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Abstract
Magnetic resonance imaging (MRI) produces high acoustic noise levels that can reduce patient comfort,
make the scanning experience intimidating, raise hearing safety concerns, and interfere with auditory
functional MRI experiments. Predictive noise cancellation (PNC) aims to reduce this noise by estimating
the MRI gradient-to-acoustic transfer function and generating sequence-specific anti-noise. This thesis
redeveloped an existing LabVIEW/MATLAB-based PNC pipeline into a Python-based framework and
evaluated redesigned calibration strategies for phantom-based MRI acoustic noise reduction.

The Python framework rebuilt the main PNC workflow interface, digital signal processing, calibra-
tion, regular sequence processing, audio recording, and arbitrary function generator control. Valida-
tion against the original implementation showed that the rebuilt system preserved the main DSP and
workflow behavior, with full-workflow errors below 5% for the evaluated blocks except for one flagged
regular sequence alignment case. The Python implementation also reduced computation time by ap-
proximately 73% and improved workflow usability and stability.

Calibration redesign was evaluated using chirp-based gradients, transfer function stability metrics,
live calibration-stage reduction, and phantom measurements using fast field echo (FFE) and echo pla-
nar imaging (EPI) sequences. Compared with the original sl014 calibration, the chirp-based gradients
provided stronger excitation and generally improved transfer function stability and live reduction. Chirp
1 and chirp 4 were the most reliable broadband calibration candidates across calibration and FFE
measurements. For EPI-focused testing, combined chirp+EPI-Y transfer functions improved EPI-band
cancellation relative to chirp-only calibration and reduced residual amplitudes near the dominant EPI
component.

The achieved cancellation remained limited by channel imbalance, frequency-dependent reduction,
low-frequency playback constraints, and acoustic behavior that was not fully described by a fixed linear
time-invariant model, especially for the more complex EPI sequence. In vivo evaluation was also not
performed, so the results remain limited to phantom-based testing. Overall, this thesis validated a
faster and more usable Python-based PNC framework and showed that redesigned broadband and
EPI-targeted calibrations can improve sequence-specific MRI acoustic noise reduction.
Keywords: MRI acoustic noise reduction, predictive noise cancellation, acoustic transfer function,
calibration gradient design, pipeline redevelopment, phantom validation, fast field echo, echo planar
imaging
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1
Introduction

Magnetic resonance imaging (MRI) is a widely used diagnostic imaging modality in modern healthcare.
Unlike several other medical imaging techniques, MRI does not use ionizing radiation and is generally
considered safer. However, despite this safety advantage, MRI examinations are always accompanied
by high levels of acoustic noise, which arise from Lorentz-force-induced vibrations caused by rapid
gradient switching. Standard clinical MRI sequences typically produce sound pressure levels (SPLs)
in the range of 80–115 dBA [6, 20], while more intense sequences such as echo planar imaging (EPI)
can reach 120–130 dB [27, 28]. These high acoustic noise levels can directly contribute to patient
discomfort, increase anxiety, and reduce examination tolerability. As a result, some patients report
a poorer overall scanning experience than with imaging modalities that pose greater physical risks,
such as computed tomography or X-ray [9]. Adding to this concern, these SPLs already exceed public
health recommendations [35] and may increase the risk of temporary or permanent hearing threshold
shifts [5, 19, 30, 36]. According to the International Electrotechnical Commission, reducing sound level
exposure at the eardrum to below 85 dBA is essential. The recommended way to achieve that standard
is by utilizing hearing protection when the equipment is capable of producing sound levels above 99
dBA [35]. These considerations show that acoustic noise should not be taken lightly in MRI.

Many strategies have been explored to reduce MRI scanner noise. Each approach offers different
advantages and limitations in terms of effectiveness, feasibility, cost, and compatibility with existing
scanner hardware. One emerging method is predictive noise cancellation (PNC), which was recently
developed within the Mars Lab at TU Delft as an alternative noise control approach. It exploits the
deterministic relationship between MRI gradient waveforms and the resulting acoustic noise [39]. This
feature distinguishes PNC from conventional real-time active noise cancellation (ANC), as it can avoid
some latency-related limitations and be implemented without modifying scanner hardware.

MRI acoustic noise is particularly relevant in auditory functional MRI (fMRI), where the most com-
monly used sequence for fMRI is EPI. In auditory fMRI, scanner noise directly competes with the pre-
sented auditory stimuli, raising the acoustic baseline and potentially confounding interpretation of blood
oxygenation level-dependent (BOLD) responses in auditory cortex (AC). Consequently, auditory fMRI
studies often require specific design strategies to reduce or avoid scanner noise interference [8].

PNC has shown promising acoustic noise reduction in prior work. This has been demonstrated
in phantom experiments, where preliminary evaluations reported acoustic noise reduction of up to 13
dB [39]. However, the original implementation relied on a multi-platform LabVIEW/MATLAB workflow,
which limited flexibility, observability, and practical usability during experiments. In addition, the orig-
inal calibration strategy had not been systematically optimized for different sequence types, and the
performance of PNC for more complex sequences remained limited. These limitations motivated the
redevelopment of the PNC system into a Python-based framework and the evaluation of optimized
calibration strategies in phantom-based MRI measurements.

1.1. Background and Scientific Context
This section provides the background for the present study. It first reviews established approaches for
reducing acoustic noise in MRI, followed by the modeling framework used for MRI noise prediction,

1



1.1. Background and Scientific Context 2

and the current state of PNC. It then introduces the relevance of PNC and more complex sequences,
such as EPI.

1.1.1. Noise Cancellation in MRI
The acoustic noise generated during MRI examinations primarily originates from the gradient system.
Rapidly alternating electrical currents within the gradient coils interact with the scanner’s strong mag-
netic field, producing Lorentz forces that excite mechanical vibrations in the gradient coils and sur-
rounding structures. These vibrations are then radiated into the bore as sound, which is known as
MRI acoustic noise. The specific characteristics of this sound depend strongly on the selected MRI
sequence protocol, since changes in gradient input directly alter the resulting acoustic profile. Differ-
ent combinations of parameters, such as slice thickness, field of view (FOV), repetition time (TR), and
echo time (TE), can therefore produce different acoustic noise characteristics [26]. As described previ-
ously, MRI-generated acoustic noise may reach levels as high as 130 dB, placing it in a very high-noise
range, especially during extended examinations [27, 28]. Therefore, minimizing MRI acoustic noise is
important for ensuring patient safety and making the imaging experience tolerable.

In the literature, MRI noise reduction approaches can broadly be grouped into passive attenuation,
hardware- and sequence-based reduction at the source, and ANC. These methods differ in where they
act, how easily they can be implemented, and what compromises they introduce. Passive protection is
simple and widely used, while hardware and sequence modifications are more complex as they aim to
reduce sound generation at the source. ANC, in contrast, attempts to suppress the acoustic field near
the listener’s ears by generating anti-noise in real time.

Table 1.1: Representative MRI acoustic noise reduction approaches and reported reductions from the literature

Category Reported reduction Main trade-off & limitation
Passive attenuation [10,
31]

Earmuffs: ∼30–37 dB; earplugs: ∼25–
28 dB; combined: ∼39–41 dB; hel-
met+earmuffs+earplugs: ∼55–63 dB
(dominant 1–1.4 kHz band)

Residual sound remains due to bone
and tissue conduction; bulky head en-
closure required for highest attenuation,
which is harder for smaller head coils in
ultra-high field MRI

Hardware & sequence
modification [18, 25, 34]

Quiet-sequence example: 27 dBA peak
reduction for quiet MPRAGE; active
vibration-control example: ∼3–8 dB vi-
bration reduction for a representative
EPI sequence

May require specialized hardware,
structural modification, altered se-
quence timing or contrast, and substan-
tial system integration

Conventional ANC [23,
27]

∼10–35 dB broadband/frequency-band
reductions, with peak reductions up to
∼55–60 dB at dominant components

Frequency dependent; constrained by
MRI compatibility, bandwidth, latency,
and transducer placement

PNC [39] Mean reduction ∼9–10 dB; up to ∼13
dB; strongest suppression around 0.6–
1.2 kHz

Requires calibration, synchronization,
and accurate acoustic modeling; setup-
and position-dependent

As summarized in Table 1.1, existing approaches require clear trade-offs between acoustic per-
formance and implementation complexity. While passive attenuation is straightforward to implement,
bone conduction pathways limit its total effectiveness [31]. Source-based modifications reduce overall
sound generation but often alter scanning conditions, while conventional ANC remains constrained by
real-time latency and strict MRI compatibility requirements.

Furthermore, conventional electromagnetic audio devices are fundamentally unsuitable for the scan-
ner environment. This limitation necessitates specialized, MR-compatible pneumatic, piezoelectric, or
optical transmission systems [23, 24, 39]. These combined physical and algorithmic limitations have
motivated interest in predictive approaches, such as PNC, which are discussed in the following sub-
sections.

1.1.2. LTI Model for MRI Noise Prediction
Scanner acoustics can be modeled as a linear time-invariant (LTI) system under calibrated conditions
[15, 28, 32, 39, 41]. In this framework, the acoustic response measured at a fixed location is charac-
terized as the output of a transfer function (TF) driven by gradient inputs. Standard implementations
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utilize axis-specific TFs, assuming that each physical gradient axis contributes independently to the
total acoustic field. This approximation directly maps the deterministic, pre-calculated gradient wave-
forms to their resulting acoustic output, which makes the noise predictable without requiring real-time
anti-noise generation.

For multi-axis prediction, the total acoustic pressure spectrum is expressed as the linear superpo-
sition of the contributions from the three physical gradient axes,

𝑃(𝑓) = 𝐺𝑥(𝑓)𝐻𝑥(𝑓) + 𝐺𝑦(𝑓)𝐻𝑦(𝑓) + 𝐺𝑧(𝑓)𝐻𝑧(𝑓), (1.1)

where 𝑃(𝑓) is the predicted pressure spectrum at the target location, 𝐻𝑖(𝑓) represents the acoustic
TF for axis 𝑖, and 𝐺𝑖(𝑓) denotes the spectrum of the input gradient waveform [17]. For single-axis
calibration, the TFs are typically derived using the direct frequency-domain ratio,

𝐻𝑖(𝑓) =
𝑃𝑖(𝑓)
𝐺𝑖(𝑓)

, (1.2)

where 𝑃𝑖(𝑓) is measured acoustically while driving axis 𝑖 with a known calibration sequence.
In practice, accurate multi-axis prediction requires that the LTI model account for the exact physical

gradient axes (𝑥, 𝑦, and 𝑧). The linear superposition assumption holds robustly only when the relative
timing, phase relationships, and cross-axis coupling effects are accurately synchronized and calibrated
[15, 28, 32, 39, 41]. This LTI framework serves as the algorithmic foundation for the PNC system.

1.1.3. State-of-the-Art in Predictive Noise Cancellation for MRI
The existing PNC implementation provides the technical foundation for the present thesis. It predicts
scanner sound in advance from a pre-calibrated acoustic model and plays the corresponding anti-noise
in synchrony with the sequence using MRI transistor-transistor logic (TTL) triggering [39].

The existing PNC system was demonstrated on a Philips Ingenia 3T scanner at Holland Proton
Therapy Center, Delft, The Netherlands, using a pneumatic headphone-imitating playback chain. In
this setup, anti-noise was produced by a speaker outside the scanner room and transmitted into the
bore through a hose-and-funnel arrangement, while an arbitrary function generator (AFG) was used
to output synchronized anti-noise. Noise prediction was based on the LTI framework described in the
previous section, where known gradient derivatives are used to estimate the scanner noise response.
In simplified form, the residual sound pressure can be written as

𝑝res(𝑡) = 𝑝noise(𝑡) + 𝑝anti(𝑡), (1.3)

so effective cancellation requires the anti-noise to match the scanner noise in amplitude while re-
maining phase-opposed and time-aligned [39].

Calibration was performed using short triangular gradient pulses for 60 seconds to derive TFs of
the individual gradient axes. The same calibration stage also estimated the correction terms needed
for synchronized anti-noise playback.

The overall working principle of the reported PNC system is illustrated in Figure 1.1. In this frame-
work, an implemented MRI TTL trigger is used to trigger anti-noise playback from AFG, while previously
derived TFs are used to predict the acoustic response from the MRI gradient activity. The generated
anti-noise is sent from the control computer to the AFG and playback chain, and the resulting sound
is delivered through the speaker box system. At the same time, the acoustic response is recorded for
calibration and evaluation. This arrangement allows the system to anticipate MRI acoustic noise and
generate anti-noise in synchrony with the scanner. The main components of the reported PNC system
and their practical limitations are summarized in Table 1.2.

The reported PNC system achieved moderate but consistent in-bore attenuation across ten clini-
cal MRI sequences. Mean noise reduction was reported as 9.21±1.23 dB over the 0.3–4 kHz range
and 9.97±1.48 dB over the 0.5–2 kHz range, while individual sequence experiments reached reduc-
tions of up to 12.65 dB and 13.55 dB, respectively. The strongest suppression was observed in peak
SPL regions around 600–1170 Hz, where SPL peaks were reduced by approximately 55.91–96.76%.
Noise reduction was most effective in the mid-frequency range, where MRI acoustic noise is often the
strongest. Although this attenuation remains below the strongest ANC or quiet-sequence results in
raw magnitude, it is still likely to be meaningful for perceptual benefit, especially when combined with
passive hearing protection [39].
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Figure 1.1: PNC setup [39].

Table 1.2: Main components of the reported PNC system and their practical role in live MRI noise cancellation [39].

Component / step Role in the system Main practical limitation
Clock drift correction Prevents cumulative dephasing be-

tween recorder and scanner clocks
Requires stable calibration and accu-
rate drift estimation

Equalization (EQ) Compensates for playback-chain distor-
tion caused by speaker and pneumatic
transmission path

Limited by deep transmission nulls and
imperfect channel inversion

LTI TFs Predict scanner noise from gradient in-
puts for each physical gradient axis

Model error limits cancellation perfor-
mance

Latency correction Aligns anti-noise playback with scanner
sound in time

Sensitive to timing mismatch and syn-
chronization errors

TTL-triggered AFG out-
put

Synchronizes anti-noise playback with
MRI sequence timing

Depends on reliable trigger handling
and stable system timing

The main error analysis showed that the largest efficiency loss came from imperfections in the
LTI acoustic model. Playback-chain distortion was the next most important contributor, while residual
latency error was comparatively small after correction. These findings indicate that further improvement
depends mainly on more accurate acoustic modeling and more faithful anti-noise reproduction [39].

PNC also offers practical implementation benefits. Because the anti-noise is pre-computed, the ap-
proach reduces reliance on real-time processing and latency-critical feedback control. In principle, this
allows it to be implemented without modification to the MRI scanner and used alongside standard clin-
ical sequences. Its performance remains bounded by the stability of the acoustic TF and the accuracy
of playback at the listening position. Since air-conducted cancellation cannot fully address sound trans-
mitted through bone and tissue conduction, complete suppression of the perceived acoustic burden is
unlikely [39].

In addition to these methodological limitations, the in-house implementation also limited further
development and in vivo deployment. The existing pipeline relies on a combination of LabVIEW and
MATLAB-based processing, which limits openness, portability, and ease of modification. Moreover,
the current implementation is not yet sufficiently robust and computationally efficient for streamlined
experimental use. These limitations motivate the redevelopment of the PNC pipeline in Python as
part of the present thesis, to create a more accessible, maintainable, and faster framework for future
experiments.

1.1.4. Relevance to EPI and Auditory fMRI
EPI is widely used in fMRI because of its high temporal resolution, but it is also one of the acoustically
loudest MRI sequence types. Loud acoustic noise directly affects auditory fMRI, where scanner noise
can overlap with auditory stimulus presentation, increase the acoustic baseline, and interfere with the
measured BOLD response in the auditory cortex. Previous auditory fMRI studies have therefore used
acquisition strategies such as sparse or clustered sampling to reduce the overlap between scanner
noise and auditory stimulation [1, 2, 8, 11, 12, 14, 16, 21, 22, 29, 33, 38, 40].

Scanner noise reduction has also been investigated as a way to improve auditory fMRI conditions.
Previous studies have used approaches such as ANC, quieter imaging sequences, and silent or in-
terleaved acquisition paradigms [4, 7, 13, 29, 37]. These studies show that reducing scanner noise
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can influence auditory fMRI measurements, although the observed effect depends on the acquisition
scheme, stimulus paradigm, and analysis metric.

Although the present thesis does not include an in vivo auditory fMRI evaluation, auditory fMRI
remains an important motivation for improving PNC during EPI. A PNC system that can reduce EPI
acoustic noise without modifying the scanner sequence could provide a useful technical basis for future
continuous auditory fMRI experiments. Therefore, EPI was included in the phantom validation as a
more complex and application-relevant sequence type, allowing the sequence-specific limitations of
PNC to be evaluated before in vivo testing.

1.2. Research Questions and Objectives
Based on this scientific and methodological context, this thesis aims to advance PNC for MRI by re-
developing the existing framework, refining the system, and evaluating its acoustic performance in
phantom experiments. To address this aim, the following research questions are formulated.

1. Can the original PNC pipeline be rebuilt and validated in Python to provide a more open, robust,
and computationally efficient implementation?

2. How does calibration optimization affect transfer function stability and live acoustic noise reduction
in phantom measurements?

3. Does the optimized calibration approach improve phantom-based acoustic noise reduction during
regular MRI sequences compared with the original calibration approach?

