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Abstract

Ultra-precision estimation of 6DoF pose is essential in
applications such as semiconductor manufacturing and
nanoscale manipulation. Conventional vision-based tech-
niques are often hampered by sensitivity to defocus and
limited estimation accuracy. In this paper, we propose a
novel two-dimensional interpolated Discrete Fourier Trans-
form (2D-IpDFT) method for robust 6DoF pose estimation
using periodic patterns. We further develop a mathemati-
cal framework that links image parameters—phase and fre-
quency—to 6DoF pose, which is applicable to both ortho-
graphic and quasi-orthographic imaging systems. Exten-
sive experiments on a low-cost setup, featuring an industrial
camera and an etched checkerboard pattern, demonstrate
translation estimation accuracy at the nanometer level and
rotation estimation accuracy at the microradian level.

1. Introduction

Vision-based 6DoF pose estimation plays a pivotal role in
industrial automation and precision engineering, particu-
larly in applications demanding ultra-high precision such as
semiconductor manufacturing (e.g., wafer/mask alignment,
lithography stage control), microrobotics, and nanoscale
manipulation (e.g., integrating with AFMs/SEMs for sam-
ple positioning). These applications require cost-effective
solutions capable of achieving sub-micrometer or even
nanometer-level accuracy within compact workspaces, of-
ten utilizing periodic patterns such as 2D optical gratings.
Traditional non-contact measurement techniques, such as
laser interferometry or capacitive sensing, often face lim-
itations in multi-DoF capability, flexibility, cost, and de-
vice footprint. In contrast, vision-based methods, especially
those leveraging periodic patterns, offer attractive alterna-
tives that are multi-DoF, ultra-precise, low-cost, and com-
pact.
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Existing vision-based pose estimation methods can be
divided into spatial-domain and frequency-domain ap-
proaches. Spatial-domain methods include template match-
ing [11, 16, 25], feature matching [13, 17], and optical
flow analysis [9]. Among these, the Perspective-n-Point
(PnP) method [5, 10, 21], a feature matching technique,
is widely used for general pose estimation. However, PnP
can suffer significant performance degradation as a result
of image defocus. It is also incompatible with telecentric
or near-telecentric lenses often employed in high-precision
micro/nano-scale applications to minimize perspective dis-
tortion.

In contrast, frequency-domain methods [1, 2, 4, 6, 7, 18],
which typically use periodic patterns, are inherently suited
for higher precision in such small-scale, controlled environ-
ments. These methods rely heavily on the accuracy of fre-
quency and phase estimation from the captured pattern. A
critical challenge arises when the number of pattern periods
captured in the image is insufficient: the spectral lines of the
image become closely spaced, leading to spectral leakage
and significant bias in the estimated frequency and phase.
This bias can also change substantially with variations in
the pattern’s frequency and initial phase, making it difficult
to eliminate consistently. Consequently, existing frequency-
domain methods are often limited to applications where the
measurement range is short or the image contains many cy-
cles of the pattern, restricting their broader use.

To address these challenges, we propose a novel 2-D
IpDFT algorithm that significantly improves the accuracy
of frequency and phase estimation, particularly in scenar-
ios where the spectrum lines of the image are close to each
other. This algorithm considers both positive and nega-
tive frequency contributions to eliminate spectrum leakage
and uses windowing techniques to reduce bias. As a re-
sult, its robustness to frequency and phase changes is sig-
nificantly enhanced. Furthermore, we derive the mathe-
matical relationship between the frequency and phase of
the pattern image and the 6DoF pose of the pattern, ap-
plicable to both orthographic and quasi-orthographic pro-
jection systems common in micro/nano metrology. Simula-



tion, experimental validation, and comparisons with exist-
ing frequency-domain methods demonstrate the effective-
ness of our approach, achieving nanometer-level displace-
ment and microradian-level rotation estimation accuracy at
low cost with a standard checkerboard pattern. Our contri-
butions are summarized as follows:

* A new 2-D IpDFT algorithm that significantly enhances
6DoF pose estimation accuracy with a periodic pattern,
achieving estimation accuracy at the nanometer-level for
translation and microradian-level for rotation.

