The process of computing the camera projection matrix 
requires a set of corresponding points Xi ↔ xi between 
3D space points Xi and their 2D image projections xi as 
input variables. In computer vision, when working with 
transformations between 3D world coordinates and 2D 
image coordinates, it is standard practice to use homo-
geneous coordinates (Ref. (Hartley & Zisserman 2003), Ch. 
1). A point in 3D space is represented as a 4-vector:

(1)

Where the fourth component is introduced to facilitate 
affine transformations. Similarly, a point in the 2D image 
space is represented as a 3-vector:

(2)

Homogeneous coordinates allow transformations, such 
as translations and perspective projections, to be repre-
sented using matrix multiplication.
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The camera projection matrix P is a 3 × 4 matrix that 
maps a 3D point in homogeneous coordinates Xi to a 2D 
point in homogeneous coordinates xi on the image plane. 
The projection equation is given by:

(3)

To compute the projection matrix P, we start by deriving 
the fundamental relationship between corresponding 3D 
and 2D points (Ref. (Hartley & Zisserman 2003), Ch. 7). 
Following the standard formulation, we obtain:

(4)

Since the three equations in the system above are linear-
ly dependent, only the first two equations are typically 
used:

(5)

By stacking the equations for multiple correspondences, 
a 2n × 12 matrix A is formed, where n is the number of 
3D-2D correspondences. The projection matrix P is com-
puted by solving the homogeneous system:

(6)

Where p is the vector containing the elements of the ma-
trix P.

It is important to note that both Xi and xi are represent-
ed as column vectors, in accordance with the conventions 
of matrix multiplication used in homogeneous coordinate 
transformations. The resulting 2D vector xi is also in ho-
mogeneous form, and its final screen coordinates can be 
obtained by dividing the x and y components by the third 
homogeneous coordinate wi (Ref. (Hartley & Zisserman, 
2003), Ch. 1,7).

Algorithm 2 outlines the procedure for computing the 
camera projection matrix for each camera in the system. 
This algorithm is responsible for determining the rela-
tionship between the 3D coordinates of points in space 
and their 2D projections on the camera image planes. 
To achieve this, we use the Direct Linear Transformation 
(DLT) method, selected for its simplicity and effectiveness 
in calculating projection matrices from known correspon-
dences between 3D points and 2D image points.

The algorithm begins by correcting lens distortion in 
the images, a crucial step given the magnifying lenses 

used in microscopy, which introduce significant radial 
distortion. The calibration process employs Zhang’s cali-
bration method, known for its ability to handle radial and 
tangential distortions while providing accurate intrinsic 
and extrinsic camera parameters. This method was se-
lected due to its widespread use in computer-vision 
applications and its ability to perform well even with a 
minimal number of calibration images. Once distortion 
is corrected, the algorithm proceeds to calculate the ini-
tial projection matrices using the DLT algorithm, which 
estimates the matrices by minimizing the geometric 
reprojection error. This ensures that the calculated ma-
trices provide the best fit for the known correspondence 
between the ARTag coordinates in the 3D scene and their 
2D image positions.

The tuning parameters for the reprojection error min-
imization were chosen based on the scale and precision 
required for micrometric measurements. The algorithm 
iteratively refines the projection matrices by adjusting 
these parameters to achieve subpixel accuracy in the re-
constructed 3D points.

Figure 5. Flowchart for the extraction of depth information 
and the calculation of camera projection matrices P1 and P2.
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In summary, this algorithm accurately computes 
the camera projection matrices, enabling the precise 
mapping of the 3D scene onto the 2D images, which is fun-
damental for the stereoscopic reconstruction process.

3.3 Step 3 — Triangulation of Coincident 
Points, Partial Reconstruction of the 
Three-Dimensional Scene, and Estimation 
of the Microscopy Probe Location
The camera projection matrices P1 and P2 returned by the 
execution of Algorithm 2 allow us to estimate the three-di-
mensional location of each of the image points xi for each 
camera. This estimation is performed by triangulating 
the corresponding points in 3D space, reconstructing the 
scene based on the projections onto the image planes.

The position coordinates of the objects are determined 
by the structure model and the camera parameters P1 
and P2. Then, the 3D coordinates Xi of the target objects 
relative to the camera coordinate system in 3D space are 
obtained by solving the system of equations based on the 
projection matrices and the 2D image points xi.