4. How does PNC performance vary between generic and more complex sequence types, and what
sequence-specific limitations remain?

Based on these research questions, the specific objectives of this thesis are formulated as follows.

1. To redevelop the original PNC workflow into a Python-based framework and validate the rebuilt
implementation.

2. To evaluate how calibration optimization affects transfer function stability and live acoustic noise
reduction in phantom measurements.

3. To determine the extent to which the optimized calibration approach improves phantom-based
acoustic noise reduction during regular MRI sequences compared with the original calibration
approach.

4. To assess how PNC performance differs between generic and more complex MRI sequence
types, and to identify the sequence-specific limitations that remain.



2
Materials and Methods

This chapter describes the materials and methods used to redevelop, validate, and evaluate the PNC
system. It begins by outlining the experimental setup and general PNCworkflow, followed by the Python
redevelopment, software-level validation, phantom-based evaluation, and data processing methods.

2.1. Experimental Setup
The phantom and in vivo experiments were performed using the same general PNC setup and work-
flow. This setup combined the MRI scanner, anti-noise playback chain, acoustic recording chain, and
synchronization hardware required to generate and evaluate anti-noise during MRI acquisition. The fol-
lowing subsections introduce the hardware configuration, calibration workflow, and regular sequence
workflow used throughout the study.

2.1.1. MRI and PNC Hardware Setup
All experiments were performed on a Philips Ingenia 3TMRI scanner located at Holland Proton Therapy
Center, Delft, The Netherlands. As shown in Figure 2.1, the current PNC system consisted of the MRI
scanner, the anti-noise playback chain, the acoustic recording chain, the TTL synchronization used
to time anti-noise playback relative to the MRI sequence, and the PC used for calibration processing,
anti-noise generation, and workflow control.

Headphones

Optical
Microphones

Fiber

MR Room

Control Room

BNC

Microphone
Amplifier

USBAudio Interface USBPC

BNC

Filter Box

BNC

Headphones
Amplifier

Fiber

ADC

RCA

AFG

Power
Arduino

(Safety Relay)

MRI TTL

MRI scanner
Recording chain

Playback chain

Figure 2.1: PNC setup.
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2.2. Pipeline and Calibration Redevelopment 7

Compared with the original system, which used a single-channel pneumatic speaker-box config-
uration with hose-and-funnel transmission into the bore, the current system used a two-channel MR-
compatible headphone setup. Anti-noise playback was delivered through BOLDfonic MR-compatible
headphones connected to an MR Confon amplifier. MR-compatible refers to hardware suitable for
use in the MRI environment, with components near the bore designed to avoid ferromagnetic materi-
als and minimize electromagnetic interference. To define the local measurement positions, an optical
microphone was positioned on each earcup, as shown in Figure 2.2. These microphones recorded
the local acoustic conditions at the left and right playback positions, which also defined the measure-
ment probes for the quiet zone inside the bore. Anti-noise playback was generated using a Tektronix
AFG31022 AFG. Acoustic recordings were acquired through a Behringer UMC202HD audio interface
at 44100 Hz, the same sampling rate as used in the original PNC program.

Microphone
Amplifier

Filter Box Headphone
Amplifier

Audio Interface

Recording chain

Playback chain

R/CH2 L/CH1

Optical microphone

Figure 2.2: Headphone and optical microphone setup.

2.1.2. General PNC Workflow
The PNC workflow consisted of a calibration stage followed by a regular sequence stage. Calibration
was used to characterize the acoustic response of the scanner and playback chain at the microphone
or measurement positions. The resulting TFs, equalization filters, clock drift estimates, and latency
correction were used to generate anti-noise for regular MRI sequences.

The calibration stage consisted of four steps. Step 0 measured the background noise floor, esti-
mated audio recorder clock drift, and derived the equalizer filter for the playback chain. Step 1 recorded
the scanner noise produced by known calibration gradients, derived the TFs, generated the predicted
anti-noise, and estimated the simulated reduction assuming ideal headphone output and perfect tempo-
ral alignment. Step 2 recorded the predicted anti-noise playback alone, estimated the residual latency
relative to the step 1 scanner noise recording, and calculated the simulated reduction using the mea-
sured headphone output while assuming perfect alignment after latency correction. Step 3 recorded
scanner noise and predicted anti-noise simultaneously and quantified the live measured reduction.
Meanwhile, the regular sequence stage applied the same step 1–3 logic to selected MRI sequences
after calibration. Because the detailed diagrams include redevelopment-specific processing blocks, the
corresponding implementation-level workflows are presented in Section 2.2.

2.2. Pipeline and Calibration Redevelopment
The redevelopment work combined software migration with calibration improvement. The original PNC
workflow was rebuilt in Python, while new calibration approaches were introduced to improve TF esti-
mation.

2.2.1. Python Pipeline Redevelopment and Optimization
Redevelopment began with a functional mapping of the original LabVIEW/MATLAB workflow in order to
identify the processing blocks, instrument-control steps, and workflow dependencies that had to be pre-
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served. Based on the mapping shown in Figure 2.3, a Python-based architecture was developed that
incorporated DSP, AFG communication, audio recording control, workflow execution, file input/output
(I/O), and backend support for the graphical user interface. The user interface was implemented in
Flet, while the present work focused primarily on the backend logic that connected the interface to the
processing and control stages. A detailed crosswalk of the canonical functions, workflow components,
and key data artifacts used in the migration is provided in Appendix A.

C00-C07
Shared support services

K00
Calibration controller

K01-K04
Background noise reference, I/O scale,
sweeps/drift, equalizer

K05-K06
Step 1 acquisition & transfer function
derivation

K07-K08
Step 1 output preparation & selection

K02b
Mic SPL calibration

K09-K10
Step 2/3 execution & processing

R00
Regular PNC controller

R00b
Optional runtime clock drift
recalibration

R01-R02
Input loading & step 1 acquisition

R03-R04
Prepare/reuse anti-noise output

R04b
fMRI stimulus generation & mixing

R05-R06
Step 2/3 execution & processing

Shared legacy support
LabVIEW control & FPs + subVIs +
MATLAB nodes + recording/AFG VIs

Shared Python support
main.py + runtime wrappers + DSP + recording/AFG
utils + state/settings + UI

PNCcal.vi
Top-level calibration VI

Step-0 setup blocks
background noise & sweep/equalizer
subVIs + AFG/recording VIs

Step 1 blocks
derive_transfer_functions.vi +
recording VIs

Step 2/3 preparation
prepare_calib_step2_output.vi or
select_calib_step2_output.vi

Step 2/3 blocks
process_calibration_steps_2_3.vi +
AFG/recording VIs

main.py / step 0 blocks + perform_calibration()
Top-level Python calibration runtime

perform_bg_rms(), perform_io_scale(),
perform_freq_sweeps(), perform_equalizer()
uses cal_step0_* wrappers + DSP/AFG/recording utils

perform_spl_calib()
uses cal_step0_* wrappers + DSP/AFG/recording utils

perform_calibration(): step 1 blocks
run_record_step1() → run_derive_transfer_functions()
+ DSP/recording utils

perform_calibration(): step 2/3 preparation
run_select_step2_output(); uses saved
equalized_cal_inputs if present + DSP

perform_calibration(): step 2/3 blocks 
run_record_step23(), run_process_step23() +
DSP/AFG/recording utils

PNC.vi
Top-level regular sequence VI

Load gradient + step 1 blocks
gradient file load + step 1 recording +
recording VIs

Step 2/3 preparation
prepare_reg_step2_output.vi or
select_reg_step2_output.vi

Step 2/3 blocks
process_reg_steps_2_3.vi +
AFG/recording VIs

main.py / perform_pnc()
Top-level Python regular runtime

perform_pnc(): resweep branch
run_frequency_sweeps() + update_clock_drift()

perform_pnc(): step 1 blocks
run_record_reg_step1() + recording utils

perform_pnc(): step 2/3 preparation
run_prepare_reg_step2_output()
or run_select_reg_step2_output() + DSP

perform_pnc(): fMRI preparation block
conditional Python-only block before step 3 run #1

perform_pnc(): step 2/3 blocks
run_process_reg_step23() + DSP/AFG/recording utils

cross-cutting support layer

entry point

↻ accept/redo loops

↻ record/analyze/reuse

select/reuse branch

↻ multiple step 2 →  step 3
step 2 repeat until absolute
latency close to 0

entry point

↻ restart output preparation

↻ reuse/redo loops

reuse/skip branch

⊕ only if fmri_exp

↻ step 2 →  multiple step 3
repetitions

Legacy LabVIEW/MATLAB Canonical function Python Implementation Flow Notes Key Artifacts

A00

A00, A01, A02,
A09

A02, A03, A06,
A09

A03, A07, A09

A02, A06, A08,
A09

A00, A02, A04,
A05, A06, A09,
A10, A11

A00

A04, A06

A02

A07, A09

A12

A02, A08, A09

Calibration workflow

Regular sequence workflow

K06b
Optional combine transfer function

perform_calibration(): step 1 blocks
run_combine_transfer_functions() + DSP utils

Figure 2.3: High-level crosswalk mapping between the original LabVIEW/MATLAB PNC framework and the rebuilt Python
implementation.

The rebuilt pipeline was developed in Python 3.12.8. It included Python implementations of the
original DSP functions using NumPy 2.3.0 and SciPy 1.18.0, with additional support from Numba 0.63.1
for accelerated numerical routines where required. AFG communication was implemented through
PyVISA 1.16.1 with NI-VISA, while audio recording was handled primarily through PyAudio 0.2.14. An
alternative recording backend was also included using sounddevice 0.5.5 to support WASAPI exclusive
mode. Audio file I/O was handled using soundfile 0.13.1. The graphical user interface was implemented
in Flet 0.80.5, with flet-charts 0.80.5 used for GUI plotting components. In addition, MATLAB integration
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was included through the MATLAB 0.1 package, allowing MATLAB-based DSP functions to be called
from within Python when required for direct comparison or backward compatibility.

PNC migration also included restructuring the workflow to improve performance and maintainabil-
ity. These changes included modularization of the processing blocks, clearer separation between
hardware-control and DSP components, simplification of data flow between workflow stages, and re-
duction of unnecessary overhead during calibration and regular sequence processing.

In addition to reproducing the original workflow structure, the Python redevelopment introduced tar-
geted extensions to improve flexibility, timing stability, level control, and experimental usability. These
extensions included additional calibration procedures for equalizer initial I/O scale estimation, playback-
level scaling, expanded clock drift handling during calibration and regular sequence measurements,
support for combining multiple TF estimates of the same LTI system, and improved workflow con-
trols for selecting MRI sequence files, adjusting calibration settings, and monitoring experiment status.
Equalizer derivation was also implemented more efficiently in Python, reducing processing overhead
during calibration.

The implemented calibration workflow and its default settings are shown in Figure 2.4 and Table 2.1.
The corresponding regular sequence workflow and default settings are shown in Figure 2.5 and Ta-
ble 2.2. Newly implemented or modified features are shaded in gray. For regular sequence experi-
ments used in future auditory fMRI, stimulus mixing with anti-noise and stimulus delivery were added
to support EPI-based fMRI measurements. In the workflow diagram, this fMRI-specific block is indi-
cated by a dashed outline.

The main algorithmic additions introduced in the Python workflow are described below. The I/O
scale and equalized I/O scale procedures define the level-setting steps used before and after equalizer
application, while the robust clock drift procedure defines the timing-correction method used to maintain
alignment between playback and recorded signal.

2.2.1.1. Input/Output Scale Estimation
An I/O scale estimation was implemented to estimate the relationship between the commanded play-
back amplitude and the voltage recording by the microphones. This step was used to set an approx-
imate playback scaling before equalizer derivation. The calibration signal consisted of a 1 kHz sine
tone with a linear-in-dB amplitude ramp from -40 dB to 0 dB. A short fade was applied at the beginning
and end of the ramp to avoid abrupt waveform discontinuities.

For each recording channel, the ramp recording was first bandpass filtered around the test fre-
quency to isolate the 1 kHz component from the background noise and unrelated spectral components.
The ramp section was then cropped after the initial low-amplitude portion, and a sliding-window RMS
estimate was calculated over the remaining ramp. The corresponding commanded level, 𝐿cmd, was
obtained from the generated ramp envelope. A linear model was fitted between the commanded level
and recorded RMS level in decibels,

20 log10 (𝑉rms) = 𝐵𝐿cmd + 𝐴, (2.1)

where 𝑉rms is the measured microphone RMS voltage, 𝐵 is the fitted slope, and 𝐴 is the fitted inter-
cept. Only samples with sufficient signal-to-noise ratio (SNR) and below the clipping/safety threshold
were included in the fit. The low-amplitude region was therefore excluded from the fitted range when
it approached the background noise floor, while the high-amplitude region was excluded when it ap-
proached the selected playback safety limit.

The fitted intercept was used to estimate the recorded RMS voltage corresponding to the 0 dB
commanded level,

𝑉rms,0dB = 10𝐴/20. (2.2)

The I/O scale for each channel was then calculated as

I/Oscale =
𝑉target
𝑉rms,0dB

, (2.3)

where 𝑉target is the desired target RMS level used for the playback test. The resulting scale factor
was stored as a channel-specific scalar used for subsequent playback amplitude setting during the
calibration workflow.
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Step 0

Background RMS
Estimation

I/O Scale Estimation

EQ Filter Derivation

EQ I/O Scale
Estimation

Frequency Sweep &
Clock Drift Estimation

Step 1

MRI Noise
Recording

TF Derivation

Anti-Noise
Generation

Anti-Noise
Equalization

Combine TF

Step 2

Anti-Noise
Recording

Latency Correction

Absolute
Latency ≈ 0

YesNo

Step 3

MRI Noise + Anti-
Noise Recording

Live Reduction
Analysis

Figure 2.4: Python-PNC calibration workflow.

Table 2.1: Default parameters for the Python-PNC calibration stage.

Parameter Value Description / Mode
Sequence chirp4_0608 Default calibration gradient waveform.
Averages 5 Number of repetitions for MRI noise gradient.
Background Mode / Len calibrate / 3.0 s Estimation of ambient noise floor.
Sweep Mode / Count / Len on / 5 / 1.0 s Frequency sweeps enabled for clock drift estimation.
Clock Drift Mode from sweeps Clock drift estimation mode.
EQ Deriv. Mode first Equalizer filter derivation starting order.
EQ Input 1s sweep Reference signal for equalizer derivation.
IO Test Threshold 0.045 V 10% safety margin for signal levels.

Step 1

MRI Noise
Recording

Anti-Noise
Generation

Anti-Noise
Equalization

Step 2

Anti-Noise
Recording

Residual Latency
Correction

Step 3

MRI Noise + Anti-
Noise Recording

Live Reduction
Analysis

**fMRI Stimulus with
Anti-Noise Mixing 

**optional

Step 0

*Frequency Sweep &
Clock Drift Estimation

*can be called at the start or at the end of each
step 1/2/3

Figure 2.5: Python-PNC regular sequence workflow.

Table 2.2: Default parameters for the Python-PNC regular sequence stage.

Parameter Value Description / Mode
Repetitions 5 Number of iterative Step 3 processing loops.
fMRI Stimulus Level 95.0 dB Target sound pressure level used when fMRI stimulus

playback was enabled.
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2.2.1.2. Equalized Input/Output Scale Estimation
An additional I/O scale estimation was implemented for the equalized playback path. This step used
the same 1 kHz linear-in-dB ramp procedure described in 2.2.1.1, but the ramp was played after ap-
plying the derived equalization filter. The purpose was to estimate the effective playback level after
equalization, since the equalizer can change the output amplitude even when the commanded digital
input level is unchanged.

The same sliding-RMS fitting procedure was therefore applied to the equalized ramp recording,
producing an equalized 0 dB RMS estimate, 𝑉EQrms,0dB. The equalized I/O scale was then calculated as

I/O𝐸𝑄𝑠𝑐𝑎𝑙𝑒 =
𝑉target
𝑉EQrms,0dB

. (2.4)

This scale was used for playback with estimated SPL after equalizer application, especially for
future fMRI experiments. Separating the original and equalized I/O scales ensured that the calibration
accounted for level changes introduced by the equalized playback path.

2.2.1.3. Robust Clock Drift Estimation
Clock drift correction was redeveloped to improve the stability of alignment between playback and
recorded audio. Small differences between the playback and recording sampling clocks can accumu-
late over the duration of a measurement, causing temporal misalignment between the scanner-noise
recording and the generated anti-noise waveform. In the Python workflow, clock drift estimation was
applied before TF derivation, anti-noise generation, or residual estimation when drift correction was
enabled.