* A novel formulation that connects the frequency and
phase of a periodic pattern with its 6DoF pose, applicable
to all orthogonal and quasi-orthogonal camera systems.

2. Related Work

Vision-based precision measurement systems typically rely
on algorithms to analyze captured images and extract rel-
evant metrics to measure displacement and rotation. They
are broadly categorized into spatial- and frequency-domain
methods.

Spatial-Domain Methods. Template matching [11, 16,
25] and feature matching [13, 17] dominate spatial-domain
methods due to their simplicity. Techniques like SIFT [13]
and ORB [17] extract invariant descriptors for pose estima-
tion but struggle with the defocus problem. Active contour
models [22] and optical flow [9] methods can handle de-
formable objects but require high computational resources.
Recent advances in deep learning (DL) for pose estimation
[3, 8, 12, 14, 19, 23] show promise for general scenes and
non-periodic textures. However, they typically require ex-
tensive training data and specialized hardware and may not
be able to guarantee ultra-high precision needed for metro-
logical applications. In general, DL methods aim for broad
generalizability, whereas our work focuses on maximizing
precision in the specific context of periodic pattern-based
metrology.

Frequency-Domain Methods. These techniques ex-
ploit image frequency and phase information from periodic
patterns (e.g., sinusoidal gratings, grids [1, 2], or checker-
boards [18]) to estimate pose. Such patterns are widely
adopted in micro/nano-scale precision measurements due
to their well-defined spectral properties. While leveraging
these properties can yield high precision, a key challenge
is maintaining accuracy when only a few pattern periods
are visible in the image, leading to closely spaced spectral
lines. In such a case, significant bias in frequency and phase
estimation arises due to spectral leakage, primarily caused
by image boundary effects, negative frequency components,
and pattern harmonics (particularly with non-sinusoidal pat-
terns such as checkerboards). For small relative motions,
this bias may be approximately uniform and compensable.
However, in absolute positioning or large-scale displace-
ment measurement where frequency and phase vary signif-
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Figure 1. 6DoF pose estimation setup. (a) Overview of the setup,
(b) checkerboard pattern, and (c) grid pattern.

icantly, the bias becomes non-negligible and harder to cor-
rect. Consequently, existing frequency-domain algorithms
achieve optimal performance only under conditions of min-
imal frequency and phase variation, which either restricts
their practical operating range or necessitates a large num-
ber of pattern periods within the field of view. Our work ad-
dresses these limitations by introducing a more robust fre-
quency and phase estimation algorithm.

3. Camera and Pattern Models

A vision-based 6DoF pose estimation system is shown in
Fig. 1. A periodic pattern is mounted on a 6-axis nanopo-
sitioning stage, which is positioned beneath a fixed camera
equipped with a low-distortion industrial lens. As the stage
moves, the frequency and phase of the pattern in the cap-
tured images change accordingly. The estimation of 6DoF
poses from the images is based on mathematical models of
the camera and the pattern, as detailed in this section.

3.1. Camera Model

The standard pinhole camera model is used. Assuming the
pattern plane coincides with the .y, plane of the world
coordinate frame (z,, = 0), the projection model relating
world coordinates (., ¥.,) to image coordinates (xz;, y;) is

€T; f 0 0 L
slyi| =10 f O [rs 72 t] |yw (1)
1 0 0 1 1

where f is the focal length, s is a scale factor, 1,72 are
the first two columns of the rotation matrix R (parameter-
ized by angles a, 8,7), and t = [t,t,,t.]” is the transla-
tion vector. The full expansion of R and the initial pinhole
equation are standard and are provided in the Supplemen-
tary Material (Sec. A.1).



