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Fast 3D localization of nano-objects in
wide-field interferometric scattering
microscopy via vectorial diffraction
model-derived analytical fitting
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Interferometric scattering microscopy (iSCAT) enables tracking single nano-objects in three
dimensions (3D). Conventional imageprocessingmethods for 3D localization in iSCAT typically rely on
template matching, which involves finding the maximum cross-correlation with modeled
interferometric point spread functions (iPSFs). However, this approach can be computationally
intensive and hinders the processing of nano-object movements on a large scale. In this study, we
introduce an efficient analytical fitting approach for retrieving the 3Dpositions of nano-objects inwide-
field iSCAT. We derive an approximate analytic iPSF model based on the Richards-Wolf vectorial
diffraction model. The simplified analytic function includes a quadratically scaling amplitude term and
a linearly scaling phase term, both of which change with the nano-object’s axial position. After using
the Bayesian estimation method to obtain initial parameters, we can retrieve the axial location of the
nano-object through univariate least squares fitting, achieving a 60- to 200-fold increase in processing
speed comparedwith templatematching. Intriguingly, we also show that without approximation, least
squares fitting can yield higher precision than cross-correlation. We validate the proposedmethod by
measuring the movements of static and moving nanoparticles in multiple experiments. In particular,
we record the movements of nanoparticles on the order of tens of nanometers accompanying the
thermal expansion of a polydimethylsiloxane (PDMS) substrate. The retrieved nanoparticle
displacement matches the estimated expansion from finite element modeling. By combining precise
Bayesian estimation of the fixed parameters and analytical fitting inwhich the only variable is the nano-
object’s axial position, ourmethod enables high-throughput 3D tracking of nano-objects in awide field
of view. This approach may benefit label-free monitoring of nano-objects (such as nanoparticles,
exosomes, and viruses) on a large scale.

Interferometric scattering microscopy (iSCAT) has become a powerful
imaging technique that enables detecting and tracking individual nano-
objects, including nanoparticles, viruses, and proteins1–5. iSCAT utilizes
common-path interferometry to enhance the signal contrast of scattered
light, facilitating highly sensitive quantitative analysis of nano-objects.
The interference between the reference and scattered light produces the

interferometric point spread function (iPSF) pattern in the form of
intensity signal captured by the camera. The iPSF contains information
about the nano-object’s scattering amplitude and phase, which encodes
the defocus of the object and the relative optical path difference (OPD)
with respect to the reference plane (typically the upper surface of the glass
coverslip)6.
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As such, several studies have pioneered axial localization of nano-
objects using iSCAT7–10. The most common approach involves generating
iPSF templates corresponding to all possible parameter sets using a physical
model, such as the Richards-Wolf integral model11–16, and finding the best-
matched iPSF pattern within this library by cross-correlation against the
experimentally captured iPSF6,17–21. For simplicity, we will refer to this
method as template matching. Besides the fundamental limit set by the shot
noise, the localization sensitivity of the template matching approach is also
limited by the discrete sampling interval of the iPSF templates in the axial
direction.Therefore, 3D localizationusing templatematchingoften requires
constructing a large library of iPSF patternswith sufficient granularity while
covering awide parameter range. The process offinding the bestmatch thus
necessitates iterating through all possible parameter sets of the modeled
iPSFs, which can be computationally intensive and time-consuming.

Besides template matching, localization of single nano-objects in
iSCAT can be treated as an estimation problem in the realm of statistics,
particularly for maximizing localization accuracy. While maximum like-
lihood estimation was often used to localize fluorescentmolecules in single-
molecule localization microscopy22–24, de Wit et al. showcased a Bayesian
parameter estimation framework for the 3D localization of single nano-
objects in iSCAT that incorporated prior information about parameter
distributions7. This method can also quantify correlations between para-
meters, such as the scattering phase and the nanoparticle’s axial position,
and their marginalized uncertainty. However, this statistical approach
requires a relatively resource-intensive sampling of the posterior using the
Markov chain Monte Carlo (MCMC) method25,26. Similar to template
matching, the Bayesian estimation method would fall short if a fast-
processing time is essential for high-throughput extraction of nanoparticle
locations across a large field of view (FOV).