Clock drift was estimated using repeated frequency sweep recordings. A series of chirp sweeps with
increasing amplitude was generated and recorded. The first sweep was used as the timing reference,
and the remaining sweeps were compared against it using sub-sample delay estimation. For each
sweep 𝑖, the estimated delay 𝑑𝑖 was associated with the corresponding sweep time 𝑡𝑖. Under a stable
sampling-clock offset, the delay was modeled as approximately linear with time,

𝑑𝑖 ≈ 𝑑0 + 𝛽𝑡𝑖 , (2.5)

where 𝑑0 is the initial offset and 𝛽 is the clock drift estimate.
Tomake the estimate robust to noisy recordings and occasional delay outliers, an initial drift estimate

was calculated from the median of pairwise adjacent slopes,

𝛽̂0 =median𝑖 (
𝑑𝑖+1 − 𝑑𝑖
𝑡𝑖+1 − 𝑡𝑖

) . (2.6)

An initial intercept was then estimated from the median residual,

𝑑̂0 =median𝑖 (𝑑𝑖 − 𝛽̂0𝑡𝑖) . (2.7)

Sweeps were treated as valid if their delay estimates were close to the robust initial line,

|𝑑𝑖 − (𝛽̂0𝑡𝑖 + 𝑑̂0)| < 10 samples. (2.8)

When enough valid sweeps were available, a first-order polynomial fit was applied to the valid delay
estimates to obtain the final drift estimate,

𝛽̂dfs = polyfit1(𝑡𝑖 , 𝑑𝑖) for valid sweeps. (2.9)

If too few valid sweeps were available, the median slope estimate was retained as the fallback drift
estimate. The recorded signal was then resampled using the corrected effective sampling rate,

𝑓𝑠,corr = 𝑓𝑠 − 𝛽̂dfs, (2.10)

where 𝑓𝑠 is the recording sampling rate. The resampled signal was used for the subsequent DSP
stages.
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2.2.2. Calibration Gradient Redesign
In addition to the software improvements, the redevelopment process included the redesign of alterna-
tive calibration gradients to improve PNC performance. The original triangular blip calibration, referred
to as sl014, was retained as the reference method, while chirp-based gradients were introduced to in-
crease acoustic excitation and improve spectral coverage for TF estimation. Three chirp variants were
investigated. Chirp 1 used a Tukey-windowed linear chirp, chirp 2 used a Tukey-windowed chirp with
amplitude adjustment to generate a flatter spectrum strength, and chirp 4 used the same amplitude-
adjusted formulation as chirp 2 but with an extended excitation band. These gradients were evaluated
against the original triangular blip calibration.

Chirp 1 and chirp 2 were defined over a duration 𝑇dur = 20 ms, with start and end frequencies
of 𝑓0 = 150 Hz and 𝑓1 = 4500 Hz. The selected frequency band ensures that the chirp covers the
full range of MRI acoustic noise evaluated in prior PNC work (300–4000 Hz) [39]. The instantaneous
frequency was defined as

𝑓inst(𝑡) = 𝑓0 + 𝑘𝑡, 𝑘 = 𝑓1 − 𝑓0
𝑇dur

, (2.11)

for 0 ≤ 𝑡 ≤ 𝑇dur. The corresponding phase was

𝜙(𝑡) = 2𝜋 (𝑓0𝑡 +
1
2𝑘𝑡

2) . (2.12)

To reduce sharp onset and offset transitions, both chirps were multiplied by a Tukey-type window
with 𝑟 = 0.1. Chirp 1 used the windowed linear chirp,

𝑔chirp1(𝑡) = 𝐴1𝑤(𝑡) sin𝜙(𝑡), (2.13)

with a gradient scaling of 6 mT/m. Chirp 2 used the same chirp phase and window, but included
frequency-dependent amplitude adjustment. The pre-emphasis term was defined as

𝑝(𝑡) = 𝑓0
𝑓inst(𝑡)

, (2.14)

which produced the amplitude-adjusted chirp

𝑔chirp2(𝑡) = 𝐴2𝑤(𝑡) 𝑝(𝑡) sin𝜙(𝑡), (2.15)

with a gradient scaling of 20 mT/m. Because this amplitude adjustment reduces the waveform
amplitude at higher frequencies, chirp 2 was normalized before application so that its effective output
level remained comparable to the intended gradient scaling.

Chirp 4 was introduced as an extended-band version of chirp 2. It used the same amplitude-adjusted
chirp formulation, windowing, and duration, but with the frequency range extended to 100–5000 Hz.
Therefore, for chirp 4, the instantaneous frequency and phase were calculated using 𝑓0 = 100 Hz and
𝑓1 = 5000 Hz in Equation 2.12 and Equation 2.14. The amplitude-adjusted chirp 4 waveform was then
defined as

𝑔chirp4(𝑡) = 𝐴4𝑤(𝑡) 𝑝(𝑡) sin𝜙(𝑡), (2.16)

with a gradient scaling of 12 mT/m.
A higher gradient amplitude produces stronger acoustic excitation and can increase the effective

SNR of the calibration measurement. However, the selected gradient scaling was constrained by the
scanner slew-rate limit. For the chirp-based calibration gradients, the applied scaling was therefore set
to the highest allowable value for the corresponding waveform.

2.2.3. EPI-Focused Combined Transfer Function Estimation
The chirp-based calibration was introduced to provide broadband excitation with higher SNR for TF
estimation. However, some regular MRI sequences, especially EPI, do not produce a broadly dis-
tributed acoustic spectrum. Instead, the acoustic response can be dominated by a small number of
strong spectral peaks. A broadband calibration may not provide the most accurate estimate at the fre-
quencies that dominate the noise. To improve prediction for EPI-like sequences, an additional EPI-Y
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targeted calibration waveform was combined with a broadband calibration gradient. This mathematical
combination was used because directly playing a combined chirp and EPI-Y calibration waveform was
not feasible within the scanner slew rate limits.

The EPI-Y calibration waveform was designed from the frequency content of the EPI gradient wave-
form. The gradient was extracted from the EPI sequence file. Each of the X, Y, and Z gradient axes
spectrum was inspected in frequency domain, as shown in Figure 2.6. The Y-axis gradient showed two
dominant spectral components, approximately at 825 Hz and 2460 Hz. These frequencies were then
used to construct a short targeted multisine calibration waveform for the Y axis.

Figure 2.6: Gradient spectrum of the EPI sequence used to design the targeted EPI-Y calibration waveform.

The EPI-Y calibration waveform was implemented as a 20 ms windowed two-tone multisine,

𝑔EPI−Y(𝑡) = 𝐴𝐸𝑃𝐼−𝑌𝑤(𝑡) [𝐴0 sin(2𝜋𝑓0𝑡 + 𝜙0) + 𝐴1 sin(2𝜋𝑓1𝑡 + 𝜙1)] , (2.17)
where 𝑤(𝑡) is a tapering window, 𝑓0 = 824.93 Hz, 𝑓1 = 2459.88 Hz, 𝐴0 = 1.0, 𝐴1 = 0.1735, with

a gradient scaling of 19 mT/m. The waveform was normalized after generation to remain within the
allowed gradient amplitude range. This EPI-Y calibration was implemented to provide a new TF from
the same LTI system.

As described in Section 1.1.2, the PNC model assumes that the measured acoustic response can
be predicted from the gradient input and the corresponding gradient-to-acoustic TF. In the present im-
plementation, the TF was derived from the differentiated gradient waveform, consistent with the origi-
nal PNC processing pipeline. For multiple calibration waveforms, each calibration measurement was
treated as an observation of the same LTI system. The combined TF was estimated using a frequency-
domain least-squares estimator, consistent with standard cross-spectral TF estimation methods [3]. At
each frequency, the estimator minimized the prediction error between the measured acoustic response
and the response predicted from the differentiated gradient input. For each gradient axis and micro-
phone channel, this can be written as

𝐻̂comb(𝑓) = argmin
𝐻
[∑
𝑘
|𝑃𝑘(𝑓) − 𝐺𝑘(𝑓)𝐻(𝑓)|

2 + 𝜆|𝐻(𝑓)|2] , (2.18)

where 𝐺𝑘(𝑓) is the spectrum of the differentiated gradient waveform for calibration 𝑘, 𝑃𝑘(𝑓) is the
corresponding measured acoustic response, and 𝜆 is a small regularization term used to avoid unstable
estimates at frequencies with low input energy. Solving this regularized least-squares problem gives

𝐻̂comb(𝑓) =
∑𝑘 𝐺∗𝑘(𝑓)𝑃𝑘(𝑓)
∑𝑘 |𝐺𝑘(𝑓)|2 + 𝜆

, (2.19)

where 𝐺∗𝑘(𝑓) denotes the complex conjugate of 𝐺𝑘(𝑓).
For the EPI-focused implementation, the broadband chirp 1 or chirp 4 calibration and the EPI-Y-

targeted calibration were combined. The combined estimate was therefore

𝐻̂comb(𝑓) =
𝐺∗chirp1/4(𝑓)𝑃chirp1/4(𝑓) + 𝐺∗EPI-Y(𝑓)𝑃EPI-Y(𝑓)

|𝐺chirp1/4(𝑓)|2 + |𝐺EPI-Y(𝑓)|2 + 𝜆
. (2.20)
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This formulation does not average the individual TF magnitudes directly. Instead, each calibration
measurement constrains the combined estimate according to the differentiated-gradient input energy
available at that frequency. Frequency components that are strongly excited by the broadband chirp are
mainly determined by the chirp measurement, while frequency components that are strongly excited
by the EPI-Y-targeted waveform receive additional weighting from the EPI-Y measurement.

The calculation was performed independently for each gradient axis and microphone channel. The
resulting frequency-domain TFs were converted back to the time domain and used for acoustic pre-
diction and anti-noise generation. The combined TF was therefore intended to preserve broadband
information from the chirp calibration while improving the estimate near the EPI-Y frequencies that
were explicitly excited by the targeted waveform.

2.3. Software-Level Validation
After redevelopment, the rebuilt Python pipeline was validated against the original implementation at
the software level. This validation focused on the direct comparison of corresponding DSP functions
in the MATLAB and Python implementations, with an additional full PNC workflow experiment in a
phantom. The purpose of this validation was to verify that the rebuilt pipeline reproduced the numerical
behavior of the original framework within an acceptable tolerance while also improving computational
performance.

2.3.1. DSP Function Validation
DSP validation was performed to verify that the Python implementation reproduced the numerical be-
havior of the MATLAB reference while reducing computation time. Most DSP functions were evaluated
using matched-input comparisons, where identical input data were provided to the MATLAB and Python
implementations and the corresponding outputs were compared directly.

For functions producing time-domain waveforms, such as filtering, resampling, fractional shifting,
signal generation, equalization, and anti-noise generation, the Python outputs were compared with the
MATLAB reference using root-mean-square error (RMSE) and signal-to-error ratio (SER). RMSE was
used to quantify the absolute sample-wise deviation.

RMSE = √ 1𝑁

𝑁

∑
𝑖=1
(𝑥py[𝑖] − 𝑥mat[𝑖])

2
(2.21)

where𝑁 is the number of samples, 𝑥py[𝑖] is the Python output, and 𝑥mat[𝑖] is the MATLAB reference.
To evaluate the relative error, SER was calculated as:

SER(𝑑𝐵) = 10 log10 (
∑𝑁𝑖=1 (𝑥mat[𝑖])

2

∑𝑁𝑖=1 (𝑥py[𝑖] − 𝑥mat[𝑖])
2) (2.22)

For functions that returned scalar metrics or indices, including delay estimates, RMS values, and
clipping indices, validation was based on the maximum absolute difference. Output lag was also
checked for waveform comparisons to ensure that numerical agreement was not affected by a residual
sample shift.

Because calibration anti-noise generation depends on several consecutive DSP operations, a chained
calibration validation was also performed. In this validation, the outputs of the main calibration process-
ing stages were propagated through subsequent calibration steps and compared betweenMATLAB and
Python. This made it possible to determine whether numerical differences observed at the function
level affected TF derivation, predicted noise generation, anti-noise equalization, anti-noise recording
analysis, latency correction, and the resulting reduction metrics.

A function or processing stage was considered to show strong numerical agreement when scalar
outputs matched exactly or when waveform outputs achieved an SER above 60 dB. SER was used as
the main numerical criterion for comparing DSP outputs. When SER was below 60 dB, the interpreta-
tion also inspected to identify whether the difference arose from implementation-sensitive operations.
The downstream effect of the discrepancy was then evaluated, especially its influence on predicted
or estimated noise reduction. If the downstream effect could not be fully assessed at the individual
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DSP-function level, it was evaluated later through the integrated workflow validation. Execution time
was recorded for all evaluated functions in order to quantify the computational speed-up achieved by
the Python implementation.

2.3.2. Integrated Workflow Validation
Complementing direct DSP validation, the rebuilt pipeline was evaluated under real experimental con-
ditions. This comparison was intended to verify that the migrated system reproduced the practical
behavior of the original workflow at the level of integrated calibration and live anti-noise application.

The real-time comparison included the full calibration workflow using the original triangular cali-
bration gradient and a full step 1–3 comparison on a short regular MRI sequence (TR 15 ms, TE 8.0
ms, FOV 230x230x1 mm, VOX 1x1x1 mm, coronal plane with 0∘/0∘/0∘ angulation). The compared
calibration outputs included background RMS estimation, clock drift estimation, equalizer derivation,
and calibration step 1–3 processing. The short sequence comparison extended this validation to the
full experimental workflow and allowed direct comparison of the resulting anti-noise performance un-
der actual acquisition conditions. In addition, the total runtime of the calibration and regular sequence
workflow was measured to quantify the practical speed of improvement of the Python implementation.

2.4. Phantom-Based Evaluation
This section describes the phantom-based experiments used to evaluate the acoustic performance of
the PNC system through calibration comparison and regular MRI sequence evaluations.

2.4.1. MRI Phantom
Phantom experiments were performed using a wooden head phantom with silicone ears and a 3 L
liquid-bottle phantom. The head phantom was used to approximate normal headphone placement
during MRI measurements. During acquisition, the headphones were positioned on the head phantom
in the same way as in a normal experimental setup. The phantom was then placed at the isocenter
inside the MRI scanner.

2.4.2. Calibration Comparison
Calibration comparison was performed to evaluate differences in TF derivation and live acoustic re-
duction between the original calibration gradient and newly introduced calibration gradients. The com-
parison was carried out in two measurement sessions. The first session included the original sl014
calibration, chirp 1, chirp 2, and the mathematically combined chirp 1+EPI-Y derived TF. The second
session included sl014, chirp 1, chirp 4, the combined chirp 1+EPI-Y derived TF, and the combined
chirp 4+EPI-Y derived TF. Chirp 4 was included to evaluate the effect of using a wider excitation band
compared with chirp 2.

For each calibration approach, the evaluated outputs included TF stability metrics and calibration
step 3 acoustic reduction results. TF stability was assessed using magnitude variability, complex TF
variability, coherence, and leave-one-out cross-validation SER. Live calibration performance was eval-
uated using step 3 reduction, including the mean reduction across gradient axes and recording chan-
nels and the worst axis-channel reduction. Axis- and channel-specific step 3 reductions were also
compared to assess whether the calibration performance was consistent across playback and record-
ing paths. Each calibration gradient measurement was repeated three times to assess repeatability
and performance robustness.

2.4.3. Regular MRI Sequences Evaluation
Short regular MRI sequences were used to evaluate acoustic noise reduction performance under con-
trolled phantom conditions. These measurements were used to assess the achieved reduction across
different sequence types, to evaluate the effect of calibration gradient choice, and to examine whether
sequence-specific spectral characteristics influenced PNC performance.

Two groups of sequences were evaluated. The first group consisted of short gradient echo se-
quence variants implemented on the Philips system as fast field echo (FFE) sequences. The same
ten representative sequences as the previous study were used to allow comparison with earlier PNC
measurements [39]. These sequences were used to evaluate PNC performance across a range of
sequence parameters, including TR, TE, FOV, voxel size, orientation, and angulation.
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For the main FFE evaluation, four broadband calibration approaches were compared: sl014, chirp
1, chirp 2, and chirp 4. This allowed the general effect of calibration-gradient choice to be assessed
across broadband-dominated regular sequence conditions. The FFE comparison was first performed
in an initial measurement session, and the same ten FFE variants were then repeated in two additional
sessions using the same four calibration approaches. Within each session, five repeated live-reduction
recordings were acquired for each FFE sequence-calibration condition. These additional sessions were
included to assess session-to-session variability in the achieved reduction and to examine whether the
relative ranking of the calibration gradients was stable across independent measurement sessions. Be-
cause setup and equalizer quality could differ between sessions, the session results were summarized
separately.

During the initial FFE session, the phantom and headphone setup were manually repositioned us-
ing guide points on the phantom before the acquisition of sequence 7 and then restored using the
available guide points. This procedural note was recorded because small changes in phantom posi-
tion, headphone fit, or microphone placement can affect the acoustic transfer path and downstream
reduction.

A separate comparison between chirp 4 and the combined chirp 4+EPI-Y derived TF was performed
to assess whether adding EPI-Y information affected the broadband reduction capability of chirp 4
during FFE measurements. This comparison was treated separately from the three-session broad-
band calibration comparison because it was designed specifically to test whether the EPI-targeted TF
changed regular FFE performance. The tested FFE variants are listed in Table 2.3.

Table 2.3: FFE sequence variants used for phantom-based acoustic evaluation.