3.2. Pattern Model

Although sinusoidal patterns with no harmonics are ideal,
checkerboard or grid patterns (Fig. 1) are often preferred
because they are easier to fabricate. These patterns can
be mathematically represented as superpositions of 2D si-
nusoidal components using Fourier series. For instance, a
checkerboard pattern is composed of two orthogonal 2D si-
nusoids at the fundamental frequency and their correspond-
ing harmonics. Detailed Fourier expansions of the checker-
board and grid patterns are described in the Supplementary
Material (Sec. A.2). To make the derivation of equations
for pose estimation easier, we model the checkerboard pat-
tern as a 2D cosine pattern composed of two non-collinear
fundamental components:

)

where T’;, T, are the periods in the world frame.

9(Tw, Yuw) = cos (Qn% + 277%
z y (2)
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4. Pose Estimation Principle

This section outlines the principle for 6DoF pose estima-
tion. First, we establish the analytical relationship between
the pattern’s frequency-domain parameters (observed fre-
quency w and phase ¢ in the image) and its 6DoF pose. Sec-
ond, we describe our 2D-IpDFT algorithm for accurately
extracting these parameters from captured images.

4.1. Pose Estimation from Image Parameters

Under the quasi-orthographic projection assumption (where
object distance ¢, is much larger than the image dimensions,
as is typical in micro/nano metrology), the relationship be-
tween the world coordinates (., y,,) and scaled image co-
ordinates (z;/ f, y;/ f) can be expressed as follows (see Sec.
B.1 of the Supplementary Material for details of the deriva-
tion):

Ti _ Twlil + YuT12 +la
t
f' 2 3)
& o TyT21 + YwT22 + ty
f ts

where 7;5(j, k = 1,2) are elements of the rotation matrix
R. Substituting Eq. (3) into Eq. (2), we obtain g(x;, y;), the
pattern observed in the image frame, as the sum of two 2D
sinusoids with angular frequencies (wy, , Wy, ), (Way, —wWy,)

and phases (1, 2. That is
g (w4, ys) = 08 (We, Ti + Wy, Yi + ©1)
+ €08 (Wap Ti — Wy, Yi + P2)

“4)

The parameters wy, , Wy, , We,, Wy, , P1, P2 are functions of
the 6DoF pose parameters (c, 8,7, ty, by, t,) and the pat-
tern periods T’;, T’;. Their detailed expressions are provided
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in the Supplementary Material (Eqs. (S12a)-(S12f) in Sec.
B.2). From these relationships, the 6DoF pose can be deter-
mined. The in-plane rotation angle « is

&)

tana = (ng - o‘)wl)/(o‘)yl + wy2)

Let n = 4wt,/ f, which can be found by solving a quadratic
equation p1n* — pan? + 1 = 0 (see Sec. B.3 of the Supple-
mentary Material for expressions of the coefficients pi, p2).
Then the out-of-plane rotation angles 5 and -y can be deter-
mined by the following equations:

n
cos B = :
p Ty (Way + Way) cosa — T (wy, — wy, ) sina
o 7 COS
Sy =
Ty (wy, +wy,)

(6)
The sign ambiguities for /3, can be resolved as in [2]. The
translations t,,t,, 1, are

_ T (p1 + @2) cosarcos B+ T, (91 — 2) 1o

t =
’ 4m
Ty (p1 + p2)sinacos B+ Ty (o1 — p2) 159 )
ty=—
4
nf
t, =2
* T d4r
where 7, = cosasinfsiny — sinacosy and r}, =

sin acsin §'sin 7y + cos « cos 7.

The above principle can be extended to other periodic
patterns by extracting their fundamental frequency compo-
nents.

