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a b s t r a c t

Near-field scanning microwave microscopy offers great potential to facilitate characterization, develop-
ment and modeling of materials. By acquiring microwave images at multiple frequencies and amplitudes
(along with the other modalities) one can study material and device physics at different lateral and depth
scales. Images are typically noisy and contaminated by artifacts that can vary from scan line to scan line
and planar-like trends due to sample tilt errors. Here, we level images based on an estimate of a smooth
2-d trend determined with a robust implementation of a local regression method. In this robust ap-
proach, features and outliers which are not due to the trend are automatically downweighted. We de-
noise images with the Adaptive Weights Smoothing method. This method smooths out additive noise
while preserving edge-like features in images. We demonstrate the feasibility of our methods on topo-
graphy images and microwave | |S11 images. For one challenging test case, we demonstrate that our
method outperforms alternative methods from the scanning probe microscopy data analysis software
package Gwyddion. Our methods should be useful for massive image data sets where manual selection of
landmarks or image subsets by a user is impractical.

Published by Elsevier B.V.
1. Introduction

Near-field scanning microwave microscopy (NSMM) offers
great potential to facilitate characterization, development and
modeling of materials. In NSMM, broadband microwave mea-
surements and atomic force microscopy topography measure-
ments at the nanometer scale are simultaneously acquired [1–7].
The simultaneous acquisition of microwave measurements and
topography measurements is enabled by the integration of a one-
port microwave signal path with a conventional atomic force mi-
croscope. The magnitude of the reflected microwave signal (| |S11) is
measured with a vector netword analyzer. A review of the NSSM
experimental technique is presented in [8]. Experimental appli-
cations include studies of dopants and defects in nanowires [9–11]
and semiconductors [12–15,17]; characterization of wavelength-
dependent conductivity and localized depletion regions in pho-
tovoltaics [18–20]; and cellular imaging and DNA studies of bio-
logical materials [21–24].
Images are acquired by scanning a sample line by line. Each
scan line corresponds to a row (or column) in the acquired image.
In order to maximize NSMM sensitivity at any operational fre-
quency, that frequency is selected to be near the nearby frequency
which yields the local minimum of the magnitude of the reflected
microwave signal. One drawback of this strategy is that mechan-
ical noise perturbs the location of microwave cabling and other
instrument components, and hence produces artifacts in the ac-
quired microwave signal that vary from scan line to scan line. In
the simplest case, this source of error could introduce an additive
offset that varies from scan line to scan line. Impurities or charging
effects can also yield artifacts. Due to sample tilt errors, images can
be distorted by planar (or nearly planar) trends. Moreover, additive
noise obscures signals of interest. The focus of this paper is on
robust and adaptive statistical methods to detrend, denoise and
remove artifacts from measured images.

In particular, we focus on robust [25,26] and adaptive im-
plementations of local regression [27–29] and local likelihood
models [29–31] to detrend and denoise images. These methods are
very flexible because they do not require explicit knowledge of a
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global parametric model. Instead, a local model is fit to a neigh-
borhood about each location of interest. For instance, for 2-d
images, the model could be a piece-wise constant, a plane or a
quadratic surface. The size of the neighborhood is adjustable and
influences results.

Topography images are typically distorted due to sample tilt
errors. Some commonly used methods require the user to select a
subset of the image for analysis and fit some model to this subset.
For instance, in the software package Gwyddion [32], the subset
could be a few landmarks or a larger fraction of the observed
image with a user-selected mask. In contrast to these image subset
methods, the modern statistical methods presented here are less
subjective for two reasons. First, they do not require that the user
specify an image subset or landmarks. Second, these models are fit
to any observed image in a robust manner where large (in mag-
nitude) residuals about the trend due to features of interest or
outliers are automatically downweighted. In this work, we im-
plement a robust version of the local regression method LOCFIT
[29] to estimate smooth 2-d trends in images.