The Scale-Invariant Feature Transform (SIFT) algo-
rithm is widely recognized for its ability to detect and 
describe local features in images, regardless of scale and 
rotation. In this work, SIFT is used to identify key points in 
the scene, such as ARTags, by matching features across im-
ages from different perspectives. SIFT excels at detecting 
distinctive, scale-invariant features, making it well-suit-
ed for handling microscopic scenes where precise feature 
matching is critical for accurate 3D reconstruction.

One of the key advantages of SIFT is its robustness to 
changes in scale, orientation, and even moderate affine 
transformations, making it highly versatile in various ap-
plications. However, SIFT is computationally expensive, 
particularly when dealing with high-resolution images or 
large datasets. Its performance may also degrade in re-
al-time applications due to the processing time required 
for feature extraction and matching. Despite these draw-
backs, its accuracy and reliability make it a valuable tool 
for tasks where precision is essential.

The Speeded-Up Robust Features (SURF) algorithm is 
a more efficient alternative to SIFT, designed to offer sim-
ilar performance in feature detection and matching while 
significantly reducing computational complexity. In this 
work, SURF is considered for identifying and matching 
ARTags across images taken from different angles, par-
ticularly in scenarios where faster processing times are 
required without substantially sacrificing accuracy.

SURF’s primary advantage is its speed; it uses an in-
tegral image representation to compute features more 
rapidly than SIFT, making it suitable for real-time ap-
plications. Additionally, SURF maintains robustness to 
scale and rotation, although it is less effective at han-
dling significant affine transformations compared to SIFT. 
A potential disadvantage of SURF is its lower accuracy 
in complex or textured scenes, as its feature descriptors 
may not be as distinctive as those of SIFT. Nevertheless, 
its balance between speed and performance makes it an 
excellent choice for applications where time constraints 
are critical.

Since the locations of the two main planes of interest 
are known in advance, algorithms can be applied to scale 
the scene to real-world dimensions. This segmentation of 
the workspace, where the sample for analysis is situated, 
is crucial because it enables the use of algorithms such 
as SIFT (Mortensen et al., 2005) and SURF (He et al., 2009) 
for automatic detection of corresponding points across 
images within specific regions.

For a more precise estimation of the microscopy 
probe’s location, a design is proposed, as illustrated in 
Figure 6. In this design, a single tag is positioned on the 
probe’s plane. When this tag is identified in both images, 
it provides precise coordinates for the probe, enabling 
more accurate triangulation of the point of interest.

In summary, the selection of computer-vision methods 
for this work balances the need for accuracy and process-
ing speed. Image segmentation simplifies the scene by 
isolating areas of interest, improving the efficiency of sub-
sequent analysis steps, but it can be sensitive to noise. 
SIFT offers unparalleled accuracy in feature detection 
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and matching, especially for tasks requiring scale and ro-
tation invariance, but its high computational cost makes 
it less suitable for real-time applications. SURF, on the 
other hand, sacrifices some accuracy for speed, making 
it a good compromise when real-time processing is a pri-
ority. By combining these methods, the system ensures 
both precise micrometric measurements and efficient 
processing, adaptable to the specific requirements of the 
scanning probe microscopy setup.

3.4 Step 4 - Stepper Motor Control
After identifying the reference points on both the base 
and the probe within the known workspace, motor com-
mands are issued to reach specific points of interest within 
the scene and then scan in two or three dimensions as 
needed. The servo-control algorithm takes the estimat-
ed 3D coordinates of the probe tip and translates them 
into motor commands for the XYZ Cartesian platform. It 
uses feedback from the stereoscopic vision system to dy-
namically adjust the probe’s position while scanning the 
sample. The algorithm calculates the necessary move-
ments for each motor and sends control signals to the 
stepper motor drivers, ensuring precise microstepping. 
Safety limits are also implemented within the algorithm 
to avoid exceeding the workspace boundaries, protecting 
the sample and probe from collisions. Safety parameters 
are also established to ensure the probe remains within 
the workspace to prevent accidents.

4. Experiment

In this section, the experimental validation of the pro-
posed method is presented, which involved:
(i) XYZ Cartesian motion platform with stepper motors 
and microstep drivers.
(ii) Toolbox with a graphical interface, developed in Py-
thon 3.
(iii) Computer-vision algorithms for estimating microme-
ter distances.

Figure 7 shows an implementation of the conceptual 
scheme (Figure 1) where two standard optical micro-
scopes were used.