4.2. Image Parameter Estimation

To estimate the frequency (\, ) and phase () of the pat-
tern from a captured image of M x N pixels, we apply the
proposed 2D-IpDFT method. The sampled and windowed
image signal g(u, v) containing two principal components
can be expressed as

vorn)

where w(u,v) is a 2D maximum sidelobe decay window
function [15] (see details in Supplementary Material Sec.
C.1). The DFT of g(u,v), denoted G(k,1), is a superpo-
sition of the DFTs of the window function centered at the
component frequencies (see the full expression in Supple-
mentary Material Sec. C.2, Eq. S22). By evaluating G(k, ()
at DFT bins £ — 1, k, k+ 1 around a spectral peak (similarly
for 1), we formulate a system of linear equations Ad = b
(see details in Supplementary Material Sec. C.3). Requir-
ing det(A) = 0 for a non-trivial solution allows solving for,

A
g(u,v) =w(u,v) {cos (271\}1& rortly 4 o1
(®)

A
+ cos (27rj\;u — 277%11 + 2



e.g., )\%, as follows:

(2H-1)H (2H-1) G(k—1,1)—G(k,l)

—H?—k? 2k G(k,l)

(2H-1)H —(2H-1) G(k+1,1)—G(k,l)
(2H-1) G(k—1,1)—G(k,l)
—(2H-1) G(k+1,1)=G(k,l)

A\ =

)

where H is the window order. Parameters pi1, Ao, po are
found analogously. Phases (1, o are then obtained as

G (M1, 111) B G (A2, —p2)
W (0,0) }’Wangle{ W (0,0) }
(10)

Using DFT values around the spectral peaks with the high-
est amplitudes mitigates noise.

(1 =angle {

5. Performance Analysis

To evaluate the proposed pose estimation algorithm, we per-
formed a series of simulations. The proposed algorithm
was first evaluated against other algorithms in terms of
pose estimation accuracy under varying signal-to-noise ra-
tios (SNRs), pattern pitches, and degrees of defocus. Sub-
sequently, its computational efficiency was compared.

The algorithms selected for comparison include QSE
(a frequency and phase estimator) [20], linear regression
[2], zero-padding with quadrupled signal length, and zero-
padding with octupled signal length. For the proposed algo-
rithm, Hanning window was employed. The accuracy of the
estimation was evaluated using the root mean square error
(RMSE).

5.1. Influence of Signal-to-Noise Ratio

Simulations were conducted assuming the use of a camera
with a resolution of 640x480 pixels and a pixel size of 9.9
pm. The pattern pitch was set to 450 um and the focal
length of the lens f to 28 mm. SNR was varied from 10 to
50 dB in increments of 10 dB. The in-plane displacements
t, and t,, were randomly selected within one pitch. The out-
of-plane displacement ¢, was randomly chosen within the
range of 0.99f to 1.01f (approximately 560 pm variation)
to simulate a realistic depth of field. This range reflects typ-
ical optical hardware setups for high-precision applications
and is not a constraint. Our method works in a much wider
range of ¢,. The in-plane rotation angle o was randomly
selected from [0, 27], whereas the out-of-plane rotation an-
gles 8 and v were randomly chosen from [0, 7/8]. Under
these conditions, the captured images of the pattern contain
approximately ten periods.

A total of 1,000 independent simulations were con-
ducted. The RMSEs for ¢5,1y,t., ®, 3, and v are denoted
as ey, , ey, , €, , Ca, €4, and e, respectively. The results are
shown in Fig. 2. The proposed algorithm achieves pro-
gressively higher accuracy with increasing SNR, consis-
tently outperforming other methods at all SNR levels. We
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Figure 2. Estimation error versus SNR.

also observe from the results that the errors of QSE, linear
regression, and zero-padding methods are almost insensi-
tive to SNR variations. This is because the dominant error
source of these methods is spectral leakage, which is non-
negligible in this case.

5.2. Influence of Number of Pattern Periods

In this simulation, we evaluated the performance of the al-
gorithms as we varied the number of pattern periods in the
image, a parameter that directly affects spectral leakage. We
changed the number of periods along the y-axis from 6 to
30 in increments of 6, which corresponds to pattern pitches
from approximately 750 gm down to 150 pm. The number
of x-axis pattern periods scaled proportionally to the image
aspect ratio. The SNR was fixed at 40 dB and the remaining
parameters matching those in Sec. 5.1.