Sequence TR / TE (ms) FOV (mm) VOX (mm) Plane/Angulation (AP/RL/FH)
1 15 / 8.0 230 × 230 × 1 1 × 1 × 1 Coronal, 0∘/0∘/0∘

2 7.6 / 3.7 230 × 230 × 10 1 × 1 × 10 Transverse, 14∘/-27∘/12∘

3 9.7 / 5.7 330 × 330 × 1 1 × 1 × 1 Transverse, 30∘/25∘/10∘

4 5.1 / 3.4 220 × 220 × 5 1 × 1 × 5 Sagittal, 0∘/0∘/0∘

5 44 / 29 230 × 230 × 10 1 × 1 × 10 Coronal, 0∘/0∘/0∘

6 25 / 11 212 × 212 × 1 2 × 2 × 1 Coronal, 5∘/29.38∘/10∘

7 20 / 3.7 230 × 230 × 20 1 × 1 × 20 Sagittal, 45∘/2∘/34∘

8 14 / 1.1 330 × 330 × 5 3 × 3 × 5 Coronal, 30∘/25∘/16.83∘

9 27 / 1.1 330 × 330 × 5 3 × 3 × 5 Coronal, 30∘/25∘/10∘

10 18 / 3.0 200 × 200 × 10 0.5 × 0.5 × 10 Sagittal, 30∘/25∘/10∘

The second group consisted of continuous EPI acquisitions. These measurements were included
because EPI produced a more concentrated acoustic spectrum with strong spectral peaks, making
it a useful test case for the EPI-focused combined TF approach. The EPI sequence designed for a
future in vivo auditory fMRI experiment was applied, as summarized in Table 2.4. For the phantom EPI
evaluation, chirp 4, the combined chirp 1+EPI-Y derived TF, and the combined chirp 4+EPI-Y derived
TF were compared. Chirp 4 was used as the chirp-only broadband reference, while the two combined
TFs were used to test whether adding EPI-targeted calibration information improved reduction for EPI-
like spectral content. The inclusion of both chirp 1+EPI-Y and chirp 4+EPI-Y allowed the effect of the
EPI-Y component to be evaluated with different broadband chirp baselines.

For the repeated EPI live-reduction evaluation, each EPI condition was measured over five repe-
titions. Additional repeated noise-only and anti-noise-only recordings were acquired for the EPI 10-
dynamics condition to assess whether changes in reduction were associated with scanner-noise vari-
ation, anti-noise playback variation, or time-varying mismatch between the two.

2.5. Data Processing and Analysis
Acoustic recordings were processed to quantify PNC performance during calibration and phantom-
based regular sequence measurements. The analysis included signal alignment, bandpass filtering,
spectral analysis, and calculation of reduction metrics from the scanner-only and residual recordings.
The calculations are identical to those of the previous study, with the implementation rebuilt in Python
[39]. Unless stated otherwise, acoustic reduction was evaluated over the 500–4000 Hz band and
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Table 2.4: Acquisition parameters for EPI.

Parameter Value
TR / TE 3000 / 35 ms
Flip angle 83.04∘

Acquisition plane Transverse
FOV / VOX 210 × 210 × 150 mm / 2.38 × 2.40 × 3.50 mm
Matrix size / slices 88 × 88 / 43
Slice gap 0 mm
Number of dynamics 10 & 33

expressed in decibels. For FFE regular sequence analysis, an additional narrowband evaluation over
the 500–2000 Hz band was included to assess reduction in the lower-to-mid frequency range.

For each reduction measurement, the reference signal was defined as the scanner-noise record-
ing without anti-noise playback, and the residual signal was defined as the corresponding recording
obtained during scanner noise with anti-noise playback. For the main live reduction analyses, step 3
was used as the primary reduction metric for both calibration and regular sequence evaluation, unless
otherwise stated. Step 2 results were used only for intermediate workflow validation for redeveloped
pipeline validation. Broadband reduction was calculated from the RMS ratio between these two signals,

𝑅dB = 20 log10 (
𝑝𝑟𝑚𝑠,𝑛𝑜𝑖𝑠𝑒
𝑝𝑟𝑚𝑠,𝑟𝑒𝑠

) , (2.23)

where 𝑝noise is the scanner-only recording and 𝑝res is the residual recording after PNC. The same
calculation was also applied to selected frequency bands when narrower-band behavior was relevant.

For calibration evaluation, all reduction was calculated for each gradient axis and channel. Step 3
indicates the live reduction recorded via the recording chain. These values were used to compare the
original sl014 calibration, the chirp-based calibration gradients, the combined chirp 1+EPI-Y derived
TF, and the combined chirp 4+EPI-Y derived TF. In addition to mean reduction, the worst-axis-channel
reduction was reported to assess whether a calibration approach performed consistently across gradi-
ent axes and playback channels.

For regular sequence evaluation, reduction metrics were calculated for each recording channel and
repeated step 3 measurement. Step 3 was used as the main live reduction metric. For FFE sequences,
the analysis focused on broadband reduction over 500-4000 Hz, narrowband reduction over 500-2000
Hz, improvement relative to the original sl014 calibration, and temporal and spectral residual behavior.
Broadband and narrowband reductions were evaluated both to quantify overall acoustic reduction and
to assess performance in the lower-to-mid frequency range where dominant FFE components were
observed. For EPI, additional analyses were performed because the residual was more time-varying
and peak-dominated. These analyses included tracking broadband reduction across repetitions, mea-
suring the residual peak near the dominant EPI component, and comparing repeated noise-only and
anti-noise-only spectra to assess amplitude stability.

Spectral analysis was used to identify which frequency components were effectively suppressed and
which components remained in the residual. Welch-based spectra were used for noise and residual
comparisons, while gradient spectra were inspected to relate the acoustic response to the input gradient
waveform.



3
Results

This chapter presents the results of the redevelopment, validation, and evaluation of the PNC system.
The rebuilt Python-based pipeline was assessed at the software level by comparing its DSP outputs
and workflow-level performance with those of the original LabVIEW/MATLAB implementation. Then,
phantom experiments were used to evaluate acoustic performance, including the comparison of opti-
mized calibration approaches and noise reduction across regular MRI sequence variants.

3.1. Python Pipeline Redevelopment
The original PNC workflow was rebuilt as a Python-based framework for calibration and regular se-
quence experiments. The implemented pipeline included DSP processing, audio recording, AFG com-
munication, file handling, workflow execution, and backend support for the user interface. The main
calibration and regular sequence workflow structure of the original PNC program was retained. The
complete source code of the program is available in Appendix B.1.

A graphical user interface was implemented for system settings, calibration, regular sequence pro-
cessing, and experiment monitoring. A representative calibration page of the rebuilt interface is shown
in Figure 3.1, with the complete interface available in Appendix B.2.

Figure 3.1: Representative view of the rebuilt Python-based PNC interface.

Compared with the original workflow, the rebuilt Python pipeline added support for clock drift han-
dling, easier reuse of calibration outputs during regular sequence experiments, SPL-related calibration
information, flexible audio recording options, and mathematical combination of multiple TF estimates.

18



3.2. Validation of the Rebuilt Pipeline 19

The combined-TF functionality allowed broadband and sequence-specific calibration measurements to
be merged for anti-noise generation.

3.2. Validation of the Rebuilt Pipeline
The rebuilt Python-based PNC pipeline was first validated against the original implementation. Valida-
tion was performed by comparing the individual DSP functions against the MATLAB reference and the
integrated workflow outputs under calibration and regular sequence conditions.

3.2.1. DSP Validation
At the function level, most deterministic DSP functions showed high numerical agreement with the MAT-
LAB reference. As shown in Figure 3.2 (a), preprocessing and timing functions, frequency sweep pro-
cessing, regular sequence prediction and equalization, and the final latency-shifted output all reached
SER values above 60 dB. Lower SER values were observed mainly in equalizer design and application,
TF derivation, and predicted calibration acoustic noise.

The most pronounced measured improvement of the Python implementation was reduced compu-
tation time. As shown in Figure 3.2 (b), Python was faster across all evaluated DSP stages. The largest
speed-up was observed for preprocessing and equalizer-related processing, while the smallest speed-
up was observed for regular sequence anti-noise equalization. In addition to the numerical agreement
metrics, all waveform comparisons showed zero sample lag between the Python and MATLAB outputs.
This result shows that the Python implementation did not introduce a residual time shift relative to the
MATLAB reference. Overall, the validation showed that the Python implementation preserved the main
DSP behavior of the MATLAB reference while significantly reducing its computation time.

Figure 3.2: DSP validation of the rebuilt Python implementation according to its (a) numerical agreement and (b)
computational speed-up.

Although lower SER values were observed in some functions, especially in intermediate calibration-
chain outputs, the downstream reduction metrics remained closely matched between MATLAB and
Python, as summarized in Figure 3.3. The differences in predicted and aligned reduction values were
small, with Python producing slightly higher values in several cases and slightly lower values in others.

3.2.2. Integrated Workflow Validation
The close agreement observed at the DSP level was largely preserved when the full calibration and
regular sequence workflows were compared in the same scanning session. The mean workflow-level
errors stayed under 5%, as summarized in Figure 3.4 (a). Excluding the flagged regular sequence
step 1 result, the median workflow-block error was 2.98%, and the maximum workflow-block error was
4.39%.

The representative regular sequence comparison further showed that the Python implementation
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Figure 3.3: Downstream reduction metric agreement between MATLAB and Python DSP outputs

reproduced the intended anti-noise behavior of the original workflow. For the regular sequence, step
2 and step 3 reduction values were closely matched, if not improved, between LabVIEW/MATLAB and
Python, as shown in Figure 3.4 (b). The regular step 3 values showed close agreement between the
two implementations, with a mean workflow-block error of 2.99%. In addition to preserving the acoustic
reduction behavior, the Python implementation substantially reduced the full workflow execution time
by approximately 73.6%, as shown in Figure 3.4 (c).

Figure 3.4: Integrated workflow validation, shown by (a) mean workflow-level error relative to the LabVIEW/MATLAB reference,
(b) direct comparison of ffe2 step 2/3 reduction values between implementations, and (c) full workflow execution time.

Themain exception was the step 1 result for the regular sequence. The original implementation pro-
duced negative reduction values, while the Python implementation produced positive reduction values.
This discrepancy was limited to step 1 and was not propagated to step 2 or step 3.

3.3. Phantom-Based Acoustic Evaluation
Phantom experiments were used to evaluate the acoustic performance of the rebuilt PNC system un-
der controlled MRI conditions. Results are presented for both calibration and regular MRI sequence
measurements.

3.3.1. Calibration Gradient Evaluation
Phantom-based calibration measurements were used to compare the original triangular blip calibration,
sl014, with the newly introduced chirp-based gradients. The comparison included sl014, chirp 1, chirp
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2, chirp 4, the combined chirp 1+EPI-Y TF, and the combined chirp 4+EPI-Y TF. The physical calibration
waveforms are shown in Figure 3.5, using the same time and amplitude scale for comparison. For the
combined-TF conditions, chirp 1 or chirp 4 was used as the physical calibration gradient during step
1–3 measurements, while the combined chirp+EPI-Y TF was used for anti-noise generation.

Figure 3.5: Calibration gradient waveforms.

The measured step 1 calibration responses differed between the physically played calibration gradi-
ents. The absolute peak of the averaged recorded calibration response, 𝑝av,xyz, was used to compare
the recorded acoustic level. The differentiated gradient spectrum and the Welch spectrum of 𝑝av,xyz
were used to compare the effective input excitation and the recorded acoustic response across the
calibration band. Compared with sl014, the chirp-based gradients produced higher recorded acoustic
levels and higher acoustic excitation. Chirp 1, chirp 2, and chirp 4 showed stronger broadband acoustic
responses than sl014, although their spectral distributions differed. Chirp 2 showed stronger excita-
tion in some lower-frequency regions and axis-channel combinations, while EPI-Y produced a more
sequence-specific excitation pattern. The recorded level and spectral coverage of the tested physical
calibration gradients are summarized in Figure 3.6. Roughly, the recorded acoustic spectrum has a
similar magnitude response distribution to each respective gradient spectrum. The combined TF is not
shown as a separate excitation because it was estimated from separate chirp 1 or chirp 4 and EPI-Y
measurements.

Figure 3.6: Calibration gradient excitation and recorded acoustic response.

The calibration gradient comparison was conducted across two independent measurement ses-
sions. The first session compared sl014, chirp 1, chirp 2, and the combined chirp 1+EPI-Y derived TF,
while the second extended the comparison to include chirp 4 and the combined chirp 4+EPI-Y derived
TF in place of chirp 2. As the two sessions were conducted on different days under different measure-
ment conditions, the results are not directly comparable across sessions, but they provide a consistent
picture of relative calibration performance. The quantitative TF stability metrics and calibration step 3
performances from both sessions are summarized in Figure 3.7.

Across both sessions, sl014 consistently showed the highest TFmagnitude variability and the lowest
step 3 mean and worst axis-channel reduction. The chirp-based approaches showed lower TF vari-
ability than sl014 in both sessions. In the first session, chirp 2 produced the highest TF cross-validation
SER, while the combined chirp 1+EPI-Y derived TF showed the highest median coherence and the
lowest TF magnitude variability. Despite this, chirp 1 produced the highest step 3 live reduction and
the highest worst axis-channel reduction. In the second session, the combined chirp 1+EPI-Y derived
TF again showed the lowest TF magnitude and complex variability and the highest median coherence.
Chirp 4 produced the highest TF cross-validation SER, but like chirp 2 in the first session, this did not
translate to the highest step 3 reduction. Chirp 1 and the combined chirp 1+EPI-Y derived TF produced
the highest mean step 3 reductions, while chirp 4 produced the highest worst axis-channel reduction.
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(a) First calibration session: sl014, chirp 1, chirp 2, and combined chirp 1+EPI-Y.

(b) Second calibration session: sl014, chirp 1, chirp 4, combined chirp 1+EPI-Y, and combined chirp 4+EPI-Y.

Figure 3.7: TF stability metrics and calibration step 3 performance across two independent calibration sessions. Highlighted
bars indicates the best performing variant for each metric.
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The axis- and channel-specific step 3 reductions from the second session are shown in Figure 3.8.
The chirp-based and combined TF approaches produced higher reductions than sl014 in most axis-
channel combinations, with the exception of X CH1 and Y CH1, where sl014 performed comparably
to or better than the chirp-based approaches. The most pronounced underperformance of sl014 was
observed in Z CH1, where it produced substantially lower reduction than all chirp-based approaches.
Chirp 1+EPI-Y produced the highest reduction for X CH2 and Y CH2, while chirp 1 and chirp 1+EPI-
Y produced the highest reductions for Z CH1 and Z CH2 respectively. Larger error spreads were
observed for chirp 1 in X CH2 and Y CH2, while the other chirp-based approaches showed smaller
variation across repeated measurements. Across all gradient axes, CH2 consistently showed higher
step 3 reductions than CH1.

Figure 3.8: Calibration step 3 mean live reduction by gradient axis and recording channel in the second calibration session.

As channel imbalance was observed in the calibration results, a diagnostic test was performed
by comparing the better channel playback of the normal setup with the phantom head flipped upside
down setup and the headphone flipped right-left setup. The live reduction of the calibration is shown
in Figure 3.9. Differences in reduction were observed, but the discrepancies are not as extreme as the
imbalance between the two channels observed in Figure 3.8.

Figure 3.9: Channel imbalance test with the better channel playback.

3.3.2. Regular MRI Sequence Evaluation
Following calibration, live PNC performance was evaluated during short phantom-based MRI acquisi-
tions. The regular sequence evaluation was divided into FFE sequence variants, which were used to
assess general phantom reduction performance, and EPI variants, which were used to assess perfor-
mance for a more peak-dominated and temporally demanding sequence type.
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3.3.2.1. Representative FFE Sequence Evaluation
For the FFE evaluation, ten sequence variants were measured and compared across the evaluated
calibration approaches. Live reduction was summarized using broadband reduction, narrowband re-
duction, improvement relative to the original sl014 calibration, temporal repeatability across repeated
step 3 measurements, frequency-dependent spectral reduction, and session-to-session differences in
the equalizer filter reduction quality metric.

For the FFE sequence variants, the mean reduction across CH1 and CH2 is summarized in Ta-
ble 3.1. The values are reported descriptively, because repetitions from the same sequence, session,
and playback setup are not fully independent. The initial-sessionmean reductions are visualized across
individual sequences in Figure 3.10. The initial measurement session showed higher mean reductions
for the chirp-based calibration approaches than for the original sl014 calibration in both the broadband
and narrowband analyses. In this initial session, chirp 4 produced the highest average reduction across
all FFE sequences.

Table 3.1: Mean FFE reduction across CH1 and CH2 over three measurement sessions. Each calibration/session/band
includes 10 FFE sequence variants, five repeated playbacks, and two microphone channels (𝑛 = 100

sequence-repetition-channel measurements). BB = 500–4000 Hz and NB = 500–2000 Hz. Values are mean ± standard
deviation in dB; bold and underline indicate the highest and second-highest values within each session/band.

Calibration Initial session Repeat session 1 Repeat session 2
BB NB BB NB BB NB

sl014 8.76 ± 2.53 9.51 ± 3.21 9.24 ± 2.06 10.11 ± 2.23 9.24 ± 1.65 10.17 ± 1.78
chirp 1 10.79 ± 1.71 11.69 ± 2.07 9.94 ± 1.61 11.09 ± 1.55 9.84 ± 1.47 10.63 ± 1.53
chirp 2 10.30 ± 1.46 10.99 ± 1.40 8.76 ± 0.80 9.43 ± 0.78 8.45 ± 0.98 9.01 ± 1.07
chirp 4 10.89 ± 1.69 12.12 ± 2.23 9.66 ± 1.60 10.85 ± 1.80 9.64 ± 1.17 10.34 ± 1.24

The FFE evaluation was repeated in two additional measurement sessions to summarize session-
to-session variations in the mean reduction values. The repeated sessions did not show a similar low
sl014 reduction for sequence 7. At the same time, the overall reduction values were lower. In repeat
sessions 1 and 2, chirp 1 produced the highest mean reduction in the broadband and narrowband
analyses.