There are many methods to smooth noise in images [33].
However, simple methods such as 2-d kernel smoothing and
median filtering smooth noise at the expense of blurring edge-like
features in images. One can denoise images with a variety of
methods designed to preserve edge-like features with more so-
phisticated methods including non-linear diffusion [34,35], wa-
velets [36], curvelets [37], contourlets [38], bandlets [39], and
Adaptive Weight Smoothing [40–43]. Here, we denoise images and
remove artifacts with the Adaptive Weights Smoothing (AWS)
method which is a local likelihood method. In this approach, local
models are fit by a weighted likelihood approach where the
weights are adaptively determined for a variable size neighbor-
hood about any point of interest. Since the weights can drop to
zero near abrupt jumps in an image, this approach can preserve
sharp features while suppressing additive noise in regions where
the “true” image is smooth.

We illustrate our methods for atomic force microscopy topo-
graphy and microwave | |S11 images acquired from a micro-capacitor
calibration sample, a GaN nanowire, and a ferrite material. Note
that the atomic force microscope topography images are acquired
in contact mode with the tip apex in direct contact with the
sample. Typical image scan times are about 10 min. For this wide
variety of examples, our approach dramatically suppresses arti-
facts, noise, and trends while preserving features of interest. For a
very noisy ferrite material, we demonstrate that our approach
dramatically outperforms an alternative approach based on
methods in the software package Gwyddion. Although we focus on
NSMM, the methods presented have broad applications in raster
and scanning probe imaging modalities including: laser micro-
scopy [44–46], scanning coherent anti-Stokes Raman microscopy
[47], and Raman spectroscopy [48–50], luminescence imaging [51–
53], fluorescent imaging and single molecule spectroscopy [54,55],
photo acoustic molecular imaging [56], nonlinear sum frequency
generation imaging [57–59], and aberration-corrected scanning
transmission electron microscopy [60].
2. Methods

In this work, we level images, correct scan lines for offset ar-
tifacts, and denoise images. For leveling, we first estimate a
smooth trend with a robust implementation of a local regression
method called LOCFIT. At each point, we fit a local planar model
where the neighborhood about each point is specified by a span
parameter. In our approach, we set this span parameter to its
maximal value of one. To suppress additive noise, this robust
version of LOCFIT downweights large residuals by minimizing a
bisquare cost function [25]. The scaling factor in the bisquare
function is set to six times the median absolute residual. This ro-
bust fitting procedure is similar to the robust LOESS fitting pro-
cedure due to Cleveland [27].

We suppress scan line artifacts by subtracting the median
measured value in any scan line from all measured values in that
scan line. This correction method, available in Gwyddion, is
plausible provided that the fraction of the scan due to features of
interest is small (much less than 0.5) compared to a smooth
background because the median estimate of a central value of a
distribution of interest breaks down when over half of the ob-
servations are due to a contaminating source with a different
distribution [25,26]. Similarly, our leveling method based on a
robust fit of LOCFIT to 2-d images is appropriate when the fraction
of the image occupied by features of interest is much less than 0.5.

We denoise and suppress artifacts with the AWS method. In the
AWS method, the weighted likelihood function at point x is
modeled as

∑θ θ=L W x w x p Y( ( ), ) ( ) log ( , ),
(1)i

i i

where Yi is measured at xi, wi is the weight corresponding to the
measured value at xi and the point of interest at x, p is the like-
lihood of Yi given the model parameter vector θ. The basic idea of
the AWS approach is to adaptively select the size of a neighbor-
hood about any point of interest and the associated weights in that
neighborhood. The overall smoothness of the image depends on
the choice of a bandwidth parameter, hmax, that specifies the
maximum size of any local neighborhood, and a parameter λ that
determines when to stop expanding the size of the local neigh-
borhood about any point according to a hypothesis test criterion.
In general, as λ increases, the resulting image becomes smoother.
Hence, λ can be regarded as an adjustable smoothing parameter.