The resulting RMSE values are presented in Fig. 3. As
the number of pattern periods decreases (i.e., pattern pitch
increases), the accuracy of all methods degrades. This is
attributed to the reduced number of cycles within the analy-
sis window, leading to more closely spaced spectral lines
and consequently, increased spectral leakage. Across all
tested numbers of periods, the proposed 2D-IpDFT algo-
rithm consistently demonstrates superior performance com-
pared to the baseline methods, highlighting its robustness
even when fewer pattern periods are available.

5.3. Influence of Defocus Blur

To evaluate the impact of image defocus, varying levels
of Gaussian blur were added to the images by convolving
them with Gaussian kernels of increasing standard devia-
tion ¢ from 2 to 10 in steps of 1 [24]. SNR was fixed at
40 dB and all other parameters were identical to those in
Sec. 5.1. Figure 4 illustrates the estimation errors as func-
tions of the Gaussian blur level. Again, the proposed algo-
rithm shows the best performance. The estimation errors of
the proposed algorithm increase with o because image blur
reduces image contrast or the amplitude of the fundamental
frequency component. For all other algorithms, the primary
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Figure 4. Estimation error versus level of blur.

Table 1. Average computational times. (Unit: ms)

Algorithm 640 x 480 1600 x 1200
Proposed (Hann.) 124 71.5
QSE 296 1546
Linear regression 89.5 502
Zero-padding (4 %) 90.6 534
Zero-padding (8 ) 332 2059

error source is still spectral leakage, rendering their perfor-
mance less sensitive to image blur.

5.4. Computational Efficiency

To evaluate computational efficiency, we compared the pro-
cessing times of the proposed algorithm and benchmark
methods. All algorithms were implemented in MATLAB
R2023a and executed on a desktop computer with a 4.5 GHz
CPU and 32 GB RAM. Average computational times for
image resolutions of 640 x 480 and 1600 x 1200 are sum-
marized in Tab. 1. The proposed algorithm demonstrates
significantly lower computational times compared to QSE,
linear regression, and zero-padding methods for both image
resolutions, indicating its superior computational efficiency.
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6. Experiment

To evaluate the effectiveness of the proposed pose estima-
tion method in real-world scenarios, a series of experiments
were carried out using the experimental setup shown in
Fig. 5, which includes a black-and-white industrial camera
(Balluff mvBlueCOUGAR-X120bG/C) and a checkerboard
pattern affixed to a 6-axis nanopositioning stage (Physik In-
strumente P-562.6CD). The camera has a pixel resolution
of 640 x 480, a pixel size of 9.9 um, and a low-distortion
lens (Opto Engineering MC100X). The checkerboard pat-
tern has a pitch of 150, 450, or 750 um. The stage has a
linear displacement resolution of 1 nm and an angular reso-
lution of 0.1 prad. The motions provided by the stage were
considered the ground truth in the experiments. The perfor-
mance of the proposed and benchmark methods was evalu-
ated under various motion trajectories, exposure times, pat-
tern pitches, and defocus blur levels.

6.1. Trajectory Tracking Performance

This subsection evaluates the trajectory tracking perfor-
mance of the proposed algorithm by analyzing the RMSE of
the estimated pose across multiple motion profiles. Using a
450 pm-pitch pattern and 30 ms exposure time, we first as-
sessed single-axis motion estimation accuracy for each de-
gree of freedom. The stage was displaced by 100 ym along
each translational axis and rotated by 300 urad around each
rotational axis over 200 steps.

Figure 6 shows the estimation results for single-axis mo-
tions using the proposed algorithm with a Hanning window.
All results align well with the ground truth, especially for
in-plane translations and rotations. Table 2 presents the es-
timation errors of all algorithms. It is evident that our pro-
posed algorithm achieves significantly higher accuracy than
other algorithms.

For 2D trajectory tracking, we generated an “ICCV” path
with a length of 100 pm. Figure 7 shows the estimated tra-
jectories obtained using the proposed algorithm. The cor-
responding RMSE values were 5 nm and 7 nm for ¢,, and
t, respectively. These values are significantly smaller than
those of other algorithms, as can be seen in Tab. 3.