Across the three sessions, differences were observed in both the absolute reduction values and the
ranking of the calibration approaches. In the initial session, chirp 4 produced the highest mean reduction
in both analysis bands, with chirp 1 producing the second-highest values. In both repeated sessions,
chirp 1 produced the highest mean reduction, while chirp 4 produced the second-highest values. Chirp 1
and chirp 4 showed higher mean reductions than sl014 in both analysis bands across all three sessions.
In contrast, chirp 2 showed higher mean reductions than sl014 in the initial session, but lower mean
reductions than sl014 in both repeated sessions and in both analysis bands. The narrowband reduction
was consistently higher than the broadband reduction across all calibration approaches and sessions.

The equalizer filter reduction quality metric for the chirp calibration also differed between measure-
ment sessions, as summarized in Table 3.2. The initial session had the highest channel-averaged
equalizer filter reduction metric, with 27.35 dB, compared with 24.75 dB in repeat session 1 and 24.55
dB in repeat session 2. Imperfect residual equalizer filter components were observed near the analysis-
band boundaries, especially around 500 Hz and 4000 Hz, with more prominent residual components
in the repeat-session measurements.

Table 3.2: Equalizer filter reduction quality metric for the chirp calibration across measurement sessions. Values are shown for
CH1 and CH2, together with the channel-averaged value.

Session CH1 (dB) CH2 (dB) Mean (dB)
Initial session 28.2 26.5 27.35
Repeat session 1 24.0 25.5 24.75
Repeat session 2 25.4 23.7 24.55

During the initial session, sequence 7 showed a lower sl014 reduction than the other FFE variants,
which decreased the overall mean and increased the standard deviation. This scan was acquired after
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manual repositioning of the phantom and headphone setup, which may have changed the acoustic
transfer path despite using guide points to restore the position. Sequence 7 was included in the pri-
mary analysis, but an additional sensitivity analysis excluding it was performed to assess its impact, as
shown in Table 3.3. Removing this variant increased the sl014 mean in both broadband and narrow-
band evaluations. Chirp 4 remained the highest-performing calibration in this initial-session sensitivity
analysis, followed by chirp 1.

Table 3.3: Initial-session FFE mean reduction across CH1 and CH2 with sequence 7 excluded. Each calibration/band includes
nine FFE sequence variants, five repeated playbacks, and two microphone channels (𝑛 = 90 sequence-repetition-channel

measurements). BB = 500–4000 Hz and NB = 500–2000 Hz. Values are mean ± standard deviation in dB; bold and underline
indicate the highest and second-highest values in each column.

Calibration BB NB
sl014 9.37 ± 1.77 10.24 ± 2.47
chirp 1 11.16 ± 1.37 12.15 ± 1.63
chirp 2 10.25 ± 1.34 10.93 ± 1.34
chirp 4 11.29 ± 1.24 12.64 ± 1.65

Figure 3.10: FFE mean reduction for (a) broadband, (b) narrowband, and (c) narrowband - broadband over all calibration
gradients.

The improvements relative to sl014 are illustrated in Figure 3.11. During the initial session, chirp-
based calibrations enhancedmost FFE sequences in the channel-averaged broadband analysis. Given
sequence 7’s lower reduction discussed previously, its specific improvements should be interpreted
alongside the repeat-session results (Table 3.1). Excluding this outlier, sequence 5 with chirp 1 yielded
the largest improvements in both the channel-averaged broadband and narrowband analyses, increas-
ing reductions by 3.72 dB and 4.56 dB, respectively.

The channel-specific heatmaps showed larger calibration-dependent changes in CH1 than in CH2.
Excluding sequence 7, CH1 still showed improvements above 5 dB for sequence 5 across all chirp
calibrations. In CH2, the improvements were generally smaller and more consistent across sequences.
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Negative differences relative to sI014 were observed in selected cases. In CH1, negative broadband
differences occurred for sequence 9 across all chirp calibrations, with the largest decrease for chirp 2.
In the channel-averaged broadband analysis, negative differences were limited to chirp 2 for sequences
1, 4, and 9.

Figure 3.11: FFE mean improvement over sl014 for (a) broadband and (b) narrowband reduction.

To examine whether adding the EPI-Y component affected regular sequence performance, chirp 4
and the combined chirp 4+EPI-Y derived TF were compared directly in a separate session across the
ten FFE sequence variants. As shown in Figure 3.12, the two approaches produced similar reduction
values across sequences. Across all sequences, the mean broadband reduction was 9.26±1.13 dB
for chirp 4 and 9.16±1.25 dB for chirp 4+EPI-Y, while the mean narrowband reduction was 9.94±1.19
dB and 9.78±1.19 dB, respectively. The combined TF produced slightly higher reduction in some se-
quences and slightly lower reduction in others, but the average differences were small and did not show
a consistent direction across sequences.

The temporal and spectral reduction results across the FFE sequence variants for the chirp 4 calibra-
tion are shown in Figure 3.13. Chirp 4 was selected for this representative example because it produced
the highest mean reduction and overall equalizer filter metrics in the initial full calibration comparison.
Visible reduction of the scanner acoustic waveform was observed across the tested sequences. In
the temporal plots, the residual waveform amplitude and envelope differed between sequences and
channels. The corresponding spectra showed frequency-dependent residual components after can-
cellation. For several sequences, the strongest visible suppression occurred around the dominant
spectral components below approximately 1.5 kHz.

The residual patterns differed across sequences. Some sequences showed residual components
distributed across a broader frequency range, while others showed residuals concentrated near the
lower-frequency boundary of the analysis band, especially around 0.5–0.6 kHz. These lower-boundary
residuals were particularly visible in sequences 1, 7, and 9. In sequence 6, residual components were
more prominent toward the upper part of the broadband analysis range.

3.3.2.2. EPI Sequence Evaluation
The EPI evaluation focused on repeated measurements of the 10- and 33-dynamics variants. Com-
pared with the FFE measurements, the EPI residual spectra showed more prominent narrow spectral
peaks. The repeated EPI live reduction results are summarized in Figure 3.14. Across both EPI vari-
ants, the combined TFs generally produced higher broadband reduction than chirp 4.

For the 10-dynamics EPI, the mean broadband reduction across CH1 and CH2 started at 8.40 dB
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Figure 3.12: FFE mean reduction comparison for (a) broadband, (b) narrowband, and (c) narrowband - broadband chirp 4 vs.
chirp 4 + EPI-Y calibration gradient.

for chirp 1+EPI-Y, 8.59 dB for chirp 4+EPI-Y, and 7.56 dB for chirp 4. Across the five repetitions, all
three approaches showed a gradual decrease. By the fifth repetition, the mean broadband reduction
was 7.31 dB for chirp 1+EPI-Y, 7.35 dB for chirp 4+EPI-Y, and 6.53 dB for chirp 4. The two combined
TFs showed similar reduction levels across repetitions, while chirp 4 remained lower.

For the 33-dynamics EPI, the difference between chirp 4 and the combined TFs was larger. The
mean broadband reduction started at 7.43 dB for chirp 1+EPI-Y, 7.57 dB for chirp 4+EPI-Y, and 6.95 dB
for chirp 4. By the fifth repetition, these values decreased to 5.80 dB, 5.76 dB, and 5.14 dB, respectively.
Again, chirp 1+EPI-Y and chirp 4+EPI-Y showed similar reduction trends, while chirp 4 gave the lowest
reduction.

The residual level in the highlighted EPI-dominant band between 750 and 950 Hz is also shown
in Figure 3.14. For both EPI variants, the residual peak increased across repetitions for all calibration
approaches. However, the combined TFs maintained lower residual peaks than chirp 4. This difference
was especially visible in CH2. In the 33-dynamics EPI CH2 measurement, for example, the residual
peak increased from 3.78 mV to 5.17 mV for chirp 4+EPI-Y and from 3.87 mV to 5.30 mV for chirp
1+EPI-Y, while chirp 4 increased from 5.57 mV to 7.47 mV. A similar but smaller separation was also
present in the 10-dynamics measurement.

To further examine the EPI reduction behavior, repeated noise-only and anti-noise-only recordings
were inspected for the EPI 10-dynamics condition, as shown in Figure 3.15. To contextualize the
repetition trend, runs 1–5 were acquired consecutively without an intentional gap, followed by an ap-
proximately 3-minute gap before run 6, a 5-minute gap before run 7, and a 10-minute gap before run 8.
The broadband and narrowband RMS values remained relatively stable throughout the repetitions for
both recordings. Across all runs, the anti-noise-only recording had lower broadband and narrowband
RMS values than the noise-only recording. The estimated reduction, calculated from the noise-only
and anti-noise-only recordings, decreased across the consecutive runs 1–5 and increased again after
the pause before run 6. By run 8, the estimated reduction had returned close to its initial value at run
1.

The EPI strong-band peak magnitude showed a different pattern from the RMS-based comparison.
Although the anti-noise-only recording had lower overall RMS values, it showed a consistently higher
peak magnitude near the EPI-dominant band than the noise-only recording. Within this EPI-dominant
band, the noise-only peakmagnitude showed larger variation across repetitions than the anti-noise-only
peak.
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Figure 3.13: FFE temporal and spectral broadband reduction for chirp 4 gradient derived TF.
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Figure 3.14: Repeated EPI live reduction for chirp 1+EPI-Y, chirp 4+EPI-Y, and chirp 4 TFs. Broadband reduction is shown for
CH1, CH2, and the channel mean in panels (a), (c), and (e), while the corresponding residual amplitudes near the dominant

EPI spectral component around 825 Hz are shown in panels (b), (d), and (f). Solid and dashed lines indicate EPI10 and EPI33,
respectively.

Figure 3.15: Repeated EPI noise-only and anti-noise-only metrics.
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The temporal and spectral EPI results for the 33-dynamics measurement are shown in Figure 3.16
for CH1 and Figure 3.17 for CH2. Visible residual structure remained after cancellation for both chirp
4 and chirp 4+EPI-Y. In CH2, the temporal comparison showed a clearer difference between the two
TFs. With chirp 4 alone, the residual amplitude became larger across time and repetitions, while the
chirp 4+EPI-Y residual appeared more stable over time. This difference was less visible in CH1. The
spectral plots showed a similar pattern, with chirp 4+EPI-Y producing lower residual magnitude near
the highlighted EPI-dominant compared to chirp 4, especially in CH2. Additional residual peaks were
observed around 1.65 kHz, approximately twice the frequency of the dominant EPI spectral component.

(a) Temporal EPI reduction. (b) Spectral EPI reduction.

Figure 3.16: EPI 33 CH1 dynamics live reduction over five repetitions with chirp 4 and chirp 4+EPI-Y derived TFs.

(a) Temporal EPI reduction. (b) Spectral EPI reduction.

Figure 3.17: EPI 33 CH2 dynamics live reduction over five repetitions with chirp 4 and chirp 4+EPI-Y derived TFs.



4
Discussion

This thesis investigated the redevelopment, validation, and evaluation of a PNC system for MRI. The
results showed that the original LabVIEW/MATLAB-based PNC workflow could be successfully rede-
veloped in Python, while preserving the main DSP and workflow behavior of the original implementation
and improving computational efficiency. The phantom acoustic experiments further showed that PNC
performance was strongly affected by calibration quality, sequence-specific acoustic behavior, play-
back stability, timing accuracy, and channel-specific acoustic coupling. This chapter discusses the
findings in relation to the software redevelopment, acoustic performance, and remaining limitations of
the system for reliable noise cancellation during MRI phantom experiments.

4.1. Pipeline Redevelopment and Validation
Although the original PNC system was functional, it was difficult to maintain and extend because of its
restrictive architecture. The workflow relied on LabVIEW for experiment control, audio recording, and
AFG communication, while MATLABwas used for DSP. This dependency reduced openness and porta-
bility, and made debugging less straightforward because the logic was distributed across two separate
proprietary environments. The LabVIEW workflow was also prone to instability due to high memory
use and buffer-related issues when audio recording, workflow execution, and hardware communica-
tion were handled concurrently. This concurrent execution appeared to contribute to race-condition-like
behavior, including hard crashes during audio recording and computationally intensive function calls.
This was a critical practical limitation because it interrupted experiments and wasted allocated scan-
ning time. In addition, MATLAB functions called from LabVIEWwere slow, particularly when processing
longer audio arrays.

The Python redevelopment addressed these limitations by consolidating the full PNCworkflow into a
single, modular framework. Calibration and regular sequence experiments were made accessible from
the same interface, with monitoring information available during experiment execution. This integration
improved workflow continuity because calibration outputs could be reused directly in regular sequence
experiments, sequence settings were easier to inspect and modify, and experiment execution became
less dependent on manual switching between tools. The single-language implementation also simpli-
fied debugging and maintenance, while the modular structure enabled targeted improvements such as
robust clock drift estimation, combined TF generation, and sequence-specific calibration extensions.

Calibration updates improved robustness.
Several targeted calibration updates were added to improve robustness and level control. An impor-
tant change was the use of a more robust clock drift estimation during calibration. Instead of relying on
ordinary linear fitting, which could be affected by outlier delay estimates from noisy or shifted correla-
tion peaks, the Python workflow used a median-based approach that was less sensitive to occasional
poor delay estimates. This was important because clock drift affects resampling, anti-noise timing,
downstream alignment, and ultimately the achieved cancellation. For longer experimental durations,
recalibrating clock drift during regular sequence experiments may therefore be needed to maintain
accurate anti-noise generation.

31
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The added I/O scale derivations also improved calibration reliability. The initial I/O scale provided
a channel-specific mapping between the commanded playback level and recorded microphone level,
helping the first equalization iteration start at a level high enough for a reliable response while remaining
safely below the playback limit. After equalization, the equalized I/O scale accounted for level changes
introduced by the EQ filter and provided a more meaningful anchor between digital playback level and
measured sound level at the microphone position. This information should make it easier in future fMRI
experiments to present sounds at a desired level in the scanner environment.

Python preserved DSP behavior while reducing runtime.
The rebuilt Python system reproduced the main behavior of the original implementation while sub-
stantially reducing computation time. At the DSP level, Python outputs closely matched the MATLAB
reference, particularly for deterministic operations such as filtering, signal shifting, resampling, and drift
correction. These waveform comparisons also confirmed that the Python implementation did not intro-
duce an additional sample lag relative to the MATLAB reference. This timing agreement is important
for PNC because any implementation-induced delay in the generated anti-noise would appear dur-
ing playback as a phase mismatch relative to the scanner noise, reducing cancellation performance.
The preprocessing and filtering functions showed the largest speed-up gains, while more complex cal-
ibration and regular sequence processing showed more modest improvements because these stages
combine several DSP operations.

Larger numerical discrepancies were observed for equalizer design and TF derivation, where some
SER values were lower than in other processing stages. This was expected because these stages
involve filter coefficients, interpolation, spectral-domain operations, regularization, and boundary han-
dling, which are more sensitive to small implementation differences than simpler deterministic opera-
tions.

The lower SER values in intermediate stages did not necessarily indicate poor agreement. In the
PNC workflow, intermediate parameters such as averaged calibration responses and derived TFs are
used to generate anti-noise, and the relevance of their numerical differences depends on whether they
affect the downstream anti-noise signal and reduction metrics. The calibration-chain validation showed
that later calibration outputs remained close to the MATLAB reference, even when some intermediate
outputs were not numerically identical. Estimated and simulated reduction metrics based on these DSP
outputs were also similar to those obtained with MATLAB. This suggests that the Python implementation
preserved the functional behavior of the DSP chain sufficiently for anti-noise generation. In several
cases, Python produced slightly higher reduction metrics than MATLAB, but the differences were small
and should be interpreted as comparable performance.

The computational speed-up has direct experimental relevance. DSP functions are repeatedly
called throughout the PNC workflow, so function-level improvements also reduce the overall execution
time. This is especially beneficial during MRI experiments, where scanner time is constrained by patient
comfort and safety, allocated MRI schedules, and the need for repeated calibration, troubleshooting,
and parameter testing. The reduced processing time allowed additional calibration attempts within the
same scanning session, providing more opportunities to optimize parameters or recover from recording
issues without extending scan duration. At the integrated-workflow level, the Python implementation
reproduced the calibration step 1–3 results and the regular sequence outputs while reducing total ex-
ecution time by approximately 73%. The rebuilt workflow also improved operational reliability during
audio recording, especially when recording was performed together with AFG communication, where
the original LabVIEW implementation was prone to crashes.

Workflow validation supported functional equivalence.
Beyond the matched-input DSP comparison, the integrated workflow validation tested whether the
rebuilt Python implementation reproduced the behavior of the original PNC workflow during calibration-
chain and regular sequence processing. Thematched-input DSP validation isolated implementation dif-
ferences between MATLAB and Python, while the integrated workflow validation tested whether these
differences affected the full PNC workflow. Across the evaluated workflow blocks, the errors remained
below 5%, except for the flagged regular sequence step 1 case. The downstream step 2 and step 3 re-
sults remained closely matched between implementations, consistent with the downstream agreement
observed in the DSP validation. These findings show that the rebuilt Python pipeline was sufficiently
accurate for the tested PNC workflows.
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However, workflow equivalence does not guarantee acoustic robustness across all scanner condi-
tions. Final acoustic reduction also depends on playback-chain stability, triggering, clock drift, equal-
ization quality, and headphone or microphone coupling. The workflow validation therefore provides
evidence that the rebuilt Python implementation reproduced the original workflow for the tested regular
sequence, but it was not intended to cover every possible MRI sequence. Sequences with different
acoustic spectra, timing structure, or dominant residual peaks may still produce different PNC behavior,
as observed later in the differences between FFE and EPI measurements.

