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Fig. 9. RMS value of error at each iteration when the anticausal filtering approach (a) to (d) and ZMETC technique (e) to (h) have been employed
to determine the learning filter L at (a) and (e) 5 fps, (b) and (f) 10 fps, (c) and (g) 15 fps, (d) and (h) 20 fps.

TABLE II
RMS VALUE OF TRACKING ERROR INCLUDING THE

TRANSIENTS AT ALL FRAME RATES

and tracking error decreases monotonically through iterations424

with both inversion techniques. At low frame rates, the algorithm425

converges in less than three iterations, while it takes five to seven426

iterations for the tracking error to approach the asymptotic value427

at higher frame rates. It is clear that the learning rate is faster428

at 5 fps and 10 fps since α = 1. Fig. 9(a)–(d) describes a fast429

convergence rate with the anticausal filtering approach, whereas430

it takes slightly longer for the algorithm to converge using431

the ZMETC technique, particularly at higher frame rates; see432

Fig. 9(e)–(h). It appears that the accuracy of ZMETC degrades433

at 20 fps as the higher harmonics of the reference frequency lie434

beyond the bandwidth of the plant resulting in an approximation435

error. Since single-fame scanning is also performed here, we436

consider both the transient and steady-state errors in calculation437

of the RMS values. From experimental results, we observe that438

the combination of ILC with IMBC properly minimizes the439

transient and steady-state error at convergence.440

Table II presents the RMS value of tracking error with the441

proposed control scheme. We achieve 90% improvement with442

ILC using the anticausal filtering approach. Moreover, the RMS443

value of tracking error decreases to less than 0.1% of the scan di-444

ameter. Considering the fact that IMBC restricts the sensor noise445

and bounds the tracking error at the first iteration, integrating the446

ILC with the IMBC enhances the tracking performance.447

To evaluate the efficacy of the proposed control scheme in re-448

jecting the repetitive disturbances, we obtain FFT of the tracking449

error. Fig. 10 shows FFT of tracking error with anticausal filter-450

ing and ZMETC approaches at all frame rates. The closeup views451

reveal that the ILC precisely removes the higher harmonics not 452

compensated by the IMBC alone. Both inversion techniques 453

yield a good tracking performance, however, assuming identical 454

gains, the anticausal filtering approach outperforms ZMETC 455

at high frame rates; see Fig. 10(h). We observe that at 20 fps 456

fundamental harmonic at f1 has been removed satisfactorily, 457

however, the second harmonic at 7560 Hz is still dominant in 458

the error. 459

Fig. 11 depicts the time-domain results for single-frame track- 460

ing of the rosette pattern. Because of its effectiveness, here we 461

report the time-domain results with the anticausal filtering only. 462

Note that the padded zeros are truncated from the results. The 463

integration of ILC with IMBC leads to a visible improvement in 464

tracking. We also observe that IMBC leaves a steady-state error 465

in the y-axis when the ILC is off. Although the nanopositioner 466

dynamics are very similar in x and y axes, the y-axis closed-loop 467

system with IMBC cannot follow the low-frequency reference 468

signal in one scan period. Augmenting the tracking controller 469

with integral action may address the issue, but the ILC eliminates 470

the y-axis steady-state error successfully. 471

As illustrated in the close-up views of Fig. 11, a large peak 472

appears at the beginning and end of y-axis tracking error during 473

single-frame scans. This is due to the nonzero steady-state 474

tracking error and the backward–forward technique used to 475

implement the learning and robustness filters. To prevent the 476

peak of error from affecting single-frame scans, we provide a 477

priori learning using the pattern’s periodicity. We extend the 478

length of the reference signals by replacing T with T + 2ε in 479

(21). Here, ε is selected as 1/f1 to cover the transient duration. 480

In this case, the scan time for single-frame scanning increases 481

by less than 2%. In sequential scanning, consecutive frames 482

are not affected by the error peak meaning that the scan time 483

of successive frames remains unchanged. Therefore, the overall 484

scan time will be Tf = NfT + 2Δ+ 2ε, where Nf is the total 485

number of frames. 486

Steady-state tracking errors in Table III allows us to compare 487

the performance of proposed control structure with the IMBC 488

during sequential rosette scan assuming that the transient re- 489

sponse is disappeared. Combined ILC/IMBC reduces the peak 490

to peak value of steady-state error by 50% and keeping it below 491
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Fig. 10. FFT of tracking error with IMBC and the combination of ILC and IMBC when the anticausal filtering approach (a) to (d) and ZMETC
technique (e) to (h) are employed to determine the learning filter (L) at 5 fps, 10 fps, 15 fps, and 20 fps.

Fig. 11. Time-domain tracking results of single-frame scan at (a) 5 fps, (b) 10 fps, (c) 15 fps, and (d) 20 fps when the anticausal filtering approach
is employed to determine the learning filter.
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Fig. 12. Reference and actual rosette trajectory at (a) 5 fps, (b) 10 fps, (c) 15 fps, and (d) 20 fps.