The XYZ platform is driven by NEMA 17 motors 
(57J1880-450-6.35), with their respective controllers 
(2DM542). These motors are configured for 4000 µ-steps 
per revolution, which is equivalent to approximately 2µm 
per step. For communication and control of the XYZ axi-
al movement platform, an independent microcontrolled 
system was developed, using a serial communication 
protocol. This system ensures robust communication and 

parallel control of devices, meaning that all motors can 
be active simultaneously, executing their corresponding 
tasks.

Figure 7. Implementation of a scanning microwave 
microscope with two optical microscopes. a) Sample holder 

with tags; b) microscope probe tip; c) sample; d) optical 
microscopes; e) vector network analyzer (VNA); f) XYZ 
platform; g) stepper motor; h) stepper motor drivers.

To ensure the accuracy of the XYZ platform’s move-
ments, additional validation was performed by measuring 
the correspondence between the motor steps and the 
actual displacement of the table. This verification step, 
conducted using a calibrated micrometer to measure 
various step sizes, provided further confidence in the 
precision of the system’s movement, confirming that 
the observed motor steps aligned with the expected dis-
placement on a micrometer scale. These internal checks 
are critical for ensuring that the results presented in this 
study are both reliable and repeatable.

For the visual subsystem, two optical microscopes 
with USB connections were used, with the magnification 
adjusted to capture images of about 25 mm × 20 mm at 
the focal point. These microscopes move with the mobile 
platform in the X and Y directions and allow constant illu-
mination adjustment over the scene.

The control system, which integrates all components 
(hardware and software), was developed in Python 3. For 
user convenience, the visual interface shown in Figure 
8 was developed, from which the entire system can be 
managed. All the implemented software can be found at 
the following GitHub repository, along with instructions: 
https://github.com/JorgeMartinez1/Micrometric-Probe- 
and-Sample-Position-Measurement.git
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Figure 8. Visual interface for mechanical 
control and integration with machine vision, 

with representative parameters.

Figure 9. Before and after applying the camera-calibration 
process. a) Image with radial distortion introduced by 

the camera lens. b) Image corrected through the camera-
calibration process to eliminate radial distortion.

The experimental validation of the methodology was per-
formed through the following steps:

4.1 Step 1 — Optical Microscope 
Focusing and Calibration
Because the optical microscopes are fixed to the mobile 
platform along the X and Y axes—the same platform to 
which the base with the QR patterns and the sample are 
fixed—a manual focus can be established. This ensures 
that, in the scene, the sample holder with the collection 
of tags is consistently displayed at the bottom reference.

After achieving focus, the camera-calibration process 
is initiated through the graphical interface. During this 
process, the user is prompted to specify the number of 
photographs to capture and the name of the folder for 
storing these images, along with the calibration parame-
ters. Simultaneously, the microscopy probe needs to be 
repositioned until it exits the scene, revealing only the 
stationary calibration tags. To ensure a stable approxi-
mation of the cameras’ intrinsic parameters, more than 
20 photographs are captured, each offering different per-
spectives of the pattern used by each optical microscope.

Lens distortion is corrected in the images, as illustrat-
ed in Figure 9, ensuring that straight lines appear straight. 
Furthermore, the calibration-parameter information is 
stored in a folder specified in the graphical interface. 

4.2 Step 2 — Digital Image Processing 
and Extraction of Depth Information
After focusing the optical microscopes on the scene of 
interest and obtaining their calibration parameters, an 
image is captured with each microscope. These two im-
ages serve as input parameters for Algorithm 1, which is 
responsible for processing and extracting, among other 
things, location information for visible tags. The algo-
rithm returns a collection of ordered correspondences 
between the two images, where each tag provides four 
points of interest, as illustrated in Figure 10.

Figure 10. Points of correspondence between images 
from two cameras captured at different angles.

Image segmentation is a fundamental process in comput-
er vision that involves partitioning an image into multiple 
segments to simplify its analysis. In the context of this 
work, segmentation is applied to identify regions of inter-
est, such as the ARTags used for camera calibration and 
stereoscopic vision. By isolating these tags from the rest 
of the scene, the subsequent steps in the pipeline, such 
as contour detection and tag identification, become more 
efficient and accurate.

The advantage of image segmentation lies in its ability 
to reduce the complexity of an image, focusing compu-
tational resources on the relevant areas. Additionally, it 
helps improve the accuracy of object-recognition tasks by 
providing clearer boundaries between objects. However, 
segmentation can be sensitive to noise and variations in 
lighting conditions, which may affect its performance in 
less controlled environments. The choice of segmentation 
technique and its parameters must be carefully adjusted 
based on the specific characteristics of the scene and the 
objectives of the analysis.