Finally, we generated a helical trajectory to evaluate the
3D trajectory tracking performance. Figure 8 displays the
estimated helical trajectory using the proposed algorithm,

Table 2. Comparison of RMSE values for single-axis motion esti-
mation. (Units: nm for translation and prad for rotation)

Algorithm te  ty t. R, R, R,
Proposed (Hann.) 21 27 244 8 15 15
QSE 236 409 2101 86 528 1716

Linear regression 493 680 30906 497 3130 1167
Zero-padding (4x) 152 430 29011
Zero-padding (8 x) 484 494 49369




Figure 5. Schematic of the experimental setup.
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Figure 6. Results of single-axis motion estimation using the pro-
posed algorithm.

which shows close alignment with the ground truth. The
RMSE values for all algorithms are detailed in Tab. 4. The
proposed algorithm again outperforms all other algorithms
by a significant margin.

6.2. Influence of Exposure Time

To assess the impact of exposure time on estimation ac-
curacy, experiments were conducted using three different
exposure times: 10, 20, and 30 ms. A circular trajectory
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Figure 7. Result of “ICCV” trajectory estimation using the pro-
posed algorithm.
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Figure 8. Result of helical trajectory estimation using the proposed
algorithm.

Table 3. Comparison of RMSE values for “ICCV” trajectory esti-
mation. (Unit: nm)

Algorithm te ty
Proposed (Hann.) 5 7
QSE 201 465
Linear regression 354 577
Zero-padding (4x) 168 538
Zero-padding (8x) 132 430

with a diameter of 100 ym was used. Table 5 summarizes
the errors of trajectory estimation. The proposed algorithm
achieves the highest accuracy for all exposure times and
shows a slight but continuous improvement as the exposure
time increases. For all other methods, the errors increase
slightly as the exposure time increases.



Table 4. Comparison of RMSE values for helical trajectory esti-
mation. (Unit: nm)

Algorithm te ty t,
Proposed (Hann.) 34 37 1664
QSE 337 950 16037
Linear regression 539 898 13634
Zero-padding (4x) 293 1150 28948
Zero-padding (8 x) 719 1092 41662

Table 5. Comparison of RMSE values for circular trajectory esti-
mation under varying exposure times. (Unit: nm)

Algorithm I0ms 20ms  30ms
Proposed (Hann.) 38 37 35
QSE 182 184 185
Linear regression 582 585 587
Zero-padding (4 x) 461 466 468
Zero-padding (8x) 273 276 278

Table 6. Comparison of RMSE values for circular trajectory esti-
mation under varying number of pattern periods.

Algorithm 32 10.7 6.4
Proposed (Hann.) 8 37 57
QSE 16 583 467

Linear regression 17 758 20895
Zero-padding (4 x) 84 531 859
Zero-padding (8x) 76 754 618

Table 7. Comparison of RMSE values for circular trajectory esti-
mation under varying levels of defocus blur. (Unit: nm)

Algorithm Light blur ~ Heavy blur
Proposed (Hann.) 197 348
QSE 437 1051
Linear regression 342 5668
Zero-padding (4 %) 653 1037
Zero-padding (8 %) 366 1037

6.3. Influence of Number of Pattern Periods

To experimentally evaluate the influence of the number of
pattern periods on performance, we used checkerboard pat-
terns with pitches of 150, 450, and 750 pm. Given our
camera’s field of view, these pitches correspond to approxi-
mately 32, 10.7, and 6.4 periods along the y-axis, respec-
tively. The exposure time was fixed at 30 ms. Table 6
presents the RMSE values for estimating the same circu-
lar trajectory described in Sec. 6.2, with varying numbers
of pattern periods in the image. Consistent with simulation
results, all methods exhibit improved accuracy as the num-
ber of pattern periods increases. The proposed algorithm
achieves significantly lower errors than the benchmark al-
gorithms.
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Figure 9. Errors of in-plane trajectory estimation using the pro-
posed method at different defocus distances.
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Figure 10. Checkerboard pattern images captured at different de-
focus distances.