Each image of interest is processed as follows:
�
 Estimate trend Itrend from observed image Iobs with robust im-
plementation of LOCFIT.
�
 Get residual image = −I I Ires obs trend.
�
 Correct each scan line in Ires by subtracting corresponding
median value in each scan line. Denote this row-corrected
image as Ires cor, .
�
 Estimate LOCFIT trend for Ires cor, and residual image, ⁎Ires cor, ,
about this trend.
�
 Smooth ⁎Ires cor, , with AWS algorithm to get final processed im-
age Iprocess.

In general, detrending changes the mean value of an image. For
the | |S11 microwave images considered here, we add a constant to
processed | |S11 values so that mean values of the observed and
processed images agree. For Atomic force microscopy (AFM) to-
pography images, we subtract the minimum value from the pro-
cessed image so that minimum value of processed image is zero.

For all applications of the AWS method here, we assume a
Gaussian likelihood model for observations within each local
neighborhood, and fit a local quadratic model about each point of
interest. Further, we set the maximum size of each neighborhood
hmax to 24.

Software for the LOCFIT and AWS algorithms described above is
available from the public domain package R [61].
3. Examples

3.1. Capacitance image

We consider a very noisy topography image of a micro-



Fig. 1. Atomic force microscopy topography images of micro-capacitor calibration sample. (a) Observed. (b) Estimated smooth trend determined with LOCFIT method.
(c) Residual image about trend. (d) Row-corrected and detrended version of (c).
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capacitor calibration sample acquired by a NSMM with an AFM
capability. In Fig. 1, we show the observed image Iobs, the LOCFIT
trend estimate Itrend, the residual image Ires, and row-corrected and
detrended image ⁎Ires cor, , . In Fig. 2, we compare selected scan lines
for Iobs and ⁎Ires cor, , . In Fig. 3, we compare selected scan lines for Iobs
and the processed image Iprocess. For the AWS algorithm, we as-
sume a Gaussian likelihood function for the data. We increased the
smoothing parameter λ to 1000 times its default value in order to
suppress artifacts that we attribute to charging effects. As a caveat,
this choice of λ is based on scientific judgement. In future work,
Fig. 2. Atomic force microscopy topography images of micro-capacitor calibration samp
(c) Scan line comparison at = μy 3.28 m for (a). (d) Scan line comparison at = μx 0.47 m f
lines respectively.
we will investigate the feasibility of statistical learning methods
[62] for selecting λ.
3.2. GaN nanowire

For a GaN nanowire, we acquire both an AFM topography im-
age and a | |S11 image at 18.5 GHz. The platinum tip of the instru-
ment probe has a radius of curvature of approximately 20 nm. For
smoothing, we assume a Gaussian likelihood model for the AFM
topography and | |S11 images and set the smoothing parameter λ in
le. (a) Observed (same data as shown in Fig. 1a). (b) Same data as shown in Fig. 1d.
or (b). In (c) and (d) observed and processed results are plotted as dashed and solid



Fig. 3. Atomic force microscopy topography images of micro-capacitor calibration sample. (a) Observed (same data as shown in Fig. 1a). (b) Smoothed version of Fig. 1
(d) determined by the AWS method. (c) Scan line comparison at = μy 3.28 m for (a). (d) Scan line comparison at = μx 0.47 m for (b). In (c) and (d) observed and processed
results are plotted as dashed and solid lines respectively.
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the AWS algorithm to its default value.
Additive noise is clearly more significant in the | |S11 image

compared to the AFM topography measurement (Figs. 4 and 5). To
illustrate how well the AWS method dramatically suppresses ad-
ditive noise while preserving features of interest, we compare a
scan line before and after denoising with the AWS method for the
S11 image of the nanowire (Fig. 6).