The identified set of coincident points from the imag-
es, along with the list of pattern coordinates, is used in 
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Algorithm 2 to compute the projectivity matrices P1 and 
P2 for the two microscopes in use.

Using the obtained matrices P1 and P2, along with the 
collection of corresponding points between the images, 
a disparity map is generated, displaying the depth infor-
mation of the scene, as depicted in Figure 11.

Figure 11. Example of a disparity map between images 
from two cameras. a) Tags at the sample holder; b) tag 
at the microscope probe tip; c) sample-holder corner.

Figure 12. The triangulation process produces a calibrated 
three-dimensional map of corresponding points between 

the two microscope images. Each red point represents 
the known 3D location of the corners of the ARTags, while 
the blue points depict the estimated locations based on 

the stereoscopic-vision process. a) Points situated on the 
plane labeled with the letter ’a’ denote the corners of the 
ARTags on the XY plane of the sample-holder base. b) The 
five points located on the plane labeled with the letter ’b’ 

represent the four corners of the tag positioned on the 
microscopy probe, and the lower point is the estimated 
location of the probe tip. c) Points located on the plane 

labeled with the letter ’c’ signify the corners of the ARTags 
situated on the XZ plane of the sample-holder base.

4.3 Step 3 — Triangulation of coincident 
points, partial reconstruction of the 
three-dimensional scene and estimation 
of the microscopy probe location.
Applying Algorithm 2, the identified points undergo a tri-
angulation process, ensuring precise measurements in 
micrometers. Refer to Figure 12 for a visual representa-
tion of this triangulation.

Given the known geometry of the probe and the pres-
ence of a reference tag on it, an accurate estimation of its 
position in a three-dimensional scene becomes possible.

5. Results

A set of measurements along the three axes X, Y, Z was 
performed to characterize the system. The X-axis was 
scanned over a range of 8000µm, with steps of 10µm in 
ascending and descending directions. Similarly, the Y-axis 
was scanned using the same parameters as the X-axis, 
and the Z-axis was scanned over a range of 4000µm, with 
steps of 10µm. At each step along each axis, the algorithm 
described in the previous section was allowed to run and 
the location estimate of the microwave probe returned by 
the algorithm was recorded. These positions are repre-
sented by the vectors Xa[800], Xd[800], Ya[800], Yd[800], Za[400], 
Zd[400], where the numbers refer to the size of the vectors.

Figure 13 illustrates the datasets obtained for the 
scanning-probe location as it was scanned along each 
of the three axes over the ranges mentioned above (blue 
points). In the first row of graphs, we observe that the 
position of the probe relative to the sample follows very 
closely a linear fit to the data (orange points). The cor-
relation coefficient r for the line fit was calculated to be 
1.00, indicating a highly linear relationship between the 
mechanically determined position of the probe and the 
position measured with the computer-vision approach. 
The insets in each of the graphs in the first-row show in 
more detail the data obtained over a range of 300µm. 
Here, we notice that the deviations from linearity and the 
noise level of the measurement are not the same for the 
three axes and are in a range of tens of micrometers.

The second row of Figure 13 shows a histogram of er-
rors associated with the position measurement on each of 
the three axes (blue points). An estimation of the normal 
distribution (red line) of the errors indicates the presence 
of random noise in the measurements. Median error = 
0.53 and Std. Error = 11.67 (all values are given in µm). In 
the second row of Figure 13, the green lines represent the 
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standard deviations associated with the errors relative to 
the actual movement. From this, the data indicate that, at 
one standard deviation, there is an uncertainty of approx-
imately 10µm in the X-axis, 50µm in the Y-axis, and 25µm 
in the Z-axis. These differences are not surprising given 
that the position of the two cameras implies that different 
planes in this coordinate system are projected at different 
angles in the plane of the image sensor.

This analysis was performed for the datasets Xd[800], 
Ya[800], Yd[800], Za[400], and Zd[400]. The main values of 

the analysis are summarized in Table 1. Here, we find that 
the median error is typically a fraction of a micrometer, 
indicating errors symmetrically distributed above and be-
low the line fit. The standard deviation is on the order of 
tens of microns, which can be interpreted as an approxi-
mate measure of the spatial resolution of the system. We 
notice that errors vary slightly depending on the direction 
of movement. For instance, errors along the Y-axis tend to 
be larger, as it is along this axis that the system exhibits 
the greatest depth variation.