6.4. Influence of Defocus Blur

The impact of defocus blur was investigated by position-
ing the checkerboard pattern outside the camera’s depth of
field. The experiments used a 30 ms exposure time and a
450 pm pattern pitch, with the same circular trajectory as in
Sec. 6.2. As shown in Tab. 7, estimation accuracy decreases
with increasing defocus blur, consistent with simulation re-
sults. This degradation stems from reduced image contrast
due to defocus blur, which lowers the SNR. Compared to all
benchmark algorithms, the proposed method maintains the
highest accuracy under both light and heavy blur conditions.

6.5. Operational Range of Defocus

To determine the operational range of defocus for our pro-
posed method, we translated the checkerboard pattern (150
pm pitch) axially in 0.1 mm increments from the in-focus
position to +1.5 mm, which is significantly beyond the cam-
era’s depth of field. At each of the 31 axial positions, the
pattern was moved along the same circular trajectory as in
Sec. 6.2 and the RMSE of in-plane tracking e;,, was evalu-
ated. The camera exposure time was set to 30 ms

Figure 9 plots e;,, versus defocus distance, while Fig-
ure 10 shows example images at selected defocus distances,
illustrating different levels of blur. As expected, accuracy
degrades with defocus due to decreased contrast and pattern
blurring, which reduces the SNR of fundamental frequency
components. However, our method still maintains reason-
ably good accuracy, with e;,, below 500 nm in the full de-
focus range of 1.5 mm and around 10 nm within +0.4 mm.
These results demonstrate our method’s robustness to axial
displacements, validating utility in applications where focal
control is challenging.

6.6. Vision-Based Position Control

An additional experiment was conducted to demonstrate
vision-based closed-loop feedback control of motion. The
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Figure 11. Result of vision-based feedback control for tracking a
3D “ICCV” trajectory.
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Figure 12. Step response of the vision-based feedback control sys-
tem.

goal was to utilize the high-accuracy pose estimated by our
algorithm to guide the nanopositioning stage to follow a
predefined trajectory.

The stage operated in open-loop mode for all axes, while
our algorithm provided real-time checkerboard pose feed-
back. A proportional (P) controller then generated correc-
tive commands at 60 Hz to minimize pose error.

First, we evaluated tracking of a scaled/rotated 3D
“ICCV” trajectory (see Sec. 6.1). Figure 11 compares the
target trajectory (black line) and achieved positions (red
squares). The RMSE values for this trajectory tracking are
6.0 nm (), 8.9 nm (¢,), and 108.6 nm (¢.). Next, we char-
acterized the dynamic response via a 10 um step input (Fig-
ure 12). The system converged with an approximate over-
shoot of 11% and a settling time of 0.25 s.

These results validate our proposed method as both a
high-accuracy pose estimator and a robust feedback source
for closed-loop pose control and demonstrate its potential
for real-time applications such as robotic microassembly
and optical alignment.

7. Conclusion

This paper presented a novel 2D-IpDFT algorithm designed
to address key challenges in vision-based 6DoF pose esti-
mation. By incorporating advanced windowing techniques
and negative frequency compensation strategies, the pro-
posed method effectively mitigates spectral leakage and
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minimizes estimation bias. As a result, it demonstrates ro-
bust performance across a wide range of conditions, includ-
ing variations in SNR, pattern periods, and defocus blur,
consistently outperforming existing approaches. This pa-
per also introduced a mathematical framework that estab-
lishes a direct mapping between the image spectral param-
eters and the 6DoF pose, applicable to both orthogonal and
quasi-orthogonal imaging configurations. Extensive simu-
lation and experimental results demonstrate pose estimation
accuracy at the nanometer level in translations and microra-
dian level in rotations. This work provides a novel solution
for ultra-precision 6DoF pose estimation, with significant
potential applications in precision engineering, nanoscale
robotics, and advanced manufacturing.
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