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Plasmonic color filter array based
visible light spectroscopy

Jyotindra R. Shakya, Farzana H. Shashi & Alan X. Wang™*

Compared with traditional Fabry—Perot optical filters, plasmonic color filters could greatly remedy the
complexity and reduce the cost of manufacturing. In this paper we present end-to-end demonstration
of visible light spectroscopy based on highly selective plasmonic color filter array based on resonant
grating structure. The spectra of 6 assorted samples were measured using an array of 20 narrowband
color filters and detected signals were used to reconstruct original spectra by using new unmixing
algorithm and by solving least squares problem with smoothing regularization. The original spectra
were reconstructed with less than 0.137 root mean squared error. This works shows promise towards
fully integrating plasmonic color filter array in imagers used in hyperspectral cameras.

Visible Light Spectroscopy has many applications including cancer detection!~, remote sensing*-, mineralogy’,
food safety® and artwork authentication and preservation®'2. Conventional RGB camera can provide only 3 color
information, which is often insufficient to detect sharp features in spectrum. Hence cameras with many color
channels are often used for spectroscopy. Such imaging systems are called hyperspectral cameras which has many
widespread usages. Visible light spectroscopy when used in imaging modality rather than spot spectroscopy
allows computational algorithms to take advantage of spatial-spectral information such as spectral similarity in
neighboring spatial pixels. Various algorithms have been proposed for reconstructing sample spectrum from
hyperspectral images which take advantage of spatial-spectral information'*-*.. Hence improvements in hyper-
spectral imagers and cameras are essential towards progression in visible light spectroscopy. With development
and advancement of technology, the hyperspectral cameras have been miniatured into form factors that are
similar to regular cameras. The hyperspectral camera can use various types of color filters such as dye based
filters, Fabry-Perot based filters and plasmonic color filters. The state-of-the-art hyperspectral CMOS camera*>*
uses Fabry-Perot based Bayer color filter array**. To fabricate many spectral filters, however, it takes as many
processing and lithography steps as the number of spectral bands desired. In contrast, plasmonic color filters can
be fabricated in single lithographic step regardless of the number of spectral bands. This is because the spectral
peaks in plasmonic color filters depend only on lateral dimension. Integration of plasmonic color filters in CMOS
imagers greatly reduce cost of the imagers and overall hyperspectral cameras. Due to these benefits, there has
been many publications of plasmonic color filters including hole arrays®*-?%, patch arrays® and 1-D gratings®*-*2.
Although hole arrays and patch arrays can be used as color filters, due to the wide transmission peak, it is not
suitable when high spectral resolution is needed. Furthermore, plasmonic color filters with resonant grating
structure provides much narrower transmission spectra®*** and hence allows for resolving spectral features
even with sharp edges. There are many publications on plasmonic color filters using gold and silver in infrared
region. Due to the high loss and inferior plasmonic properties, gold and silver do not perform well in the visible
range, especially towards shorter wavelengths. Hence aluminum can be used as plasmonic material in visible
range. In addition to the lower loss in visible range, low fabrication cost, mature processing and compatibility
with CMOS process makes aluminum a good choice as plasmonic material for integration with CMOS imager.
In this paper, an end-to-end demonstration of visible light spectroscopy using aluminum plasmonic color filter
array is presented.

Advantages of resonant grating structure. Plasmonic color filters can be designed using either 1-D
(grating) or 2-D structure (hole array or patch array). Due to periodic structure, these structures have counter
propagating SPP modes due to Bragg reflection, which forms standing SPP modes in the periodic structure.
However, such modes are highly lossy due to conductive losses in the metals used, which leads to broader
resonant peaks and less spectral selectivity. An addition of slab waveguide under the grating provides means
to periodically replenish energy into the resonant modes hence enhancing Q-factor. The standing SPP mode
in the grating couples to the guided mode in the slab waveguide based on evanescent wave coupling. Such
plasmonic grating filters with buried slab waveguide have narrower resonant peaks compared to conventional
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(a)