In this paper, we present a method that combines Bayesian estimation
and analytical fitting to enhance the efficiency of 3D localization of nano-
objects in iSCAT, while the 3D localization task is divided into two more
manageable sub-problems: lateral localization in ðx; yÞ and axial localization
in z. Regarding lateral localization, we employ the radial variance transform
(RVT) method to convert the iPSF pattern from concentric rings into a
single bright spot27. Subsequently, the trackpy algorithm is used to dyna-
mically track the lateral position of the nano-object28. For the axial locali-
zation, we derive an approximate iPSF model based on the Richards-Wolf
integral, which turns the iPSF pattern into a univariate analytic function of
the nano-object’s axial location zp. Such a function allows axial localization

via direct analytical fitting, while other necessary parameters can be deter-
mined in advance using the Bayesian estimation method. We utilize least
squares as the loss function tofit themodel to the experimental iPSFpattern.
The analytical fitting approach was validated through multiple simulations
and experiments, demonstrating its applicability andprecision in both static
and dynamic tracking scenarios.

Results
Vectorial diffractionmodel-derived iPSFanalytic function for fast
axial localization
The schematic diagramof iSCATunderwide-field illumination is illustrated
in Fig. 1a, with a camera capturing the interference pattern between the
reference light reflected by the top surface of the coverslip and the scattered
light from the nano-object. The intensity detected on the camera can be
formulated as follows:

I ¼ jEref j2 þ jEscaj2 þ 2jEref jjEscajcosΔφ ð1Þ

where I is the intensity detected by the camera, Eref is the reference field
reflected by the coverslip’s top surface, Esca is the scattered field from the
nano-object, and Δφ is the phase difference between the reference and the
scattered field.

Previous studies have shown that iPSF patterns can be accurately
modeled using the Richards-Wolf integral6,8,11. This precise vectorial dif-
fractionmodel allows for separate generation of amplitude and phasemaps,
as illustrated in Fig. 1a, which demonstrates that both amplitude and phase
vary with changes in the nanoparticle’s axial position zp. Consequently, the
location information can be extracted from both amplitude and phase, a
process achievable through the proposed analytical model described in the
following Eq. (2).

In a lowNA iSCAT imaging system, the small beam angle ensures that
polarization effects are minimal. Therefore, the vectorial scattered field Esca
can be approximated to an analytic function of the nanoparticle’s axial
position zp parameterized by the focus position zf , numerical aperture NA,
wave number k, etc. that are fixed during the recording (see Supplementary
Methods, Section I - III), where

Escaðr; zpÞ ¼ �iEs0 � J 0ðrÞ � AðzpÞ � eiΦðzpÞ ð2Þ

(a) (b)

Fig. 1 | Diagrams of a wide-field iSCAT and simulated iPSFs. a Schematic diagram
of a wide-field iSCAT imaging system. The amplitude and phase variations of the
scattered field, as predicted by the Richards-Wolf model, are presented as functions
of particle displacement in both two-dimensional (2D) (upper) and one-
dimensional (1D) (lower) representations. The 1D plot is derived from the center
point of the scatteredfield as an example. Notably, all pointswithin the scatteredfield

follow a quadratic amplitude change and a linear phase change with respect to the
particle displacement, consistent with the theoretical predictions of the Richards-
Wolf integral model. Scale bar: 2 μm. b A low NA example (NA = 0.5) of the mer-
idional profile of the iPSFs as a function of the nanoparticle’s axial position zp,
showing periodic intensity variations with the peak intensity gradually decreasing as
|zp| increases.
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where Escaðr; zpÞ is the simplified scalar scattered field. J 0ðrÞ is a super-
position of modified zero-order Bessel function across all beam angles (see
SupplementaryMethods, Section III), while r refers to the distance from an
arbitrary point on the image plane to the center point. Es0 is a scaling factor
proportional to the complex polarizability of the particle and the wave
number of the incident field6.