Themain exception in the workflow comparison was the regular sequence step 1 result. The original
implementation produced a negative reduction, while the Python implementation produced a positive
reduction that was more consistent with the subsequent step 2 and step 3 behavior. This discrepancy
likely reflects sensitivity in the original step 1 calculation to alignment, window selection, or scaling.
Because step 1 estimates idealized predicted reduction by aligning the predicted and recorded acoustic
trigger responses, it can become unreliable when the trigger prediction has low SNR or when the
alignment peak is ambiguous.

This discrepancy did not extend to later processing steps, which are more relevant for live reduction
because they include residual latency correction and live anti-noise evaluation. The result therefore
suggests that the original step 1 alignment procedure for the regular sequence was not fully robust in
this validation case, while the Python implementation produced a step 1 result more consistent with
later workflow output. However, this conclusion is based on a single representative validation example
and should not be interpreted as evidence of greater Python robustness across all sequence types.

Channel imbalance reflected hardware-path limitations.
The validation further identified slightly greater deviations in CH1 compared to CH2 for several param-
eters, particularly in I/O scaling and regular sequence processing. While these differences remained
within acceptable limits, they suggest that the two channels may exhibit varying sensitivity to imple-
mentation details or hardware characteristics. This channel-specific behavior became more apparent
during later acoustic evaluation, where CH1 and CH2 showed distinct performance patterns.

The channel imbalance observed during calibration is unlikely to be explained primarily by head-
phone fit or positioning. Changing the head phantom orientation or headphone placement affected
the reduction, but did not reproduce the large CH1–CH2 difference observed in the main calibration
results. Thus, the weaker CH1 performance more likely originated from a channel-specific hardware or
acoustic-transfer limitation, such as the headphone driver, playback path, cable connection, or channel-
specific equalization. Based on the available observations, the headphone driver is a plausible con-
tributor, although this was not isolated experimentally.

Accurate amplitude and phase matching in each playback path is critical for PNC performance.
If one channel performs poorly, it can limit live cancellation even when the software implementation
and TF estimation are working as intended. Accordingly, the CH1 behavior should be regarded as a
technical limitation of the current hardware setup, and not a problem with the rebuilt Python pipeline
itself. This interpretation is supported by the observation that a similar channel imbalance was also
present in the original PNC program during the integrated workflow comparison.

Overall, the redevelopment successfully reproduced the main behavior of the original PNC workflow
while providing substantial improvements in speed, stability, and workflow traceability. These improve-
ments made the system more suitable for repeated MRI scanner experiments and future development.
However, the remaining discrepancies show that software equivalence by itself is not sufficient to guar-
antee acoustic performance, because final PNC reduction also depends on alignment, timing accuracy,
recording stability, playback stability, and channel-specific hardware behavior.

4.2. Calibration Gradient Redesign Improves PNC Performance
The comparison of calibration approaches demonstrated that the original sl014 calibration was less
robust than the redesigned chirp-based approaches, while the combined-TF approaches provided ad-
ditional sequence-targeted calibration options. The sl014 calibration exhibited weaker performance
across multiple calibration quality metrics, including TF variability, coherence, live step 3 reduction,
and worst-axis-channel reduction.
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Broadband chirps improved calibration reliability.
The improvement achieved with the broadband chirps can be partly explained by the step 1 excitation
analysis. The sl014 calibration produced lower recorded acoustic levels and weaker spectral coverage
across the calibration band. This likely decreased the effective SNR of the TF estimation. Under
these conditions, the estimated TF becomes more susceptible to background noise, spectral leakage,
alignment uncertainty, and regularization effects. This may explain the higher TF variability and weaker
live reduction observed with sl014. In contrast, the chirp-based gradients produced stronger recorded
excitation, which generally improved the stability of the estimated TF and led to stronger live acoustic
reduction.

Although the broadband chirps improved calibration reliability overall, stronger excitation was not
the sole determinant of calibration performance. The results show that gradient scaling by itself was
not sufficient to predict calibration quality. In the first calibration session, chirp 2 achieved the highest
TF cross-validation SER, indicating strong repeatability of the estimated TF across repeated calibration
measurements. However, this did not translate into the strongest live step 3 reduction or worst-axis-
channel reduction, where chirp 1 performed better. Chirp 1 also showed lower complex TF variability
and higher coherence than chirp 2 in the first session, suggesting that the best calibration setting
depends on which aspect of TF quality is being evaluated.

Chirp 4 was then designed to broaden spectral coverage from 150–4500 Hz to 100–5000 Hz. In the
second calibration session, it achieved the highest TF cross-validation SER and strongest worst-axis-
channel reduction among the single-gradient candidates, consistent with improved TF repeatability and
worst-case robustness. However, chirp 4 did not outperform chirp 1 across all metrics, indicating that
broader excitation provided selective benefits across the PNC pipeline.

TF metrics did not fully predict live reduction.
A key outcome from the calibration evaluation was that TF-domain metrics did not consistently predict
live cancellation performance. In the initial calibration comparison, chirp 2 achieved the highest TF
cross-validation SER, but chirp 1 achieved stronger live step 3 reduction. Similarly, in the second
calibration comparison, chirp 4 achieved the highest TF cross-validation SER and strongest worst-
axis-channel reduction, while chirp 1 still produced slightly stronger live step 3 reduction.

This mismatch likely occurs because step 3 evaluates the full PNC chain, not just TF repeatability.
Live reduction also depends on anti-noise generation, equalization, playback through the AFG and am-
plifier, headphone output, latency correction, acoustic coupling, and microphone recording. Calibration
quality should therefore be assessed using both model-level repeatability and live acoustic reduction,
so that the selected setting reflects the best overall system behavior.

For this reason, chirp 1 and chirp 4 were both retained as useful calibration candidates. Chirp 1
showed the strongest live reduction among the single-gradient candidates in both calibration evalua-
tions, making it a reasonable choice when the main priority is end-to-end acoustic cancellation. Chirp
4, by contrast, achieved strong TF-domain repeatability and the strongest worst-axis-channel reduction
in the second comparison, supporting it as a robust general-purpose calibration option when consis-
tency across axes and channels is important. These results suggest that chirp 1 is preferable when live
reduction performance is the primary criterion, while chirp 4 may be preferable when TF repeatability
and worst-case axis-channel robustness are prioritized.

Combined TFs added targeted EPI information.
Unlike the broadband chirp gradients, the combined TFs were generated by combining information from
separate calibration measurements instead of using a single excitation waveform. The EPI-Y compo-
nent was designed as a targeted, sequence-specific excitation, not as a general broadband calibration
waveform. In the calibration evaluation, the combined TFs were assessed using the corresponding
chirp reference recordings, because the combined estimates were derived mathematically from sep-
arate calibration measurements. Therefore, the step 3 reduction for a combined TF reflects how the
combined estimate performed relative to its chirp reference condition, rather than the response to a
physically combined chirp+EPI-Y excitation.

The main purpose of adding EPI-Y was to increase TF information around EPI-relevant spectral
components. The EPI-Y calibration response showed that the recorded acoustic spectrum was more
complex than the differentiated gradient input spectrum. Although the waveform targeted the domi-
nant EPI-related gradient frequencies, the measured response also contained harmonic-related com-
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ponents. This indicates that the recorded acoustic response was not a one-to-one reflection of the
differentiated gradient spectrum. These harmonic-related components may be visible in the EPI-Y-
only acoustic response, but they may be underrepresented in the combined TF because the regular-
ized least-squares estimator weights each calibration measurement by its differentiated-gradient input
energy. In particular, response components that are strong in 𝑃EPI-Y(𝑓) but weak in 𝐺EPI-Y(𝑓) may
contribute less to the combined estimate after regularization. This may explain why the combined-
TF calibration improved TF information near the explicitly excited EPI-relevant frequencies, while not
necessarily preserving all harmonic-related acoustic components observed in the EPI-Y response.

The combined chirp 1+EPI-Y derived TF showed particularly strong TF-domain stability, with low
magnitude variability, low complex TF variability, and high coherence. Its step 3 live reduction re-
mained comparable to chirp 1, indicating that adding the targeted EPI-Y component did not substan-
tially compromise calibration-stage reduction. For this reason, chirp 1+EPI-Y remained an important
EPI-targeted combined-TF condition for later sequence-specific evaluation.

The chirp 4+EPI-Y combined TF did not demonstrate the same calibration-stage advantage over
its broadband chirp baseline as chirp 1+EPI-Y. Although chirp 4+EPI-Y maintained strong TF-domain
performance, it did not improve mean step 3 reduction or worst-axis-channel reduction compared with
chirp 4. However, chirp 4+EPI-Y was still retained for later evaluation because its TF-domain metrics
remained strong and because it represented the combination of one of the most robust general-purpose
chirp candidates with targeted EPI-Y information. This allowed the later regular-sequence and EPI
evaluations to test whether EPI-specific TF information could provide sequence-dependent benefits
even when calibration-stage live reduction was not improved.

Channel robustness affected calibration selection.
The channel imbalance observed during calibration shaped how the results should be interpreted.
Axis-channel analyses showed that some calibration approaches improved one channel more than
the other. This meant that channel-averaged mean reduction alone was insufficient, because it could
mask uneven performance across channels. For a more complete picture, mean step 3 reduction,
worst-axis-channel reduction, and axis-channel-specific reduction were evaluated collectively.

Overall, the calibration evaluation did not identify a single approach that was superior across all metrics.
Instead, it supported retaining complementary candidates for later testing. Chirp 1 was retained as the
primary live-reduction candidate, while chirp 4 was retained as the more robust broadband candidate.
The chirp 1+EPI-Y and chirp 4+EPI-Y combined TFs were retained to test whether targeted EPI-Y in-
formation could provide sequence-dependent benefits beyond the broadband chirp calibrations. These
findings indicate that calibration gradient design affects both TF stability and live PNC performance,
requiring final calibration selection to balance spectral coverage, TF repeatability, channel robustness,
and end-to-end acoustic reduction.

4.3. Regular MRI Sequence Evaluation
The regular sequence evaluation was used to test whether the calibration improvements translated
into acoustic reduction during MRI sequence playback. Two sequence groups were considered. Short
FFE variants were used as representative regular MRI sequences with relatively broadband acoustic
behavior, while EPI was used as a peak-dominated and temporally demanding sequence relevant for
future auditory fMRI applications.

4.3.1. Representative FFE Performance with Redesigned Broadband Calibration
The short FFE phantom evaluation showed that the redesigned broadband chirp calibrations improved
regular sequence PNC performance compared with the original sl014 calibration. This improvement
was observed in both broadband and narrowband analyses, although the magnitude and consistency
of the improvement varied across calibration designs and measurement sessions. Across the complete
FFE dataset, the redesigned chirp calibrations generally outperformed sl014, while chirp 2 showed less
consistent behavior across sessions. The following analysis therefore focuses on why chirp 1 and chirp
4 emerged as the most reliable broadband calibration candidates for representative FFE sequences.
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Chirp 1 and chirp 4 were the strongest FFE candidates.
Chirp 1 and chirp 4 provided the most reliable FFE reductions, although neither chirp showed a session-
independent advantage over the other. In the initial session, chirp 4 produced the highest mean reduc-
tion, while chirp 1 produced the second-highest values. In both repeated sessions, this pattern was
reversed, with chirp 1 producing the highest mean reduction and chirp 4 producing the second-highest
values. However, the difference between chirp 1 and chirp 4 was small in all sessions compared with
the larger separation from sl014 and chirp 2. This suggests that both chirps provided similarly reliable
FFE performance, with the preferred option depending on session conditions.

One initial-session measurement required separate consideration. Sequence 7 showed especially
low reduction with sl014 and therefore contributed to the lower overall sl014 average in that session.
This low valuemay reflect a position-sensitive stress case, because the phantom had been repositioned
before the scan despite attempts to reproduce the same position using guide points. To check whether
the overall improvement depended mainly on this case, the averages were recalculated with sequence
7 excluded. The redesigned calibrations still performed better than sl014, supporting that the observed
improvement was not driven solely by this low-reduction measurement.

Session conditions affected the preferred chirp.
The reversal between chirp 1 and chirp 4 likely reflected session-dependent playback-chain conditions,
especially headphone coupling and equalizer filter quality. The initial session had the highest equalizer
filter reduction quality metric and showed less prominent residual components near the analysis-band
boundaries. Under these conditions, chirp 4 produced the highest FFE reduction. Because much of the
FFE acoustic energy was concentrated toward the lower end of the analysis band, accurate anti-noise
reproduction near the 500 Hz boundary was likely important for the overall broadband and narrowband
reduction. A better equalized playback path may therefore have allowed chirp 4 to take greater ad-
vantage of its flatter and wider excitation profile, producing more balanced TF estimates across the full
analysis band, including the low-frequency region that strongly contributed to the measured reduction.

Chirp 2 followed the same session-dependent pattern. It performed competitively in the initial ses-
sion, where equalizer quality was highest, but its reduction decreased substantially in the repeated ses-
sions. Although chirp 2 had higher excitation amplitude than chirp 4, its narrower spectral coveragemay
have made it more vulnerable when the equalizer response was less well controlled near the analysis-
band boundaries. The repeated-session results indicate that excitation strength was insufficient without
robust coverage of the full relevant frequency range. Both excitation amplitude and spectral coverage
likely contributed to TF quality, with their relative importance depending on the playback-chain condi-
tions of each session.

In the repeated sessions, where the equalizer filter reduction quality metric was lower and boundary
residuals near 500 Hz were more prominent, chirp 1 produced the highest mean reduction. Its stronger
excitation at higher frequencies within the analysis bandmay have providedmore reliable TF estimation
and cancellation in regions less affected by the low-frequency boundary. This does not imply that chirp 1
reduced the low-frequency residual more effectively. More likely, chirp 1 achieved stronger suppression
in other reproducible spectral components, particularly at higher frequencies where its excitation energy
was greater, which compensated for the reduced cancellation near 500 Hz. This compensation may
explain why chirp 1 performed better when the low-frequency boundary was less clearly equalized.

The complementary behavior of chirp 1 and chirp 4 reflects a trade-off between excitation strength
and spectral uniformity. Chirp 4 has lower raw excitation strength, but provides a flatter and more ex-
tended calibration spectrum. This appears advantageous when the playback system is well equalized
and can reproduce anti-noise accurately across the full analysis band. Chirp 1 provides stronger ex-
citation, but with less spectral uniformity. This may make it more robust when equalization quality is
reduced or when the playback path is less reliable near the lower-frequency boundary. For broadband
PNC, spectral flatness and excitation strength therefore appear to act as complementary calibration
properties. The best calibration choice depends on the calibration gradient together with the head-
phone fitting, equalizer quality, and frequency-dependent reproducibility of the playback chain in a
given session. Thus, chirp 4 may be preferred under well-controlled playback conditions, whereas
chirp 1 may be more practical when equalization quality is less uniform.

Residuals were frequency- and sequence-dependent.
The difference between broadband and narrowband performance further shows that PNC performance
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depended on the analysis band. Narrowband reduction was usually higher than broadband reduc-
tion, indicating that the strongest cancellation occurred in the frequency range where the dominant
FFE acoustic components were concentrated. This interpretation agrees with the spectral plots, which
showed the strongest visible suppression below approximately 1.5 kHz. However, sequence-dependent
behavior was still present. Some sequences responded better to specific calibration TFs, suggest-
ing that TF accuracy at individual spectral peaks, phase response, timing mismatch, and channel-
dependent acoustic coupling also contributed to the final reduction.

The sequence-wise results showed that the residual pattern differed between FFE variants. In the
chirp 4 temporal and spectral examples, chirp 4 generally reduced the waveform amplitude and sup-
pressed the dominant spectral peaks, but the residual energy was not distributed in the same way for
every sequence. Some sequences retained broader residual components, while others showed residu-
als concentrated near the lower-frequency boundary. Sequence 6 showed a different pattern, with more
residual energy in the upper part of the broadband analysis range. These differences show that the
final reduction still depended on where each sequence’s acoustic energy fell within the analysis band
and how accurately those frequency regions were characterized during calibration and reproduced by
the playback path.

Sequence 6 provides a useful example of this calibration-dependent behavior. Because its residual
energy was concentrated at higher frequencies, the higher reduction obtained with chirp 1 for this
sequence is consistent with the stronger high-frequency excitation of that calibration gradient. The two
chirps therefore appear to have achieved strong FFE reduction through different mechanisms. Chirp 4
relied on broader and flatter spectral characterization, while chirp 1 relied more on stronger excitation
in frequency regions that may remain reproducible when low-frequency equalization is less reliable.

This behavior is consistent with the physical requirement of PNC, where the anti-noise must match
the scanner noise in both amplitude and phase at the dominant spectral components of each sequence.
Because these spectral components differ across FFE variants, no broadband calibration TF is ex-
pected to be uniformly optimal for every sequence. Persistent low-frequency residuals around 0.5–0.6
kHz likely limited the achievable reduction in several FFEmeasurements. This frequency region is near
the lower edge of the analysis band and close to the low-frequency limit of the headphone equalization
and anti-noise playback. Even when the calibration TF estimated the scanner response in this region,
the playback system may not have reproduced the required anti-noise amplitude and phase accurately
near the boundary. As a result, some remaining residuals likely reflect low-frequency playback-chain
and control limitations in addition to TF-estimation differences.