Figure 13. Set of experimental results. The first row contains the moved distance vs. the measured 
distance for each of the X-, Y-, and Z-axes, and the second row contains error histograms for each of the 

axes, along with labels illustrating error density at one, two, and three standard deviations.
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In comparison to the physical parameters of the sys-
tem, one standard deviation corresponds to 10µm in the 
X direction, 50µm in the Y direction, and 25µm in the Z 
direction. The microscope optics have an image size of 
320 × 240 pixels, and each pixel corresponds to 80um 
in the image. Therefore, we can observe that the vision 
system exhibits errors in positions smaller than the pix-
el size. Here, we assume that the errors inherent in the 
positioning of the stepper motors and linear stages (i.e., 
the Distance Moved in Figure 13) are much smaller than 
the measured errors, an assumption that was verified in-
dependently. The total time required for each position 
measurement, including processing, was in the range of 
100µs, which is comparable to the data-acquisition time 
at each pixel of a typical scanning microwave microscope.

The values obtained from the system demonstrate con-
sistency across multiple trials and applications. The 
standard for comparison was a physical micrometer with 
accuracy in the micrometer range. The use of internal ref-
erences—such as tags of known dimensions within the 
workspace—provides a reliable means of verifying the 
accuracy of the measurements.

6. Conclusion

This study introduces a methodology, rooted in comput-
er-vision techniques, for precisely estimating the distance 
between the probe of a typical scanning probe micro-
scope and the surface of a specimen or sample holder. To 
validate this methodology, an implementation of a scan-
ning microwave microscope system was augmented with 
two optical microscopes. The entire probe-sample scene 
was reconstructed digitally and was used to measure the 
positions of the probe and the sample holder.

The results demonstrate that through the triangulation 
process, the measurements surpassed the resolution lim-
its of the optical microscopes. In this case, using cameras 
with a pixel size corresponding to 80µm at the sample, 
a spatial resolution of up to 10µm was obtained. These 
results are obtained in a subsecond timescale, allowing 

for their use in dynamic measurements. In this particular 
implementation, we did not use high-resolution camer-
as. By improving the resolution or magnification of this 
hardware, this methodology allows for micrometer-scale 
measurements of probe-sample distances approaching 
the diffraction limit.

In the implementation of computer vision, we in-
troduce a hybrid process addressing the challenges of 
camera calibration and minimal correspondences be-
tween images. This approach incorporates the use of 
augmented reality (AR) codes, specifically ARTags, and 
Kalman filters to ensure the continuity and robustness 
of the process.

The methodology stands out for its ability to estimate 
the distance between the probe and the sample, without 
requiring a very flat sample and without the need for di-
rect contact with the sample’s surface.

The precision achieved by the proposed system, 
while subject to variation depending on specific config-
urations, is suitable for a range of applications requiring 
micrometric accuracy. For applications where real-time 
adjustments and minimal error margins are essential, the 
system’s integration of visual feedback mechanisms and 
its ability to dynamically recalibrate based on known ref-
erence tags ensure that the measurements remain robust. 
While further validation may be needed for more special-
ized applications, the current results indicate that the 
system performs well in environments such as scanning 
probe microscopy, where precise positioning is crucial. 

One factor that influences the accuracy of the mea-
surements is the resolution of the cameras used in the 
system. Although the current setup, designed to test the 
measurement scheme, provides precision at the scale of 
tens of micrometers, increasing the camera resolution 
can improve the precision of the triangulated measure-
ments. The methodology is designed to be flexible and 
can accommodate variations in resolution through recal-
ibration procedures using known-dimensional references 
in the scene.

While this work focuses on the integration of com-
puter-vision techniques and stereoscopic vision for 
micrometric positioning, it is important to note that oth-
er methods, such as laser interferometry, could provide 
more precise means of measurement. These methods, 
however, often require more complex setups and can be 
limited in their flexibility when adapting to dynamic or 
variable environments, or surfaces with variable topog-
raphy and optical reflectivity. By contrast, the proposed 
system, with its reliance on widely available camera tech-
nology and visual tags, offers a competitive and accessible 
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alternative, particularly for applications that prioritize 
adaptability and lower cost over ultra-high precision.

Inherent in the algorithms is the generation of partial 
or complete reconstructions of micrometric three-dimen-
sional scenes. This allows for additional applications, 
including the facilitation of path planning for microscope 
data capture.
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