In the approximate model, the amplitude term A exhibits a quadratic
relationship with respect to the particle axial position zp and system defocus
zf , which can be derived as

A zp
� �

¼ z02 z0 1
� � �

� k2

2

ik

1

2
64

3
75; ð3Þ

where

z0 ¼ n0pzp þ n0f zf : ð4Þ

Meanwhile, ΦðzpÞ exhibits a linear correlation with zp, in which

Φ zp
� �

¼ k � npzp þ nf zf
� �

: ð5Þ

For simplicity,n0p andn
0
f are definedas the effective refractive indices in

the amplitude term,np andnf aredefinedas the effective refractive indices in
the phase term. The detailed expressions of the effective refractive indices
and the derivation can be found in Supplementary Methods, Section I-III,
Eqs. (S8-S32).

To validate the feasibility of the proposed analytical model in Eq. (2),
which represents the interferometric point spread function (iPSF) as a
combination of a linear phase term and a quadratically scaling amplitude
term, simulationswere performed using the original Richards-Wolf integral
model. Figure 1a visualizes the unwrapped phase shift29 and the amplitude
variationwith respect to thenanoparticle’s axial position zp. Theunwrapped
iPSF pattern’s phase and amplitude variations closely match linear and
quadratic functions, respectively, as indicated by the dashed lines, demon-
strating consistency with the proposed model. Figure 1b presents a

meridional profile of the iPSFs as a function of zp, further supporting the
model’s validity by revealing periodic intensity changes attributed to the
linear phase change with zp and a gradual decrease in peak intensity as |zp|
increases, primarily due to the quadratic relationship between the amplitude
and zp.

For axial localization of nano-objects, we assumed a constant system
defocus zf during the nano-objects’movement. Consequently, wewere able
to estimate zf and other system parameters using the Bayesian estimation
method in advance. Once the zf is known, the modeled iPSF pattern Î
became a function of a single variable, zp. We employed least squares esti-
mation (LSE)30 to retrieve zp by fitting the modeled iPSF pattern Îðr; zpÞ to
the experimental one IðrÞ. The error ϵ should satisfy the following
requirement:

ϵ zp
� �

¼ min
zp

jĵIðr; zpÞ � IðrÞjj2
F ð6Þ

where jj � jjF represents the Frobenius norm31.

Nanometer-scaleprecisionand largedynamic rangeachievedby
the analytical fitting method in localizing nanoparticles under
wide-field iSCAT
We validated the feasibility of the proposed analytical fitting method and
compared its performance with conventional template matching method
through simulations (SupplementaryMethods, Section IV), demonstrating
a superior efficiency and sensitivity. The proposed method outperformed
conventional approaches in speed by ~100 folds (Table S1) and exhibited
higher sensitivity than cross-correlation under low signal-to-noise ratio
(SNR) conditions (<10 dB) (Fig. S3). Meanwhile, the localization error
between the proposed approximatemodel and the ground truth was <2 nm
forNAs lower than0.8, indicatinghighdegrees of similarity between the two
models (Fig. S2).

To validate the sensitivity of the proposedmethod under experimental
conditions, static iPSF patterns of 200 nm nanoparticles were recorded at a
frame rate of 1 kHz over a duration of 10 s. Figure 2a presents an image
extracted from the video, where the iPSF patterns are sparsely distributed
across the FOV.The inset of Fig. 2a provides an example of the fitting result.
Since the particles were static, their axial positions were expected to remain

(a) (b)

(c)

(d)

(e)