EPI-Y information did not compromise FFE reduction.
The separate chirp 4 versus chirp 4+EPI-Y comparison showed that adding the EPI-Y component
did not substantially change FFE reduction. The two approaches produced similar reduction values
across the FFE variants, with chirp 4+EPI-Y performing slightly better in some sequences and slightly
worse in others. Because this comparison was acquired in a separate measurement context from the
main FFE calibration comparison, the absolute values are not directly interchangeable with the main
chirp-gradient results. Nevertheless, the result indicates that adding targeted EPI-Y information did not
introduce an obvious broadband-reduction penalty for the tested chirp 4-based TF. This supports car-
rying the combined-TF approach forward for later EPI-focused evaluation, including both chirp 4+EPI-Y
and chirp 1+EPI-Y, while retaining the corresponding broadband chirps as reference conditions.

Channel imbalance limited mean FFE reduction.
The FFE results also showed clear differences between channels. Calibration-related changes were
more noticeable in CH1 than in CH2. CH1 showed larger reductions in performance with sl014 and
larger improvements with the redesigned calibration gradients, while CH2 remained more stable across
methods. This pattern is consistent with the channel imbalance observed during calibration and the
headphone-positioning checks. Since PNC requires the anti-noise signal to match the scanner noise in
both amplitude and phase at the measurement point, any channel-specific difference in the headphone
path, acoustic coupling, or microphone response can limit the achievable cancellation, even when the
TF estimate itself is stable.

Overall, the FFE evaluation supports chirp 1 and chirp 4 as the preferred broadband calibration op-
tions for representative FFE sequences. Both provided more reliable reduction than sl014 and chirp
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2 across the three sessions, although their relative performance changed with session-specific equal-
ization quality. The sequence-wise and channel-wise residuals show that calibration design was only
one part of the achieved reduction. Residual low-frequency components, spectral overlap between the
sequence noise and calibration response, channel-dependent acoustic coupling, and setup sensitivity
all contributed to the final cancellation. Thus, the redesigned broadband calibrations improved regular-
sequence PNC performance, but the playback chain and channel-specific acoustic path still limited the
maximum reduction.

4.3.2. EPI Performance with Sequence-Specific Combined TFs
The EPI results showed a different limitation than the FFE measurements. While the FFE sequences
were generally improved by redesigned broadband chirp calibration, EPI performance benefited from
adding targeted EPI-Y information to the broadband TF. Both chirp 1+EPI-Y and chirp 4+EPI-Y pro-
duced higher broadband reduction and lower residual amplitudes near the dominant EPI spectral com-
ponent than chirp-only calibration. This agrees with the motivation for the combined TF approach.
Because EPI contains strong sequence-specific spectral peaks, accurate cancellation requires the anti-
noise to match both the amplitude and phase of those peaks.

EPI-Y information drove the combined-TF improvement.
The similar reduction achieved by chirp 1+EPI-Y and chirp 4+EPI-Y indicates that the added EPI-Y
information was the main contributor to the EPI improvement. In this sequence, the acoustic energy
was concentrated around a dominant spectral region, so explicitly including EPI-Y information gave
the TF better amplitude and phase information at the frequencies most important for cancellation. As a
result, the difference between the two combined TFs was smaller than the difference between chirp-only
and chirp+EPI-Y calibration. Chirp 4+EPI-Y therefore should not be treated as superior simply because
chirp 4 performed best in the initial FFE session. For EPI, chirp 1 and chirp 4 acted as comparable
broadband baselines, while the EPI-Y component provided the sequence-specific information needed
to reduce the dominant peak.

EPI improvement remained channel-dependent.
The improvement from the combined TFs was more apparent in CH2 than in CH1. In CH2, the com-
bined TFs produced lower residual amplitudes near the EPI-dominant band than chirp-only calibration,
especially in the 33-dynamics EPI measurement. This channel dependencematches the broader CH1–
CH2 imbalance observed during calibration and FFE evaluation. It indicates that adding more relevant
TF information can improve EPI cancellation, but the final reduction still depends on the channel-specific
playback path, headphone coupling, and acoustic transfer to the measurement position.

Peak-dominated residuals limited broadband calibration.
The EPI results also show why broadband calibration alone was insufficient for this sequence type.
Chirp 4 provided the strongest broadband chirp baseline, but its chirp-only TF did not reduce the dom-
inant EPI residual as effectively as the combined TFs. The improvement observed after adding EPI-Y
information indicates that broader chirp coverage alone was not enough and that the calibration also
needed sequence-specific information near the dominant EPI spectral component. Unlike the FFE
measurements, where the acoustic energy was spread more broadly across the analysis band, EPI
energy was concentrated around narrow dominant peaks. This made the reduction more sensitive to
small amplitude or phase errors at those specific frequencies.

The limitation was not confined to the dominant EPI peak. Compared with the representative FFE
sequences, EPI also showed higher residual energy across a broader portion of the analysis band.
This suggests that the strong peak-dominated response may have influenced the overall broadband
reduction, because small amplitude or phase errors near the dominant component can dominate the
reduction metric while residual energy remains elsewhere in the band.

In addition to the broader residual energy, residual components remained near harmonic-related re-
gions, including the component around 1.65 kHz, approximately twice the dominant EPI spectral com-
ponent. This is consistent with the EPI-Y calibration response, where some harmonic-related acoustic
components were observed even though they were weakly represented in the differentiated gradient in-
put. Adding more sequence-specific calibration content may therefore be useful, although increasingly



4.3. Regular MRI Sequence Evaluation 39

targeted calibration could also overemphasize components that are not stable or consistently relevant
during live playback.

The remaining residuals show that the EPI limitation was not simply a matter of missing spectral
information in the calibration. Even after adding EPI-Y information around the dominant peak, can-
cellation remained sensitive to amplitude mismatch, phase error, harmonic components, and temporal
changes in the scanner acoustic response. This makes EPI more demanding than the representative
short FFE sequences, where the acoustic energy was distributed more broadly, and the redesigned
broadband calibration gradients were generally sufficient.

Repeated EPI playback challenged the fixed LTI model.
The repeated noise-only and anti-noise-only measurements further suggest that the EPI limitation in-
volved time-varying amplitude mismatch. The RMS-based estimated reduction decreased across con-
secutive runs 1–5 and increased again after the pause before run 6, eventually returning close to its
initial value by run 8. This pattern suggests that the mismatch between the scanner noise and the
generated anti-noise was not fully constant over time. However, because this reduction was estimated
from separate recordings, it does not directly represent live cancellation of the EPI sequence.

The peak-based analysis showed that the EPI limitation was not explained only by the initial TF
estimate. The anti-noise-only spectra were relatively repeatable, while the noise-only spectra changed
more across repetitions. In particular, the dominant noise-only peak tended to decrease during the first
consecutive runs, even though the broadband and narrowband RMS values remained relatively stable.
This means that the scanner response changed locally around the dominant EPI component, without a
comparable change in the overall noise level. Under these conditions, a fixed TF and fixed anti-noise
scaling can become less accurate over time, even when the global RMS level and timing appear stable.

These observations point to a limitation of the fixed LTI model for EPI. The combined TF improved
spectral characterization near the dominant EPI peak, but cancellation still degraded when the se-
quence response changed over repeated playback. The remaining error therefore cannot be explained
by missing spectral information in the initial calibration alone. A fixed TF assumes that the acoustic re-
sponse remains constant, while the repeated EPI measurements suggest that the dominant peak can
change over time. This makes the fixed LTI assumption a major limitation for high-duty-cycle, peak-
dominated sequences such as EPI.

Repeated EPI playback may alter the gradient system’s acoustic response through temperature-
related changes. Because EPI has a high-duty-cycle readout, a time-varying mechanical response
could shift the amplitude, phase, or resonance behavior of the dominant acoustic component. The par-
tial recovery after pauses is consistent with this interpretation, although the mechanism was not directly
measured. Overall, the data point to time-varying scanner acoustic behavior, with gradient heating as a
plausible but unconfirmed contributor. This makes sequence-specific, repeated, or adaptive correction
an important open problem for EPI and other peak-dominated sequences.

The recovery observed after pauses of at least three minutes suggests that allowing sufficient rest
between runs may help restore cancellation closer to its initial level. However, adding rest periods is
difficult in real PNCmeasurements because scan time is limited. For future fMRI applications, the trade-
off between acquisition efficiency and cancellation stability will need careful consideration. Defining
the optimal measurement strategy by balancing the number of runs, rest intervals, and the specific
outcomes of interest remains an important next step toward applying PNC in EPI-based functional
imaging.

In summary, the EPI evaluation showed that combined chirp+EPI-Y TFs were more suitable for peak-
dominated EPI measurements than chirp-only calibration. Chirp 1+EPI-Y and chirp 4+EPI-Y produced
similar reductions, indicating that the targeted EPI-Y information was the main source of improvement
once the dominant EPI band was included. This refines the FFE conclusion. Chirp 1 and chirp 4
are both strong broadband calibration candidates, but EPI requires additional sequence-specific TF
information because its acoustic energy is concentrated around narrow dominant peaks. Residual
amplitude mismatch, harmonic-related components, channel dependence, and repetition-dependent
degradation still remained. Thus, sequence-specific TF information improved EPI PNC performance,
but longer EPI acquisitions may require repeated or adaptive correction to maintain stable cancellation.
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4.4. Comparison with Previous PNC Performance
A direct dB-by-dB comparison with the previous PNC study is limited by differences in hardware, play-
back configuration, measurement session, channel arrangement, and analysis bandwidth. The previ-
ous work evaluated reduction over 0.3–4 kHz and 0.5–2 kHz, whereas the present headphone-based
setup focused on 0.5–4 kHz and 0.5–2 kHz because playback below 500 Hz was less reliable. For this
reason, the comparison is more useful as a qualitative, within-system assessment of whether the re-
built Python workflow reproduced the expected PNC behavior and whether the redesigned calibration
gradients improved performance relative to sl014.

The rebuilt pipeline reproduced baseline PNC behavior and enabled improved reduction.
The results support both the rebuilt implementation and the calibration redesign. The original sl014
calibration produced measurable FFE reduction across sessions, indicating that the Python workflow
preserved the basic PNC functionality. Chirp 1 and chirp 4 then improved on this baseline, with more
reliable reduction than sl014 in both broadband and narrowband analyses, even though the equalizer
quality differed between sessions. This shows that the redesigned broadband calibrations improved
regular-sequence PNC performance relative to the original calibration approach under the current hard-
ware and playback conditions.

Frequency- and sequence-dependent limits were consistent with prior work.
The frequency-dependent behavior was broadly consistent with previous PNC observations. Earlier
PNC measurements showed the strongest reduction in the SPL-intensive mid-frequency range, where
many dominant MRI acoustic components were located [39]. In the present FFE measurements, nar-
rowband reduction was usually higher than broadband reduction, and the strongest visible suppression
occurred mainly around dominant components below approximately 1.5 kHz. This pattern suggests
that the redesigned calibrations worked best in frequency regions where the sequence noise was well
represented by the calibration and could be reproduced accurately by the playback chain. Residual
components near 0.5–0.6 kHz also show that the lower boundary of the present headphone equaliza-
tion and playback range limited the achievable reduction.

Broadband calibration did not fully address the peak-dominated EPI measurements. Adding EPI-
Y information reduced the residual near the dominant EPI component, and chirp 1+EPI-Y and chirp
4+EPI-Y produced similar reductions. For this EPI case, the targeted EPI-Y information mattered more
than the choice between the two broadband chirp baselines. Harmonic-related residuals and repetition-
dependent degradation still remained, so a more sequence-specific initial TF did not fully resolve the
EPI limitation.

This is also consistent with themain model limitation identified in the previous PNC study. A fixed LTI
model is limited when the scanner acoustic response changes over time [39]. In the present results, this
was clearest for EPI. The combined TF improved the representation of the dominant spectral region, but
cancellation still degraded during repeated playback. Overall, the present work extends the previous
study by showing that redesigned broadband calibration improved FFE reduction relative to sl014, EPI-
targeted information improved cancellation near the dominant EPI component, and stable cancellation
of peak-dominated or time-varying responses will likely require more than a fixed LTI TF.

4.5. Limitations and Future Work
This work has several technical limitations, each of which suggests directions for future improvement.
These limitations concern the scope of validation, the phantom and playback setup, the assumptions
of the TF model, and the translation of the findings to future MRI applications.

Validation covered a finite set of cases.
Although the rebuilt Python implementation was sufficiently accurate for the tested PNC experiments,
validation was limited to a finite set of test cases. Minor discrepancies in filtering, interpolation, TF
derivation, and boundary handling remained between the original and new implementations. Future
work should therefore expand the range of DSP and workflow validation cases, including additional
calibration waveforms, regular sequence types, EPI-like peak-dominated inputs, low-SNR conditions,
and ambiguous alignment cases.
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Phantom measurements did not capture in vivo conditions.
Experimental validation was conducted only using phantoms, because approval for human subject
experiments had not yet been obtained. While this enabled controlled comparison of calibration strate-
gies, it does not fully replicate in vivo acoustic conditions. Headphone fit, acoustic loading, microphone
placement, ear canal geometry, subject positioning, and bone conduction may all alter the acoustic
transfer path and affect the achieved cancellation. Future work should therefore prioritize in vivo eval-
uation to assess whether the technical improvements translate into improved subject experience and
reduced scanner noise interference during auditory fMRI.

Session and setup variability limited calibration comparisons.
A major limitation of the phantom experiments was their sensitivity to setup and session conditions.
Several comparisons were conducted across different measurement sessions, and the results were
affected by phantom positioning, headphone fit, microphone placement, and equalizer quality. Fu-
ture experiments should separate calibration-gradient effects from session-level playback variability
more systematically. This could include repeated setup-removal and replacement measurements, re-
peated headphone refitting tests, multiple independent equalizer derivations within the same session,
and counterbalanced acquisition orders. The equalizer filter reduction quality metric should also be
evaluated as a session-level quality-control measure before comparing calibration gradients.

Channel imbalance requires hardware-path testing.
Channel-specific behavior remains another key limitation. The weaker reduction observed in CH1
compared with CH2 limits the interpretation of channel-averaged reduction metrics, because average
values can mask poor performance in one channel. Future work should isolate hardware and acoustic-
path differences before attributing channel imbalance to calibration or algorithmic limitations. This could
include headphone driver testing, channel-matching measurements, alternative playback hardware, or
speaker-array-based delivery for more robust anti-noise reproduction.

Low-frequency playback limited cancellation.
The present headphone-based playback setup also limited cancellation near the lower edge of the
analysis band. Residual components around 0.5–0.6 kHz remained difficult to cancel, suggesting that
the playback and equalization chain may not reproduce the required anti-noise amplitude and phase
accurately at low frequencies. Future work should improve low-frequency equalization, characterize
headphone response under phantom and in vivo loading, and consider alternative playback hardware
if low-frequency residuals remain dominant.

EPI may require adaptive or time-varying correction.
For more complex sequence types, especially EPI, future work should address the limitations of the
fixed LTI model. One direction is to design more sequence-specific calibration waveforms that include
relevant harmonic or peak-dominated components, while avoiding overemphasis of spectral compo-
nents that are not stable across playback conditions. Another direction is to retain the LTI model but add
adaptive gain and phase correction using live residual monitoring during or between repetitions. More
flexible acoustic models, including nonlinear, time-varying, thermal, or data-driven models, should also
be investigated to determine whether they improve prediction accuracy and cancellation stability during
longer EPI acquisitions.

Future comparisons need matched analysis bands.
Future comparisons with previous PNC results should use matched analysis bands where possible, or
report reductions across both the current and previous frequency ranges. This is important because
the present headphone-based setup was less effective below 500 Hz, while previous work included the
300–500 Hz range. Within-setup comparisons, such as the improvement of redesigned chirp gradients
over sl014, therefore remain more informative than raw absolute reduction values across different hard-
ware configurations.



5
Conclusion

This thesis redeveloped and evaluated a Python-based PNC framework for MRI acoustic noise re-
duction. The original LabVIEW/MATLAB-based pipeline was successfully rebuilt in Python, including
the main DSP, calibration, regular sequence processing, audio recording, AFG control, and workflow
interface. Validation showed that the rebuilt implementation preserved the main DSP and workflow
behavior of the original system, with full-workflow errors remaining below 5% for the evaluated blocks.
The Python implementation also reduced computation time and improved usability, supporting its role
as an improved replacement for the original system.

Calibration redesign improved phantom-based PNC performance, but no single calibration ap-
proach was superior across all metrics. Compared with sl014, the chirp-based gradients provided
stronger excitation and generally improved TF stability and live reduction. Chirp 1 and chirp 4 were
retained as the preferred broadband calibration candidates because they provided the most reliable
overall performance. These findings show that calibration quality should be evaluated using both TF-
domain metrics and live acoustic reduction, while also considering channel robustness and playback-
chain limitations.

The redesigned calibration approaches also improved regular sequence phantom reduction, espe-
cially for short FFE sequences. Chirp 1 and chirp 4 provided more reliable FFE reduction than sl014
in both broadband and narrowband analyses across the three measurement sessions. Their relative
performance depended on session-specific equalizer quality, with chirp 4 performing best in the ini-
tial session and chirp 1 performing best in the repeated sessions. These results indicate that chirp 1
and chirp 4 are the preferred broadband calibration options for representative FFE sequences, while
also showing that playback-chain quality and low-frequency equalization can affect downstream perfor-
mance. The separate chirp 4 versus chirp 4+EPI-Y comparison showed that adding EPI-Y information
did not substantially compromise FFE broadband reduction, supporting the later use of combined TFs
for EPI-focused evaluation.