Figure 1. Schematic of Plasmonic Grating Filter with buried slab waveguide with illustrative E-field lines in red
and the annotated parameters. Period of grating is P (260 nm to 450 nm at 10 nm steps), gap between fingers

is G (60 nm), thickness of the metal is Tm (40 nm), thickness of the waveguide is Tw (90 nm) and distance
between grating and waveguide is Tb (60 nm). The metal is Aluminum, the waveguide is made of Silicon Nitride
layer buried in Silicon Dioxide and substrate is Silicon Dioxide.
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Figure 2. (a) Simulated spectra of filter array (20 filters) with period varied from 260 to 450 nm at 10 nm steps.
(b) FWHM of each filter. (c) Total E-field plot of a unit cell of filter No. 10 at peak wavelength of 547 nm.

plasmonic grating filters. The distance to the slab waveguide can be tuned to optimize the design of such struc-
ture. If the slab waveguide is very close to metal structure, the guided mode inside the slab waveguide becomes
lossy and hence the resonant peaks become broader. If the slab waveguide is too far, the coupling becomes less
efficient, and the structure gradually changes towards conventional plasmonic grating filter without waveguide.
Figure 1 shows the schematic of resonant grating structure and corresponding dimensions. The resonant grating
structure has narrow passband in the range of 10-20 nm, which allows for high resolution spectroscopy. Due
to complex nature of coupling between the grating and slab waveguide, there is no analytical method (to our
knowledge), to design and optimize such structure without resorting to EM solvers. Hence the filter structure
(Fig. 1) was designed and optimized using Rigorous Coupled Wave Analysis (RCWA) technique.

Results

Filter array design and simulation. An array of 20 filters (in 4 x 5 matrix) were designed using RCWA
and filter spectra was optimized for 10-20 nm bandwidth The distance between the grating and slab waveguide
was optimized to achieve such bandwidth. Figure 2a shows the simulated spectra of all 20 filters and Fig. 2b
shows the full wave half maximum (FWHM) distribution of the 20 filters. In addition, Fig. 2c shows total E-field
quiver plot of one of the filters at the peak wavelength at 547 nm.
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Figure 3. (a) RGB image of filter array with annotated filter numbers and (b) SEM image of a section of one of
the filters.
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Figure 4. (a) Measured filter array spectra, (b) FWHM of each filter, and (c) relative throughput in each filter
comparison between simulated spectra and measured spectra.

Filter array fabrication and characterization. The array was fabricated as described in methods sec-
tion using Plasma Enhanced Chemical Vapor Deposition (PECVD), Evaporation and Focused Ion Beam (FIB)
technique. Figure 3 below shows RGB image of the filter array taken using optical microscope and SEM image
of a section of one of the filters.

The filters were then characterized using test setup shown in Fig. 6 in methods section, after replacing the
camera with spectrometer probe. Figure 4a below shows the characterized filter array spectra as measured by
the spectrometer and Fig. 4b shows corresponding FWHM of each filter. The measured filter spectra are very
similar to simulated results, except for FWHM at shorter wavelengths. The broadening of the transmission peak
can be attributed to more loss at shorter wavelengths compared to material properties used in the simulation
environment. Figure 4c shows relative throughput (area under the curve) through each filter compared between
simulation and measurement. As can be seen filter throughput between simulation and measurement is consist-
ent, which indicates that the filters at shorter wavelengths are broadened and hence look attenuated but the total
area under each curve shows consistent trend.

Spectroscopy and spectral reconstruction. A set of 6 colored glass filters were used as samples to char-
acterize the performance of the designed color filter array and reconstruction algorithm. The details of fabrica-
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Figure 5. Results of spectral reconstruction of 6 samples using snapshot images (shown in insets) through the
color filter array. Black curves show sample transmission (ground truth), blue curves show the signal extracted
from images, green curves show the signals after unmixing algorithm and red curves show the reconstructed

spectra.