-0.5 0.1 0.7 1.3 1.9 2.5
Contrast

Cross-correlation
Proposed model

LSE

Fig. 2 | Fitting results in the static situation. a An extracted frame from the
recorded experiment video with a 48 μm × 48 μm FOV. Inset: a single iPSF pattern
from the experimental data (left) and its corresponding 2D fitting data obtained
using the proposed analytical model (right). Scale bar in inset: 1 μm. b Comparison
of axial position fluctuations estimated using template-matching methods and the

proposed analytical model fitting approach. c PSD of the axial position fluctuations
presented in (b). d Comparison of axial position fluctuations in imaging 200 nm
nanoparticles and 40 nm nanoparticles. e PSD of the axial position fluctuations
presented in (d).
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constant. We assessed possible focus drift over the 10-s recording using
Bayesian estimation and observed minimal variation (∼3 nm), which vali-
dated the assumption of a constant system defocus during the recording.
The performance of the proposed method was compared to conventional
template matching using cross-correlation. Furthermore, template match-
ingwithLSE, selected as the loss function in this study,was also includedas a
benchmark for comparison. The robustness of localization was assessed
across three methods: cross-correlation template matching, LSE template
matching, and analytical model fitting. Over 10,000 frames, the standard
deviation of localization fluctuation was 1.6 nm for the proposed approach,
3.0 nm for the cross-correlation template-matching, and 1.4 nm for the LSE
template-matching. These results demonstrate the high reliability of the
proposed method and confirm the feasibility of using LSE as the loss
function. The fluctuation and power spectrum density (PSD) curves are
presented in Figs. 2b, c.

For a region of interest (ROI) of 27 × 27 pixels in size, the proposed
analytical model achieved a fitting speed of ~200 frames per second on an
Intel Xeon Gold 6330 CPU and ~700 frames per second on an Apple M2
CPU (Table S2). In contrast, conventional template matching was running
at a speed of approximately 3.3 frames per second on an Intel Xeon Gold
6330, making it 60 times slower than the fitting-based approach, which
highlights the significant advantage of the proposed fitting model for high-
throughput particle localization. The size of the ROI is a critical factor
influencing image processing speed, as an increase in the pixel count directly
leads to longer processing times.On theother hand, too small ROI sizesmay
result in truncating the iPSF pattern, wasting a substantial portion of the
signal energy and reducing the localization precision.

Considering the practical application and generalizability of the pro-
posed method, we also evaluated its performance in localizing small
nanoparticles. We selected gold nanoparticles with a diameter of 40 nm for
our study as it was previously demonstrated for tracking membrane
dynamics in live cells20. The results, as depicted in Fig. 2d, e, are consistent
with expectations: As the particle diameter decreased, the contrast of iPSF
exhibited a discernable reduction, leading to a higher fluctuation in the
estimated axial position. The standard deviation of localization fluctuation
reached 2.7 nm for 40 nmnanoparticles, compared with 1.6 nm for 200 nm
nanoparticles (Fig. 2d).

In addition to localizing static nanoparticles to test the axial localization
sensitivity, the proposed approach is also applicable for 3D tracking of
dynamic nanoparticles.We conducteda diffusion experiment inwhich gold
nanoparticles were allowed to move freely in water. The total recording
duration was 1 s with 4800 frames at a frame rate of 4.8 kHz. For axial
localization, the nanoparticle displacement estimated by the analytical

fittingmethod is shown inFig. 3a.TemplatematchingbasedonLSEwas also
applied as a benchmark. The average localization deviation between the
proposed method and template matching using LSE was 1.4 nm (Fig. 3a,
inset), which is close to the noise level of localizing the same type of
nanoparticleswhen theywere static (Fig. 2b). Figure 3bprovides an example
of the experimental iPSF and the fitting result.

In order to facilitate 3D trajectory tracking, we also applied RVT to
convert the iPSF patterns into single bright spots27. Subsequently, the x-y
positions of the converted bright spots were determined by trackpy28,32. The
estimated 3D trajectory is plotted in Fig. 3c. The proposed analytical model
took 36.2 s to track themovement of a single nanoparticle over 4800 frames
(53 × 53 pixels), while the template-matching methods took around 2 h,
which demonstrates the high efficiency of the proposed method.