The line-to-line variation of median observed values in the
leveled | |S11 image is visually more dramatic than the line-to-line
Fig. 4. Atomic force microscopy topography images of GaN nanowire. (a) Observed. (b)
offsets, and denoised.
variation of median observed values in the leveled AFM topo-
graphy image (Fig. 7). Further, after correcting the leveled | |S11
image (Figs. 5b) for a offset that varies line-to-line, band-like ar-
tifacts are significantly suppressed (Fig. 5c). In contrast, for the
topography image, the leveled image (Fig. 4b) and image after
correcting for line-to-line offsets (Fig. 4c) are, visually, very similar.

To quantify the observed variation of scan line medians, we
define the following metrics:
Leveled. (c) Leveled and corrected for scan offsets. (d) Leveled, corrected for scan



Fig. 5. | |S11 images of GaN nanowire. (a) Observed. (b) Leveled. (c) Leveled and corrected for scan offsets. (d) Leveled, corrected for scan offsets, and denoised.

Fig. 6. (a) | |S11 values before denoising (solid line), and after denoising (dashed line) along the scan line as shown in Fig. 5(c) and (d). (b) Observed (solid line) and processed
atomic force microscope topography measurements (dashed line) corresponding to the scan line as shown in Fig. 4(a) and (d).
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Δ =
−
−

r r
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Δ =
−
−

r r

I I
,

(3)level
max level min level

max min

, ,

where rmin obs, and rmax obs, are the minimum and maximum values of
the scan line medians for the observed image, rmin level, and rmax level,
are the minimum and maximum values of the scan line medians
for the leveled image, and Imin and Imax are the minimum and
maximum value of the final processed image Iprocess. For the to-
pography image, Δobs and Δlevel are 0.213 and 0.032 respectively.
For the | |S11 image, Δobs and Δlevel are 1.327 and 0.955 respectively.
Thus, after leveling, the relative variation of the scan line medians
for the | |S11 image is approximately 30 times greater for the | |S11
amplitude image relative to the topography image according to
these metrics. As a caveat, the observed variation of scan line



Fig. 7. (a) Median values of observed, leveled and row-corrected surface height values for each row of topography images (Fig. 4) of a GaN nanowire. (b) Median values of
observed, leveled and row-corrected values for each row of | |S11 images (Fig. 5) of a GaN nanowire.
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medians could be due to the joint effect of instrumental artifacts
and physical effects related to topographic and material variability.

There are common features in both the AFM topography and
| |S11 images. Comparison of a particular scan line demonstrates this
point clearly (Fig. 8). As-grown GaN nanowires are known to have
Fig. 8. Comparison of a scan line from processed topography
a hexagonal cross section, the observed | |S11 scan lines in Fig. 8,
display a series of local minima that we attribute to the presence
of sharp topographic edges, including the edge of the nanowire as
well as the boundaries between the facets on the surface of the
wire. Our ultimate goal is to quantify material properties and
(Fig. 4(d)) and | |S11 (Fig. 5(d)) images of a GaN nanowire.



Fig. 9. Comparison of NIST and Gwyddion methods for processing GaN images. (a) Processed microwave S11 images according to NIST (solid line) and Gwyddion (dashed
line). (b) Processed atomic force microscope topography images according to NIST (solid line) and Gwyddion (dashed line) methods.
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device physics based on both topography and microwave mea-
surements. Hence, understanding the dependence of measured
| |S11 on both topographic variations and material property varia-
tions is a key, and ongoing, research topic.