tion, testing and algorithm is described in methods section. Figure 5 below shows the results of reconstruction
of transmission spectra of these samples based on the snapshot images taken with a monochromatic camera.
The second sample (BG20) was purposely chosen to test the limits of the system, since it has many sharp
transitions and narrow features. It is noted that except for sample 2, the RMSE is less than 0.054 for rest of the
samples. The performance degradation in sample two is expected and shows the limiting performance of the

spectroscopy system.
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Discussion
The use of the color filter array to detect power in each spectral band and reconstruction of original spectra
poses several challenges. Firstly, the spectrum of each filter has prolonged tail at the longer wavelengths and
Rayleigh anomaly peaks at the short wavelengths, which causes spectral mixing. For example, in Fig. 2a the first
filter can transmit light in the range of 425 nm to 450 nm as well as that beyond 600 nm. Hence any reading on
this color channel could be due to either of these spectral bands. Due to such mixing, as can be seen in Fig. 5,
the detected signal is quite different from the original sample spectra. Hence an unmixing algorithm was devel-
oped to band-wise unmix detected signals. Secondly, the reconstruction of original spectra (at 1 nm steps) from
under-sampled data (only 20 filters in entire visible range) can be framed in the linear algebraic terms as solv-
ing under-determined least square problem, which has infinite many solutions. Hence a unique regularization
method using difference operator was used for reconstructing smooth spectra from unmixed signals.
Although sample spectra could be recovered there are several sources of error that limits the performance,
some of which are:

1. There is inherent assumption in proposed algorithm that spectrum is constant within each band. This intro-
duces some error.

2. Some of the spectra, especially sample two BG20, contains very sharp features which has frequency com-
ponents higher than that Nyquist frequency and hence some of the information is aliased, which degrades
reconstruction accuracy in this filter.

3. The reconstruction is based on filter characterization and measurement errors in filter characterization
can result in reconstruction error. The filters were characterized by coupling imaged filter patterns onto an
optical probe of the spectrometer and hence variations in coupling efficiency could results in errors in filter
characterization, which leads to errors in reconstruction.

4. Lastly, there is inherent cross-talk between filters due to proximity and due to presence of contiguous slab
waveguide. The slab waveguide provides means for some of the rejected power from one filter to appear in
the other filters. However, this effect is partly captured during filter characterization and as long as filters are
characterized in-situ including such cross-talk, it doesn't affect the reconstruction. However due to cross-talk,
the characterized filter array spectra are expected to be different from simulation.

Methods

The filter array was designed in DiffractMod software from Synopsys which uses Rigorous Coupled Wave Analysis
(RCWA) technique. The periods of the filters were varied from 260 to 450 nm at 10 nm steps. The filters were
designed to be 25 um x 25 pm in size separated by 50 pm spacing forming 4 x 5 mosaic pattern. The design was
fabricated on 500 um thick Quartz substrate on which 90 nm of Silicon Nitride was deposited using Plasma
Enhanced Chemical Vapor Deposition (PECVD) followed by 60 nm of Silicon Dioxide using same PECVD tool.
Then 40 nm of Aluminum was deposited using evaporation. The filter array was then patterned using Focused
Ion Beam (FIB) milling using Gallium ions with 30 keV energy. The writing was performed at 30 pA write cur-
rent and with scan speed such that dose is 35 mC/cm?.

The samples (6 colored glass filter from Newportglass®®) were measured by passing white light through
the samples and the Plasmonic Filter Array and capturing snapshot images of the Filter Array using an objec-
tive lens. The Amscope HL250-AY was used as white light source. The gooseneck of the lamp was held on a
mounting fixture and the light was used to illuminate a variable aperture. The light from the aperture was then
collected using an aspherical achromatic collimating lens (APAC15) with effective focal length of 30 mm from
Newport Optics. The light was then passed through visible light filter (FESH750) with cutoft at 750 nm. Then a
wire grid polarizer (WP25M-VIS) was used to polarize the illumination. Then the samples were placed in the
light path with a mounting fixture. Then the glass slide with plasmonic filter array was mounted on X-Y stage
and placed in the optical axis. Then a MPlan 10 x objective was used to image the filter array from the other
side onto DMK21AU04 monochromatic camera. The background illumination was reduced by conducting the
experiment in a dark room and by properly shielding stay light. The camera was connected to a computer in
which automatic exposure time adjustment algorithm was run to keep the signals in images around 50% of the
camera’s dynamic range.