High-speed iSCAT imaging of nanoparticle displacement accu-
rately revealed thermal energy deposition
To assess the accuracy and reliability of the proposedmodel,we conducted a
thermal energy deposition experiment. PDMS, a silicone elastomer widely
used in various scientific applications33, was selected as the material for this
experimentdue to itswell-characterized thermal andmechanical properties.
Staining PDMSwith red dye allows it to absorb blue light and generate heat,
resulting in thermal expansion34. The thermal expansion can be estimated
with high accuracy using finite element modeling, given the deposited light
energy and the sample geometry35. To experimentally measure the thermal
deformation during the photothermal effect and the subsequent recovery
due to heat dissipation, nanoparticles were immobilized on the PDMS
surface. Their movements were recorded using high-speed iSCAT imaging
and processed using the analytical fittingmethod. The detailed design of the
PDMS structure and the experimental parameters are elaborated inMeth-
ods and Supplementary Methods, Section VI.

To better observe the thermal expansion and recovery, we applied a
blue laser with an illumination intensity of 0.23W=cm2 and pulse duration
of 100 ms. The total recording time was 1500 ms with 15,000 frames at a
frame rate of 10 kHz. The processing time for this large number of frames
was capped at 45 s for a single nanoparticle, underscoring the efficiency of
the proposed tracking method.

The laser source was aligned to achieve a uniform heating within the
FOV of iSCAT, theoretically ensuring identical PDMS deformation in the
FOV.We heated the PDMS substrate from the top, while its bottom surface
embeddedwithnanoparticles faceddown towards themicroscopeobjective.
We applied glucose solution that matched the refractive index of PDMS in
between the PDMS and the glass coverslip at the bottom to avoid unwanted
back reflection in iSCAT.To remove the remainingbackgroundunevenness

Fig. 3 | Dynamic tracking of the particle move-
ment. a The axial displacement trajectory in 1 s
estimated by the proposed analytical fitting
approach and template matching using LSE. Inset:
the difference between the axial localization results
using the two methods. b A 2D fitting example
comparing the experiment iPSF (left) and the fitted
iPSF (right). Scale bar: 2 μm. c The 3D trajectory of
the particle diffusion in water.
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in the iSCAT image, a high-pass Gaussian spatial filter was applied to
remove the low spatial frequency components that corresponded to the
background unevenness.

Figure 4a illustrates a spatially filtered iSCAT image of multiple
nanoparticles within a 48 μm× 48 μm FOV, where the color represents the
maximumdisplacement after heating the sample. In the inset, an example of
a target iPSF and its corresponding fitting result is provided. Furthermore,
the scatter plot in Fig. 4b validates the consistency of the displacement
measurements observed in Fig. 4a. Statistical analysis revealed that themean
maximum displacement of all nanoparticles was 29.4 nm, with a standard
deviation of 6.2 nm.

The initial 100 ms of the recording remained unheated for reference,
while the heating process started at t = 100 ms and ended at t = 200 ms.
Figure 4c illustrates the simulated heat distribution in the sample at two
critical moments: the moment when the heating pulse ended and the
moment when the recording concluded. Figure 4d presents the 1D tem-
perature variationat the centerpoint on the top surface ofPDMS, alongwith
the average displacement curve of all detected nanoparticles. The simulation
results show that the temperature reached its peak immediately upon the
termination of the heating pulse, followed by a gradual decrease as heat
dissipated over time. Additionally, the displacement curve estimated by the
simulation is provided for comparison, demonstrating strong agreement
between experimental observations and simulation results. Furthermore,
the linearity of the estimated displacement observed during the heating
process demonstrates the feasibility and reliability of the proposed method.
These results revealed that when a pulsed laser heated the PDMS surface,

rapid thermal expansion occurred due to intense and sudden local heating.
As the heat dissipation in the lateral dimension was much slower, the
nanoparticle displacement exhibited an almost linear relationship with the
energy deposited. Such a linear relationshipwas proposed as interferometric
calorimetry by Goetz et al. using quantitative phase imaging and optical
coherence tomography35.Once the laser pulse ceased, the thermal expansion
began to recover. The low thermal conductivity of PDMS caused heat dis-
sipation to occur at a relatively slow rate33,36,37, leading to a nonlinear and
gradual recovery process.