In Fig. 9, we compare results determined with our methods for
detrending, denoising and artifact removal with those obtained by
Gwyddion. In the Gwyddion approach, leveling is based on a
planar trend fit to the full image. Row-to-row offsets are estimated
Fig. 10. | |S11 images for a ferrite material. (a) Observed. (b) Processed version of (a) based
lines from (b) (dashed) and (c) (solid).
based on the median value in each row. Finally, the image is de-
noised with the edge-preserving Kuwahara filter [63]. For the
microwave S11 measurement (Fig. 9(a)), compared to Gwyddion,
our methods appear to yield somewhat sharper and less noisy
results for the region where there are a series of local minima. For
other regions, our method appear to smooth out noise much
better than the Gwyddion method. For the atomic force
on Gwyddion software. (c) Processed version of (a) based on our methods. (d) Scan
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microscopy topography measurement, (Fig. 9(b)), the Gwyddion
detrending method failed to level the image as well as our ap-
proach did. Furthermore, the Kuwahara denoising method appears
to introduce sawtooth-like artifacts (Fig. 9(b)) not apparent in the
raw AFM topography image (Figs. 4 and 6(b)).

3.3. Ferrite material

In Fig. 10, we compare an observed | |S11 (Fig. 10a) image for a
ferrite material and the associated processed image determined by
the methods described in this paper (Fig. 10(c)). For comparison, we
leveled, row-corrected and denoised the same observed image with
software from the public domain package Gwyddion (Fig. 10b).
Visually, our methods yield superior results compared to Gwyddion.
As a caveat, for microwave S11 images less noisy than the considered
here, the difference between our methods and those in Gwyddion
may not, in general, be as dramatic. Further, for the example con-
sidered, there surely are more effective edge preserving denoising
methods to compare with the AWS method than the Kuwahara
filter method. Comparison of the AWS method with other methods
such as wavelets is beyond the scope of this study.
4. Summary

For a variety of examples including a capacitance calibration
sample, a GaN nanowire, and a ferrite material, we demonstrated
that our adaptive and robust local regression method dramatically
suppress artifacts, noise, and trends while preserving features of
interest in both atomic force microscopy topography images and
microwave S11 images acquired with an NSMM. In particular, we
demonstrated the feasibility of a robust local regression method
for determining smooth 2-d trends in NSMM images. In this robust
approach, we estimated the smooth trend with LOCFIT from all
measured values in a manner that automatically downweighted
measured values due to outliers and features of interest. Unlike
many other popular methods based on user-selected landmarks or
subsets, we estimate a smooth trend from the entire image. Hence,
the user need not select landmarks or image subsets. As a caveat,
our approach is for cases where the fraction of the image occupied
by features of interest is much less than 0.5. Our methods should
be useful for massive image data sets where manual selection of
landmarks or image subsets by a user is impractical. We also
presented a new metric that quantifies the observed range of scan
line offset artifacts that vary from line-to-line.

We demonstrated the feasibility of the AWS method for de-
noising and smoothing out artifacts for both AFM topography and
microwave | |S11 images. For a very noisy | |S11 image of a ferrite
material (Fig. 10) and for AFM topography and microwave | |S11
images of a GaN nanowire (Fig. 9), we demonstrated that our
approach outperformed an alternative approach from the software
package Gwyddion that included denoising with the edge-pre-
serving Kuwahara filter. In the LOCFIT and the AWS methods, we
set adjustable parameters that control the overall smoothness of
the processed image based on scientific judgement. In future work,
we plan to research statistical learning methods [62] for auto-
matically determining such parameters, and methods to quantify
the random uncertainty associated with processed images.

For a GaN nanowire, topography and | |S11 images revealed
common features in both (Figs. 4 and 5). The observed | |S11 scan
lines in Fig. 8, displayed a series of local minima that we attribute
to the presence of sharp topographic edges, including the edge of
the nanowire as well as the boundaries between the facets on the
surface of the wire. However, the AFM topography measurement
did not resolve these local minima. (Figs. 4, 5 and 8). In general, we
expect that NSSM measurements to vary with frequency as
discussed in [3]. However, we expect the performance or our
processing methods for detrending, denoising and artifact removal
to be similar.

Our ultimate goal is to quantify material properties and device
physics based on both topography and microwave measurements.
Hence, understanding the dependence of measured | |S11 on both
topographic variations and material property variations is a key,
and ongoing, research topic.
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