TABLE III
RMS VALUE OF STEADY-STATE TRACKING ERROR AT ALL FRAME RATES

20 nm. In addition, this method improves the x- and y-axis492

tracking errors by more than 27% and 79%, respectively.493

As discussed in Section III-C, RMS value of tracking er-494

ror at convergence is bounded by iteration varying noise and495

disturbances. According to (13), e∞ ≤ 2|S||δ| if Q = 1, and496

L = (SGd)
−1. Therefore, asymptotic error relies on the sensor497

output noise fed back to the system. Since IMBC attenuates the498

high-frequency projected noise, the upper bound on the ultimate499

error determines the resolution of the displacement sensors. To500

obtain sensor resolution in open loop and under damping, we501

recorded sensor output noise for 60 s at a sampling frequency of502

62.5 kHz with an antialiasing filter (Stanford Research SR650503

low-noise filter) with a cut-off frequency of 15 kHz being used504

in the path. To reject noise and electrical disturbances, the505

experiment was performed in a closed metal box. Open-loop506

RMS value of noise is 2 nm, with the actuators electrically507

grounded, and it is about 3 nm with the damping loop being508

active. Asymptotic error obtained with the anticausal filtering509

approach is bounded by about 4 nm, which is close to the sensor510

noise floor.511

The rosette trajectory and the actual displacement of the stage512

tracing the rosette pattern are depicted in Fig. 12. Close-up views513

validate the tracking performance at all frame rates when the ILC514

is integrated with the internal-model-based controller.515

V. AFM IMAGING516

To implement rosette scanning with the proposed control517

scheme, we used an AFMWorkshop TT-AFM. We mounted518

an MEMS nanopositioner on the AFM 3-DOF positioning519

mechanism. The MEMS device serves as the scanner in the520

Fig. 13. 3-D AFM images acquired with rosette-scan at (a) 5 fps, (b)
10 fps, (c) 15 fps, and (d) 20 fps on a window size with a diameter of
6µm.

experiments reported here. As indicated in the inset of Fig. 7, 521

the periodic gold features fabricated on the scan table of the 522

MEMS nanopositioner were used as the sample. Dimensions of 523

the gratings is 4 × 4 × 0.5μm3 with a pitch of 3μm [5]. Due to 524

the low z-axis bandwidth of the commercial AFM’s positioner, 525

we performed the experiments in constant-height contact mode. 526

We used a contact-mode cantilever with a resonance frequency 527

of about 27.8 kHz and stiffness of 0.25 N/m. When the cantilever 528

was landed on the MEMS scan table, we closed the control loop 529

and activated the iterative learning algorithm. X and Y sensor 530

outputs and cantilever deflection were recorded simultaneously 531

to construct 3-D AFM images. Fig. 13 depicts a single-frame of 532

rosette scan at frame rates ranging from 5 to 20 fps, indicating 533

that AFM images have precisely captured the structure of a gold 534

feature. 535

We also performed sequential scanning at video rate. To 536

imitate a dynamic process, the AFM positioner was made to 537

raster at 0.2 Hz over a window size of 6 × 6μm2 while the 538

MEMS nanopositioner was following the rosette pattern at 20 fps 539

in a scan area with a diameter of 6μm. Fig. 14 illustrates a series 540

of AFM time-lapsed images that capture the gold feature moving 541

slowly under the cantilever. 542
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Fig. 14. Series of rosette-scan frames at 20 fps captured in constant-
height contact mode on a window size with a diameter of 6µm.

VI. CONCLUSION543

We demonstrate video-rate rosette scanning by combining544

an internal-model-based controller with an iterative learning545

controller. The feedback controller contains an internal model546

of the reference signals and limits the closed-loop bandwidth547

to bound the tracking error when the ILC is OFF. The ILC is548

used to mitigate induced disturbances originating from inherent549

system nonlinearities. The model-based ILC is designed using550

well-established inversion techniques. The experimental results551

validate the efficacy of the control scheme in reducing transient552

and steady-state tracking errors at several frame rates. We show553

that this control scheme is suitable for both sequential and554

single-frame scanning. We acquire successive AFM images of555

slowly moving gold features at 20 fps in constant-height contact556

mode. In future works, we will implement the scanning experi-557

ment in constant-force contact mode and tapping mode using a558

high-bandwidth z-axis positioner.559

APPENDIX560

According to (11), the tracking error in the (k + 1)th iteration561

can be described as562

ek+1 = Q(1 − αLSGd)ek + S(1 −Q)(yd − dp)

+ SQnk − Snk+1. (22)

Proceeding through iterations, we can derive the relationship563

between ek+1 and e1 as564

ek+1 = ρke1 +

k−1∑
i=0

S(1 −Q)(yd − dp)ρ
i

+

k−1∑
i=0

SQρink−i −
k−1∑
i=0

Sρink+1−i

(23)

where ρ = Q(1 − αLSGd). By changing the index variable, 565

the last two terms can be combined into one, hence, (23) can be 566

simplified to 567

ek+1 = ρke1 + S(1 −Q)(yd − dp)
k−1∑
i=0

ρi

+ SQLSGd

k−1∑
i=0

ρink−i − Snk+1 + ρkn1.

(24)

Assuming |nk| ≤ δ, the upper bound on ek+1 is obtained as 568

|ek+1| ≤ |ρ|k|e1|+ |S(1 −Q)||yd − dp|
k−1∑
i=0

|ρ|i

+ |SQLSGd|
k−1∑
i=0

|ρ|i|δ| − |S||δ|+ |ρ|k|δ|.
(25)

Since the feedback controller is designed to keep the tracking 569

error small at the first iteration, |e1| is bounded. As a result, (25) 570

implies that the asymptotic error is bounded when k → ∞ if 571

|ρ| < 1. 572
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