Discussion
This article presents an analytical fitting approach for efficient axial locali-
zation of nano-objects in wide-field iSCAT. The proposed method, derived
from the Richards-Wolf integral, considers a linear phase shift and a
quadratic amplitude changewith respect to the nano-object’s axial position.
Compared with conventional approaches, the proposed method sig-
nificantly outperformed in terms of speed (60- to 200-fold increase). It also
exhibited superior sensitivity in low SNR conditions (<10 dB) compared to
template matching using cross-correlation. We demonstrated the sensitiv-
ity, dynamic range, and accuracy of the proposed method through simu-
lations and experiments. Intriguingly, theLSE-basedmethods, including the
proposed analytical fitting method, can achieve higher sensitivity than the
conventional templatematching based on cross-correlation (Figs. 2 and S3).

To implement the methods discussed in this study, a valid diffraction
model is critical. In the far-field limit, the scattered field from a point source
is often approximated using the Rayleigh model38,39. However, the Rayleigh

T 
(K
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0.00

0.19

0.38

Time (ms)

(a) (c)

(d)

(b)

Fig. 4 | The results of the thermal expansion experiment. a The estimated max-
imum displacement of multiple nanoparticles in a wide field and an example of the
experimental iPSF (upper) and its corresponding fitting result (lower). Scale bar: 1.5
μm. b The scatter plot of the nanoparticles’ maximum displacements in (a), where
the x-axis represents the x-coordinate of the nanoparticles. The mean value of the
maximum displacements is 29.4 nm. cThe temperature distributions when the laser

pulse ended at t = 200 ms (upper) and when the recording ended at t = 1500 ms
(lower) simulated by finite element modeling. d The temperature variation at the
center point on the top PDMS surface during the heating and recovery process
(upper) and the averaged axial displacement of the nanoparticles (lower). The
simulated bottomPDMS surface displacement is shown as the dashed red curve. The
heating started at t = 100 ms and ended at t = 200 ms.
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approximation neglects the detailed optical properties of the sample, such as
the refractive indexdifference between themediumand the coverslip, which
are particularly relevant in microscopy. To ensure accuratemodeling of the
scattering electric field captured by the detector, this study employed the
Richards-Wolf integral, a robust vectorial diffraction model6,8,11,13,14,38.
Unlike the Rayleigh model, which assumes a uniform medium and scalar
wave propagation, the Richards-Wolf integral rigorously incorporates the
effects of refractive index changes andmultiple reflections and refractions at
interfaces. Our analytical fitting approach was derived from the Richards-
Wolf model but requires no complicated computations or iterations.
Meanwhile, it also allows for the incorporation of optical aberrations in its
modified zero-order Bessel function J 0ðrÞ and extrapolation to an arbitrary
analytic model of multiple overlapping iPSFs with their centers determined
by the RVTmethod, making it promising for high-throughput 3D tracking
of nano-objects in future studies.

Methods
Wide-field iSCAT microscopy
A wide-field iSCAT was constructed for all experiments. The light source
was a supercontinuum laser (SuperK FIANIUM FIU-6 OCT, NKT Pho-
tonics, A/S, Birkerød, Denmark) with a spectrum truncated between
820 nm and 840 nm using a band pass filter (FBH830-10, Thorlabs Inc.).
The beam was guided to the back focal plane of the objective lens through
two pairs of afocal telescopes and the polarizing beamsplitter (CCM1-
PBS252/M, Thorlabs Inc.). To enhancing the detection sensitivity of the
system to scattered signals and effectivelymitigating unwanted background,
a quarter wave plate (AQWP10M-580, Thorlabs Inc.) was installed between
the objective and thePBS,working in tandem to refine thepolarization state.
In the detection path, the collected light was directed to the camera
(Phantom VEO1310, Ametek, USA) through an imaging lens (ACT508-
1000-A, Thorlabs Inc.). For all experiments, a 20× oil immersion objective
(CFI Plan Fluor 20XC MI, Nikon Instruments Inc., NA = 0.75) was
employed. The refractive indexof the immersion oil (n = 1.51)matched that
of the coverslip, which effectively eliminated reflection from the bottom
surface and ensured a clear background.