PNC performance differed clearly between short representative FFE and EPI. Short FFE reduction
was generally stronger and more repeatable, while EPI showed lower reduction and clearer temporal
degradation. The combined chirp+EPI-Y TFs improved EPI reduction compared with chirp-only calibra-
tion and reduced residual amplitudes near the dominant EPI component around 825 Hz, but residual
peaks, harmonic-related components, and repetition-dependent changes remained. These findings
indicate that peak-dominated and high-duty-cycle sequences require more than broadband calibration
alone, especially when the dominant acoustic response changes over repeated playback.

Overall, the rebuilt Python system was validated as a robust and efficient framework for phantom-
based MRI acoustic noise reduction. The redesigned chirp calibrations improved regular-sequence
reduction relative to sl014, with chirp 1 and chirp 4 providing the most reliable broadband performance
under the present setup. Combined chirp+EPI-Y TFs improved EPI cancellation relative to chirp-only
calibration, but repeated EPI playback remained limited by residual mismatch and time-varying acous-
tic behavior. Future work should focus on channel matching, low-frequency playback, time-varying
acoustic modelling, adaptive correction, and in vivo evaluation.
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A
PNC Canonical Function Mapping

This appendix details the canonical function blocks and artifacts mapped from the legacy LabVIEW
implementation to the current Python architecture.

A.1. System Workflows and Canonical Blocks
Table A.1 outlines all system orchestrations, including general utilities, system calibration, and regular
sequence runs in PNC.

Table A.1: Canonical blocks detailing the purpose and transition from legacy to Python implementation.

ID Canonical block Purpose Legacy
implementation

Python
implementation

Main artifacts /
outputs

General System Blocks
C00 Session

initialization and
workspace setup

Create
experiment
folder, initialize
paths, prepare
run context

PNCcal.vi /
PNC.vi init logic

PNC.py,
src/main.py,
startup window /
workdir selection

working directory,
run paths (A00)

C01 Settings and
shared state

Hold user
settings,
calibration
parameters,
runtime state

LabVIEW set-
tings/calibration
clusters,
in-memory
variables

src/settings.
py,
src/state.py

config values, run
state

C02 Logging and run
traceability

Write process
logs and result
logs

process_log_
message.vi,
csv logging logic

src/utils/
logger.py

.csv or .log logs
(A01)

C03 Audio recording
service

Start, collect, and
close microphone
recording
sessions

labview_
recording_
initiate.vi,
labview_
recording_
collect.vi,
labview_
recording_
close.vi

src/utils/
pnc_audio.py,
src/utils/
record_audio.
py, src/utils/
record_audio_
sd.py

.wav recordings,
buffer data (A02)

Continued on next page

46



A. PNC Canonical Function Mapping 47

Table A.1: Canonical blocks detailing the purpose and transition (continued).

ID Canonical block Purpose Legacy
implementation

Python
implementation

Main artifacts /
outputs

C04 AFG
communication

Upload
waveform(s),
configure
triggering,
start/stop/delete
AFG content

Tektronix
AFG31000 driver
VIs,
write_seq_to_
afg.vi, write_
arr_xyz_to_
afg.vi, write_
short_tfwx_
to_afg.vi,
afg_delete_
files.vi

src/utils/
afg_driver.
py, src/utils/
afg_
sequences.py

uploaded
waveforms,
sequence files,
output scale

C05 Plotting Plot diagnostics
and derived
results for user
inspection

no standalone
plotting block,
integrated in
MATLAB DSP
scripts

src/utils/
plotter.py
and plotting
inside
DSP/runtime

plots, visual QA
(A09)

C06 General DSP
utilities

General
calculation
supporting
advanced DSP

sigdelay2.m,
window_clip_
edges.m,
correv.m,
sigshift.m,
MATLAB
bandpass and
resample

src/dsp/
general.py

Processed data
or array

C07 User interface User friendly
interface for the
PNC program

PNCcal.vi /
PNC.vi front
panel windows

PNC.py UI
window called
from src/ui

UI display

Calibration Workflow
K00 Calibration

controller
Top-level
orchestration of
calibration
workflow

PNCcal.vi calibration
workflow in
src/main.py,
src/runtime/
cal_*
orchestration

full calibration run

K01 Background
noise reference

Measure micro-
phone/environment
baseline noise

background_
noise_
reference.vi,
estimate_
background_
noise.m +
recording VIs

src/runtime/
cal_step0_
background_
ref.py,
src/dsp/
background.py
+ recording utils

background RMS
(A02, A09, A11)

K02 I/O scale
derivation

Determine
amplitude scaling
for EQ derivation

no I/O scale
implemented

src/runtime/
cal_step0_io_
scale.py,
src/dsp/io_
ramp.py +
AFG/recording
utils

I/O scale (A02,
A09, A10)

K02b Microphone SPL
calibration

Determine target
playback for fMRI
scaling

no microphone
SPL
implemented

src/runtime/
cal_step0_io_
scale.py,
src/dsp/io_
ramp.py +
AFG/recording
utils

I/O scale, SPL
threshold result
(A02, A09, A10)

Continued on next page
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Table A.1: Canonical blocks detailing the purpose and transition (continued).

ID Canonical block Purpose Legacy
implementation

Python
implementation

Main artifacts /
outputs

K03 Frequency
sweep test and
drift estimation

Record sweeps,
assess
headphone
response,
estimate clock
drift

frequency_
sweeps_
initiate.vi,
frequency_
sweeps_
collect.vi,
frequency_
sweeps_
analyze.vi,
update_clock_
drift_value.
vi, generate_
sweep_series.
m, process_
sweeps.m +
AFG/recording
VIs

src/runtime/
cal_step0_
frequency_
sweeps.py,
src/runtime/
cal_step0_
update_clock_
drift.py, src/
dsp/sweeps.py
+ AFG/recording
utils

sweep
recordings, drift
estimate (A02,
A04, A06, A09)

K04 Equalizer
derivation

Derive
pre-equalization
filter for playback
chain

equalizer.vi,
prepare_
equalizer_
input.m,
derive_eq_
filter.m,
apply_eq_
filter.m,
plot_eq_
results.m +
AFG/recording
VIs

src/runtime/
cal_step0_
equalizer_
derivation.
py, src/dsp/
equalizer.py
+ AFG/recording
utils

EQ filter, tuning
data, EQ plots
(A02, A05, A06,
A09)

K05 Calibration step 1
acquisition

Record scanner
calibration noise /
gradient
response

Step 1 recording
part of
PNCcal.vi
using recording
VIs

src/runtime/
cal_step1_
transfer_
functions.py
+ recording utils

Step 1 .wav (A02)

K06 Calibration
transfer function
derivation

Process step 1
recording, correct
drift, derive
acoustic transfer
functions

derive_
transfer_
functions.vi,
derive_
transfer_
functions.m

src/runtime/
cal_step1_
transfer_
functions.py,
src/dsp/
calibration_
dsp.py

transfer function
(hxyz), averaged
clips, updated
drift (A03, A06,
A09)

K06b Calibration
combine transfer
function

Combine transfer
function

- src/runtime/
cal_step4_
combine_
transfer_
functions.py,
src/dsp/
calibration_
dsp.py

transfer function
(hxyz)

Continued on next page
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Table A.1: Canonical blocks detailing the purpose and transition (continued).

ID Canonical block Purpose Legacy
implementation

Python
implementation

Main artifacts /
outputs

K07 Calibration
anti-noise output
preparation

Generate step
2/3 calibration
anti-noise from
TFs, polarity
inversion,
equalization

prepare_
calib_step2_
output.vi

src/runtime/
cal_step1_
prepare_
calib.py,
src/dsp/
calibration_
dsp.py

equalized X/Y/Z
outputs, step 1
simulated
reduction (A03,
A07, A09)

K08 Calibration output
selection / reuse

Reuse previously
prepared
calibration output
instead of
regenerating it

select_calib_
step2_output.
vi

src/runtime/
cal_step1_
select_calib.
py

loaded equalized
calibration
outputs

K09 Calibration step
2/3 execution

Send calibration
anti-noise to AFG
and collect
recording
iteratively

Step 2/3 control
loop in
PNCcal.vi +
AFG/recording
VIs

Step 2/3 runtime
flow in calibration
scripts +
AFG/recording
utils

Step 2/3
recordings (A02)

K10 Calibration step
2/3 processing

Estimate latency
and
simulated/live
reduction from
step 2/3
recordings

process_
calibration_
steps_2_3.vi,
process_
calibration_
recording.m

src/runtime/
cal_step23_
process_
calib.py,
src/dsp/
calibration_
dsp.py

latency, reduction
metrics,
corrected outputs
(A06, A08, A09)

Regular PNC Workflow
R00 Regular PNC

controller
Top-level
orchestration of
regular sequence
workflow

PNC.vi regular runtime
orchestration in
src/main.py,
src/runtime/
reg_*

full regular PNC
run

R00b Optional runtime
clock drift
recalibration

Re-estimate drift
during regular
PNC and restart
preparation with
updated drift

no clock drift
recalibration
implemented

regular runtime
orchestration in
src/main.py,
src/runtime/
reg_*,
src/dsp/
sweeps.py,
src/runtime/
cal_step0_
update_clock_
drift.py

updated drift
estimate (A04,
A06)

R01 Regular
sequence input
loading

Load gradient
waveform /
sequence-
specific input
data

gradient input
.mat loading in
PNC.vi flow

regular workflow
input loading

recording
duration

R02 Regular step 1
acquisition

Record scanner
noise for target
regular sequence

Step 1 recording
part of PNC.vi
using recording
VIs

src/runtime/
reg_step1_
prepare_reg.
py + recording
utils

Step 1 regular
.wav (A02)

Continued on next page
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Table A.1: Canonical blocks detailing the purpose and transition (continued).

ID Canonical block Purpose Legacy
implementation

Python
implementation

Main artifacts /
outputs

R03 Regular output
preparation

Correct step 1 for
drift, predict noise
using TFs, invert
and equalize
playback signal

prepare_reg_
step2_output.
vi, process_
reg_output.m,
equalize_reg_
output.m

src/runtime/
reg_step1_
prepare_reg.
py, src/dsp/
reg_dsp.py

predicted
anti-noise (raw
and equalized),
step 1 simulated
reduction (A07,
A09)

R04 Regular output
selection / reuse

Reuse previously
prepared regular
anti-noise output

select_reg_
step2_output.
vi

src/runtime/
reg_step1_
select_reg.py

loaded equalized
regular output

R04b fMRI stimulus
generation and
mixing

Generate fMRI
stimulus, scale it,
and mix it into
prepared
anti-noise before
step 3 playback

no fMRI workflow
implemented

src/runtime/
reg_step3_
pnc_with_
fmri.py

updated
anti-noise
playback,
stimulus files in
work_dir/stim
(A12)

R05 Regular step 2/3
execution

Send regular
anti-noise to AFG
and collect step
2/3 recordings

Step 2/3 control
loop in PNC.vi +
AFG/recording
VIs

src/runtime/
reg_step23_
process_reg.
py flow +
AFG/recording
utils

Step 2/3 regular
recordings (A02)

R06 Regular step 2/3
processing

Estimate residual
latency and
simulated/live
reduction

process_reg_
steps_2_3.vi,
process_reg_
output2.m

src/runtime/
reg_step23_
process_reg.
py, src/dsp/
reg_dsp.py

residual latency,
reduction metrics
(A08, A09)

A.2. System Artifacts and Outputs
Table A.2 defines the primary inputs, artifacts, and output files utilized across all the previously defined blocks,
mapping their legacy counterparts to the new Python file structures.

Table A.2: Main artifacts and outputs transitioned from legacy to Python implementation.

ID Artifact Purpose Produced /
updated by

Consumed /
reused by

Legacy form Python form

A00 Experiment
folder

Root folder for
one
experiment
run and its
saved outputs

Session
initialization
(C00)

All PNC steps working
directory

work_dir

A01 Process /
result logs

Store run
trace,
messages,
and summary
results for
traceability

Logging and
save steps
(C02, runtime
save logic)

User
inspection,
debugging,
post-run
review

yymmdd_
calib_
process_
log.csv /
yymmdd_
process_
log.csv

experiment.
log

Continued on next page
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Table A.2: Main artifacts and outputs transitioned from legacy to Python implementation (continued).

ID Artifact Purpose Produced /
updated by

Consumed /
reused by

Legacy form Python form

A02 Recordings Store raw
microphone
recordings
from
calibration
and regular-
sequence
steps

Acquisition /
execution
blocks
(K01-K05,
K09, R02,
R05)

DSP
processing,
reuse,
validation

.wav
recordings

.wav
recordings

A03 Transfer
functions

Store
estimated
acoustic
transfer
functions
derived from
calibration
step 1

Transfer
function
derivation
(K06),
combine
transfer
function
(K06b)

Calibration
output
preparation
(K07), regular
output
preparation
(R03), reuse
across runs

stored in
yymmdd_
calibration_
data_step_
1.* and also
embedded in
A06 output
tuning file

stored in
yymmdd_
calibration_
data_step_
1.* and also
embedded in
A06 output
tuning file

A04 Drift estimate Store
estimated PC
clock
mismatch /
drift correction
parameter

Sweep
analysis
(K03),
possibly
updated in
step 1/2/3
calibration
(K06, K10)
and drift
re-estimation
in reg
workflow
(R00b)

Calibration
and regular-
sequence
processing
(K04, K06,
K10, R03,
R06)

stored in
yymmdd_
sweep_rec.
* and also
embedded in
A06 output
tuning file

stored in
yymmdd_
sweep_rec.
* and also
embedded in
A06 output
tuning file

A05 Equalizer filter Store derived
playback
equalization
filter and
related
parameters

Equalizer
derivation
(K04)

Calibration
output
preparation
(K07), regular
output
preparation
(R03)

stored in A06
output tuning
file

stored in A06
output tuning
file

A06 Output tuning
file

Main
persistent
calibration
handoff
artifact
containing
tuning
parameters
reused in later
runs

Calibration
save / update
step (K01,
K03, K04,
K06, K10)

Calibration
(K04, K06,
K10) and
regular PNC
workflow
(R03, R04)

yymmdd_
output_
tuning.mat

yymmdd_
output_
tuning.npz

A07 Prepared
equalized
anti-noise
output

Store
generated
anti-noise
playback
signal
prepared for
step 2/3
execution or
reuse

Calibration /
regular output
preparation
(K07, R03)

Output selec-
tion/reuse and
step 2/3
execution
(K08, R04,
K09, R05)

yymmdd_
equalized_
cal_
inputs.mat
/ yymmdd_
equalized_
reg_
inputs.mat

yymmdd_
equalized_
cal_
inputs.npz
/ yymmdd_*_
equalized_
reg_
inputs.npz

Continued on next page
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Table A.2: Main artifacts and outputs transitioned from legacy to Python implementation (continued).

ID Artifact Purpose Produced /
updated by

Consumed /
reused by

Legacy form Python form

A08 Latency and
reduction
results

Store
simulated/live
reduction
metrics and
latency
estimates
from step 2/3
processing

Processing
blocks (K10,
R06)

Result review,
comparison,
and validation

yymmdd_
calibration_
data_*.mat
/ yymmdd_
reg_data_
*.mat

yymmdd_
calibration_
data_*.npz
/ yymmdd_*_
reg_data_
*.npz

A09 Plots Plot process
and results

Plotting /
inspection
functions
(C05)

User
inspection

Plot previews
(not saved)

work_dir/
figures

A10 I/O scale I/O scale or
I/O EQ scale
for equalizer
and fMRI
experiment

I/O scale
derivation
(K02),
microphone
SPL
calibration
(K02b)

Equalizer
derivation
(K04) and
fMRI stimulus
mixing (R04b)

- yymmdd_io_
scale.npz /
yymmdd_io_
scale_EQ.
npz

A11 Background
RMS

Estimate
background
noise floor

Background
noise
reference
(K01)

Equalizer
derivation
(K04)

yymmdd_
background_
test.mat

yymmdd_
background_
test.npz

A12 fMRI stimulus
data

Generated
fMRI stimulus
waveforms
and design
files used for
fMRI play-
back/mixing

fMRI stimulus
generation
and mixing
(R04b)

Step 3
preparation
and execution
when fMRI
mode is
enabled
(R04b, R05)

- work_dir/
stim



B
Python-Based PNC Implementation

B.1. Source Code
The complete source code for the Python-based PNC program is hosted on the Delft University of Technology
GitLab server. The repository can be accessed at https://gitlab.tudelft.nl/mars-lab/pypnc. Access
will be granted upon request, and the repository will be made publicly available upon publication in a journal.

B.2. Graphical User Interface
This section provides extended views of the PNC graphical user interface. These additional screens detail the
software initialization process, hardware configuration, and system calibration workflows that complement the
main experiment control interface discussed in the primary text.

Figure B.1: The PNC Launcher interface. This initial screen allows the user to browse and select the working directory where
experiment data and logs will be stored before starting the main application.
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Figure B.2: The System Configuration tab under the General settings menu. This interface manages essential hardware and
software parameters, including the DSP and audio backends, instrument VISA resource names, safety thresholds, and timing

parameters.

Figure B.3: The Calibration tab. This menu provides comprehensive controls for system calibration routines prior to an
experiment. Key configurations include background noise floor testing, PC clock drift estimation, equalizer settings, and I/O

scale calibration.
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Figure B.4: The Experiment tab. This menu provides comprehensive controls for regular sequence experiments. Key
configurations include configurations for sequence list and fMRI settings.
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