Figure 6 below shows the test setup used for sample measurement.

After sample images were taken, the filter array was characterized by replacing the camera with Ocean Optics
USB2000+ spectrometer and by removing the samples. The images of each filter were directly coupled into the
open end of the optical probe of the spectrometer by mounting the probe on a X/Y translation stage. The open
end of the probe was placed at the image plane.

The images were then postprocessed for background subtraction and segmentation. Then the detected signals
were calculated based on average of the pixel values within region of interest of each filter in each image. These
values represent blue curves with diamond markers in Fig. 5. Then the Algorithm 1 (described below) was used
to unmix various spectral regions.

For unmixing algorithm, we consider the signal acquisition in two steps. Firstly, the illumination passes
through an idealized set of filters (without much overlaps) and then secondly these signals are mixed at various
proportions to produce detected signals. Such operation can be represented by:

DN = MnxN X GNxn X (Sy @ I) (1)

Here S, is sample transmittance, I, is illumination, GNx, is idealized filter transmission matrix, My« is the
mixing matrix and Dy is the detected signal. Here x signifies matrix multiplication and e signifies element-wise
product. The mixing matrix M is then computed using following algorithm.
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Figure 6. Test setup for taking snapshot images of samples.

Algorithm 1. Algorithm for computing mixing matrix

Input: F (NXn matrix : actual filter transmission)
Initialize: W= 1 (NXn matrix : Hadamard identity matrix)
fori =1 - ndo

forj =1 - ndo

if j # ithen
Wi =W« (F, > F))
end if
end for
end for
M=WxFT

Then M is a N x N matrix representing mixing proportions from each filter to every other filter. This is an
invertible square matrix. This assumes that spectrum is constant across each band, which for a set of narrow
filters is a good approximation. Also, this implies the product M~! x F results in idealized filter transmission
matrix. Now unmixing can be performed using following operation.

Dy = My,y X Dx ()

where Dy is unmixed detected signals per color channel and + operation is regularized pseudo-inverse. A regu-
larized pseudo-inverse is used instead of matrix inversion to find a smooth low frequency signal and to discard
oscillatory and unrealistic solutions.

Now once the signals are unmixed, the reconstruction can be performed by solving least square problem using
similarly regularized pseudo-inverse. Firstly Gnxn, is computed as factor of the characterized filter transmission
matrix Fxx,, using following equation.

GNxn = MIJ\IFXN X FxNxn (3)
Now such idealized filter spectra can be used to reconstruct spectra from the unmixed signals as below.

+
_ Gan X DU

Ry = 4
n R 4)

Here again the inverse is regularized pseudo-inverse and R,; (= Gnxn X Dyi) is the first reconstructed spec-
trum without any samples. The regularized pseudo-inverse is computed using following equation:

A*:(ATxA—kG) x AT (5)

where k is the regularization parameter and G is second order difference operator given by:
1-21---000
G=1; o ©)
000 ... 1-=-21
The regularization parameter k determines the strength of smoothing by penalizing highly oscillatory solu-

tions. Choosing a k value equal to zero leads to the case of non-regularized pseudo-inverse or least square error
minimum norm solution, while choosing higher k value leads to smoother solution. The value of k was optimized
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with many iterations to seek for optimum solution. In inversion operation in Eq. (2), the k value was 100 and
that in Eq. (4) it was 1.

For computing transmission spectra, the reconstructed signal hence calculated, includes a signal without any
samples, which is considered as illumination signal and when divided by such signal, the sample transmittance
Sn can be recovered as Ry,. In Fig. 5, black curves are Sy, curves with blue markers are Dy, curves with green
markers are Dy and red curves are Ry,. The reconstructed spectra are very similar to the original sample spectra
and root mean squared error is less than 0.137 across all samples.

Data availability
The data collected from testing in this research study are available from the corresponding author on reasonable
request.
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