Bayesian estimation of the fixed parameters
Our 3D localization process relies on knowing critical experimental para-
meters, such as systemdefocus, nanoparticle size, refractive indices, andNA,
to generate an analytical iPSF model, and the Bayesian estimation method
was employed at the beginning to obtain the system defocus zf and the
nanoparticle size R for the analytical model. According to Bayes’ theorem,
prior distributions were assumed for each parameter: normal distributions
for the system defocus zf and particle size R, and a gamma distribution for
the noise parameter7, which can be mathematically expressed as:

R � Normal μR; σR
� �

;

zf � Normal μzf ; σzf

� �
;

σnoise � Gamma μσnoise ; σσnoise

� �
:

ð7Þ

For parameter inference, we employed Hamiltonian Monte Carlo
(HMC) sampling as implemented in PyMC40. The sampling process
involved gradient computation, optimization via automatic differentiation,
and posterior sampling for each parameter to obtain its estimated value.
During Bayesian estimation, the proposed analytical model was utilized to
generate the predictive intensity and define the likelihood function. Sub-
sequently, we performed 10,000 MCMC samples to obtain the posterior
distribution and computed the mean estimate for parameter inference. For
instance, the optimal estimated result of zf is:

bzf ¼ E zf
h i

¼ 1
N

XN
i¼1

z ið Þ
f ; ð8Þ

where N is the number of samples (N ¼ 10; 000 in the study), and i is the
iteration index.

Axial localization of nanoparticles by analytical fitting
For axial localization, the analyticalmodel wasfitted to the experimental iPSF
pattern by accounting for the linear phase shift and quadratic amplitude shift.
The corresponding axial displacement was then determined by minimizing
the loss function inEq. (6). Prior to thefittingprocess, essential pre-processing
steps were performed to enhance the accuracy of the model fitting. In the
proposedmodel, the computed intensity valueshavephysical significanceand
are expressed in the unit of irradiance, whereas the light intensity recorded by
the camera is in digital units. If the camera’s gain, quantumefficiency, and the
imaging system’s total transmittance arewell calibrated, suchadigital unit can
be converted to a physical unit, which allows the model to leverage the
additional information in the absolute light intensity. To streamline the
process and enhance the adaptability of our method, we opted to forgo this
calibration but to normalize the modeled iPSF to the experimental iPSF.
Specifically, we linearly rescaled the simulated iPSFs to the experimental ones
by their intensity ratio at the center point following the equation,

Î r; zp
� �

¼ Î0 r; zp
� �

� I 0ð Þ
Î0 0; zp
� � ; ð9Þ

where Î0ðr; zpÞ denotes the modeled iPSF pattern without normalization,
I rð Þ is the experimental iPSF pattern, and Îðr; zpÞ is the modeled iPSF
pattern after normalization.

During the fitting process, LSE was employed as the loss function to
minimize the sumof squared differences between the normalized intensities
of corresponding pixels in the target and modeled images41.

Lateral localization of nanoparticles using RVT and Trackpy
For lateral localization, the interference rings in the iPSF were transformed
into a bright spot using RVT27. This approach quantified shape character-
istics by calculating the variance of pixel intensities along radial lines ema-
nating from a center point, effectively capturing both local and global ring
patterns27. The calculated variance highlighted symmetric patterns by
measuring the radial intensity changes. Once the transformation was
complete, the resulting bright spot was localized using the trackpy28 algo-
rithm as the particles exhibited lateral dynamics.Trackpy identified particles
by locating local intensity maxima, typically employing band-pass filtering
and thresholding to reducenoise and enhance feature visibility.After particle
locations were identified, the algorithm linked particles across successive
frames by minimizing the total displacement between them, employing
methods such as the Crocker-Grier method32 or cost-minimization
techniques42,43. This robust algorithm effectively handled noise, accom-
modated varying particle densities, and supported advanced features such as
subpixel localization and trajectory refinement, making it highly suitable for
analyzing dynamic systems28,32. For nanoparticles fixed in the lateral direc-
tion, a simplified approach could be adopted. Following the RVT, a global
threshold was applied to select bright spots, and the center of each spot was
determined for all frames using the weighted centroid method44 at the
subpixel level. The coordinate of the center xc; yc

� �
can be calculated as:

xc ¼
PN

i¼1ωi � xiPN
i¼1ωi

; yc ¼
PN

i¼1ωi � yiPN
i¼1ωi

ð10Þ

where (xi; yiÞ is the coordinate of the current pixels within the bright spot,
ωi is the corresponding weight. The intensity of each pixel is applied to
compute the weight in this paper.

Imaging static and free-floating nanoparticles in wide-
field iSCAT
Nanoparticleswith a diameter of 200 nmwere immobilized on the coverslip
to prevent undesired motion. For analysis, an individual nanoparticle was
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manually cropped within a defined ROI measuring 27 × 27 pixels. The
center of the iPSF patternwas alignedwith the center of the ROI. The size of
each pixel on the sample plane was 0.18 μm.

For the dynamic tracking of individual nanoparticles inwater, large gold
nanoparticles with a diameter of 200 nmwere utilized tominimize the effects
of Brownian motion during particle movement in the solution. This config-
uration facilitated the deposition of nanoparticles onto the coverslip surface,
ultimately resulting in their stationary state.A largerROIof 53×53pixelswas
selected to capture additional interferometric rings caused by the greater axial
displacements, thereby enhancing the accuracy of the analyticalmodelfitting.

PDMS sample preparation and thermal expansion experiment
For the thermal experiment, a blue laser diode (PD-01236, Lasertack
GmbH, Germany) with 445 nm working wavelength was applied as the
heating beam. Our sample was designed so that the iSCAT imaging beam
would not pass through the heated region in the PDMS to avoid thermal
lensing effect22. In this case, we introduced the heating beam from the top
surfaceof the PDMSwhile the iSCAT imaging beamcame from the bottom.
Additionally, the PDMS layer was designed to be sufficiently thick to ensure
complete absorption of the heating beam.

For energy deposition through photothermal effect, the main PDMS
layer was dyed using a saturated solution of hexane and Oil Red O dye (Cat
No. A12989.22, Thermofisher, USA) in a 1:1 weight ratio. Gold nano-
particles with a diameter of 200 nm were attached to the bottom surface of
PDMS using a Poly-D-Lysine solution (Cat No. A3890401, Thermofisher,
USA). A coverslip placed on the top surface of PDMS constrained its
upward expansion. We used two ultrathin tapes to attach the PDMS to
another coverslip substrate to create a chamber that allowed PDMS to freely
expand downwards. We injected glucose solution into the gap between the
PDMS and the substrate to avoid unwanted backreflection in iSCAT ima-
ging. The concentration of the glucose solution was designed to match the
refractive index of the PDMS45. The detailed experimental parameters are
listed in Supplementary Methods, Section VI.

To identify multiple nanoparticles in a wide FOV, the RVT was first
applied to convert all iPSF patterns into bright spots. A threshold was then
selected to distinguish the bright spots from the dark background, and the
lateral positions were determined using the weighted centroid method44.
After obtaining the centroid position, individual iPSFs were cropped in
small ROIs (27 × 27 pixels) to estimate the axial displacement using the
proposed analytical fitting approach.

Data availability
All data needed to evaluate the conclusions in the paper are present in the
paper and the Supplementary Information. Three example datasets, cor-
responding to the static nanoparticle experiment, thermal expansion
experiment, and particle diffusion experiment, can be downloaded from
https://github.com/NTU-Ling-lab/fast-iscat. Additional data pertaining to
this paper may be requested from the authors.

Code availability
The algorithm demo for our fast axial localization method can be found at
https://github.com/NTU-Ling-lab/fast-iscat.
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